Humanities & Social Sciences

Communications

ARTICLE B creck o vesatn

https://doi.org/10.1057/s41599-025-05771-2 OPEN

Creating path breakthroughs with skill endowment
and complementarity: evidence from the regional
industrial evolution of China, 2000-2015

1,252

Xiaogi Zhou'?, Dieter Franz Kogler®, Junsong Wang?, Jing Chen'2®® & Rongjun Ao

This study explores how skill endowments and complementarity influence industrial devel-
opment trajectories, particularly those leading to path-breaking economic activities. By
drawing on the multidimensional cross-relatedness approach of evolutionary economic
geography (EEG), industry-occupation cross-relatedness networks were constructed for 264
Chinese prefecture-level cities on the basis of Chinese industry and occupation data, and
subsequently these were analysed to examine their interactions. Empirical evidence suggests
that regions are inclined to develop new industries closely associated with skill structure.
More importantly, regions with high-skilled labour agglomeration and high-low skilled labour
co-agglomeration have a stronger ability to develop new industries less related to their
existing industrial structures and achieve path breakthroughs. The effects of skill endowment
and complementarity vary across different regions and industries. Specifically, the impact of
high-low skilled labour agglomeration on industrial path breakthroughs is more pronounced in
eastern China. Moreover, in regions with greater economic complexity, industrial path
breakthroughs are more closely associated with skill complementarity. Labour-intensive
industrial diversification exhibits the strongest relationship with skill structure, whereas the
regional path dependence effect is more pronounced in areas with higher industrial
complexity.

TKey Laboratory for Geographical Process Analysis and Simulation of Hubei Province, Central China Normal University, Wuhan, China. 2 College of Urban and
Environmental Sciences, Central China Normal University, Wuhan, China. 3 Spatial Dynamics Lab, School of Architecture Planning and Environmental Policy,
University College Dublin, Dublin, Ireland. 4 School of Geographic Sciences, East China Normal University, Shanghai, China. ®email: jing.chen@ccnu.edu.
cn; aorongjun8600@163.com

HUMANITIES AND SOCIAL SCIENCES COMMUNICATIONS | (2025)12:1414 | https://doi.org/10.1057/s41599-025-05771-2 1


http://crossmark.crossref.org/dialog/?doi=10.1057/s41599-025-05771-2&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1057/s41599-025-05771-2&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1057/s41599-025-05771-2&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1057/s41599-025-05771-2&domain=pdf
mailto:jing.chen@ccnu.edu.cn
mailto:jing.chen@ccnu.edu.cn
mailto:aorongjun8600@163.com

ARTICLE

Introduction

he concept of relatedness has been widely used by evolu-

tionary economic geographers to explain a variety of

regional economic dynamics (Kogler et al. 2023a; Whittle
and Kogler, 2020). Regional economic development is thus con-
ceptualized as a metabolic process and characterized by the
continuous emergence of new economic activities and the decline
of older ones (Martin and Sunley, 2022; Xu et al. 2025). As far as
regional evolution is concerned, current studies on economic
structure mainly focus on the industry itself and propose different
forms of evolutionary paths like path dependence and break-
throughs in the formation of new industries by industrial relat-
edness (Balland et al. 2019; Frenken and Boschma, 2007).

Recent research has indicated that human capital has turned
into a major driver of urban growth (Duranton and Puga, 2023).
Based on the Marshall labour pool hypothesis, the entry of new
industries is strongly linked to labours’ skill structure. However,
some scholars have pointed out that existing studies lack suffi-
cient attention to occupations or skill structures (Sunley et al.
2020). In addition, the spatial layout of the original global value
chain and production network has been affected in the context of
the current technological progress gradually replacing manual
labour and the deepening international division of labour.
Therefore, the regional industrial structure cannot fully describe
its development foundation and capabilities (Feser, 2003;
Thompson and Thompson, 1987). As such, focusing only on
industries can lead to a biased understanding of regional devel-
opment (Barbour and Markusen, 2007; Nolan et al. 2011).

In general, skills are closely related to human capital (Lise and
Postel-Vinay, 2020). In empirical studies, skills are usually
defined as the ability to perform a certain job (Florida et al. 2012)
or have a high educational attainment. However, recent research
shows that educational attainment does not fully reflect skill levels
(Deegan et al. 2024). Occupations, as the types of tasks and
responsibilities undertaken by workers in the production process,
are increasingly being used to measure skills (Santoalha et al.
2021). Evolutionary economic geographers take occupations as a
window into skill endowments and begin to explore occupational
relatedness based on industrial relatedness (Elekes et al. 2023;
Hane-Weijman et al. 2022), which better captures the relatedness
of economic activities in terms of labour skills. Occupational
relatedness involves the relatedness of different economic activ-
ities in terms of labour skill demand, which can accurately
describe the relatedness degree of industrial activities based on
labour skill. Existing studies on occupational relatedness have
neither effectively separated the impact of labour skill from
industrial relatedness nor considered the heterogeneity of
labour skill.

Furthermore, emerging research on multidimensional cross-
relatedness provides new ideas for understanding the impact of
labour skill structure on industrial evolution. The study of
relatedness in early evolutionary economic geography (EEG)
focused on a single factor and lacked attention to the cross-
relatedness between different elements (Cataldn et al. 2022).
Given that measures such as technological relatedness are
aggregate and rely on ex post co-occurrence data, they cannot
fully assess the impact of labour skill elements on regional
industrial evolution. Chen et al. (2025), for instance, attempt to
construct an industry-occupation cross-space to highlight the
critical role of skill structures in shaping regional industrial
dynamics. They find that Beijing not only has an advantageous
industrial portfolio for biopharmaceutical development but also a
matching occupational structure, while Dalian, despite lacking
relevant industries, possesses sufficient occupational capabilities
to support potential breakthroughs in that field. These cases
suggest that regional industrial upgrading depends not only on
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existing industrial bases but also heavily on the configuration of
skill endowments. Building on this foundation, this study
advances the discussion by focusing on skill endowment and
complementarity mechanisms, thereby providing a more nuanced
understanding of how skill configurations contribute to regional
industrial path breakthroughs.

By taking this approach, this article contributes to the literature
in the following aspects. First, the environment in which evolu-
tionary economic geographers explore various changes in the
economic landscape has entered a state of “new normal” or
“polyresins” (Kogler et al. 2023a). In the context of “new reali-
ties”, a tension remains between transformation and “lock-in”.
Existing studies have examined the relationship between skill
structures and industrial activities (Buyukyazici et al. 2024; Galetti
et al. 2021), and have verified the skill-path dependency of
industrial development (Chen et al. 2024; Zhou et al. 2025).
However, the measurement of human capital in these studies has
largely remained at the level of educational attainment (Zhu
et al. 2017), and has not revealed the internal role of skill
structures and their relationships in driving path break-
throughs. In this article, it was hypothesized that regions with
high-skilled labour agglomeration and high-low skilled labour
co-agglomeration are more capable of achieving industrial path
breakthroughs.

Second, this article contributes to the literature on the impact
of heterogeneous labour mobility on industrial structure
upgrading by analysing the potential impact of skill endowment
and complementary on regional industrial path breakthroughs.
This is crucial because the positive effect of the increase of high-
skilled labour on the upgrading of industrial structure has
received more attention. In recent years, many cities in China
have introduced various policies for attracting high-skilled labour.
These high-skill-biased policies have led to increasing con-
centrations of high-skilled workers in large cities, while restricting
the inflow of medium- and low-skilled labour, especially low-
skilled workers (Gu et al. 2021). Whether large cities can absorb
more low-skilled labour while attracting high-skilled workers
remains an open question. Based on the data of Chinese indus-
tries and occupations from 2000 to 2015, therefore, an industry-
occupation cross-relatedness network was constructed and
incorporated into the industrial evolution mechanism as an
influencing factor along with the spatial agglomeration of the
heterogeneous labour force. Notably, since medium-skilled labour
is often at risk of being replaced or faces “skill polarization”
(Autor et al. 2006; Henning and Eriksson, 2021), this paper
focuses on the two ends of the skill distribution—high-skilled and
low-skilled workers. Focusing on these groups allows us to isolate
how skill complementarity drives path-breaking industrial
trajectories.

The results of this study indicate that an increase in the level
of high-skilled labour agglomeration or high-low skilled labour
co-agglomeration in a region will raise the likelihood of
developing new industries less related to their existing indus-
trial structures. It is applicable to different industries and
regions, although the degree of impact is different. More spe-
cifically, the skill structure in eastern China has the most pro-
minent impact on industrial path breakthroughs. More skill
complementary effects will be needed by industrial path
breakthroughs when the economic complexity of a city is
higher. Meanwhile, industrial diversification in labour-intensive
cities has the greatest correlation with skill structure. The path
breakthroughs of capital-intensive industries are more related
to high-skilled labour, and those of technology-intensive
industries are more dependent on the skill complementary
effect. In addition, the lower the industrial complexity is, the
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more it will be necessary to introduce highly skilled labour to
achieve path breakthroughs.

The remainder of this study was organized as follows. In the
second section, relevant literature was reviewed, and research
hypotheses were developed. In the third section, data and
methods were introduced. In the fourth section, descriptive
analyses and empirical results were presented. In the final section,
the results were concluded and discussed in detail, and possible
research directions were provided.

Literature review and research hypotheses

Relatedness, cross-relatedness and regional diversification.
Industrial relatedness is extensively used by evolutionary eco-
nomic geographers to explain regional industrial dynamics
(Boschma, 2017; Pylak and Kogler, 2021). Firms as specific
regional actors are employed to answer how industrial relatedness
drives regional diversification (Hervas-Oliver et al. 2024; Kogler
et al. 2023b). Regional branching literature has focused on the
micro mechanism of industrial relatedness from the angle of firm
heterogeneity (Neftke et al. 2018; Neftke and Henning, 2013;
Tanner, 2014). For one thing, firms generally choose to integrate
multiple resources such as technology, institutions and knowledge
to reduce risks and save costs and engage in industrial activities
related to existing economic activities (Neftke et al. 2011; Teece,
1980). For another, a cognitive basis exists between enterprises
with moderate cognitive distance, which can effectively promote
knowledge spillover. If the cognitive distance is too close or far, it
is hard to recombine existing technologies and knowledge, which
thus hinders the generation of new knowledge (Nooteboom et al.
2007). Moreover, firm spin-offs have been observed to be a direct
source of regionally unrelated diversification (Klepper and
Sleeper, 2005), especially in the development of emerging
industries, where they may be the main mechanism for regional
branching under certain circumstances.

Unlike the micro mechanism of industrial relatedness,
occupational relatedness holds that both matching and learning
theories emphasize individuals rather than firms. Knowledge and
information are thought not to spill over between firms, but
between employees, who then transfer knowledge to firms (Wixe
and Andersson, 2017). On the one hand, human capital mainly
refers to knowledge, skills and labour ability concentrated in
individual workers, and the main ways to improve human capital
are health care, on-the-job training, formal education, etc.
(Schultz, 1961). To avoid the waste of human capital and save
the opportunity cost of finding new jobs, the individual labour
force tends to participate in economic activities requiring similar
skills as existing ones, which thus matches individual labour skills
with the production activities of firms (Penrose, 2009). On the
other hand, cognitive proximity provides theoretical support for
individual-scale organizational learning as well. Labour indivi-
duals with moderate cognitive distance have similar, comple-
mentary and shared human capital capabilities (Chen et al. 2024;
Frenken et al. 2007). Through channels like collaboration and
labour mobility, organizational learning is promoted, and
knowledge spillover is generated, which in turn affects the
evolution of skill structure and regional economic development
(Mawdsley and Somaya, 2016). If the cognitive distance between
labour individuals is too far or close, it is not easy to produce
knowledge spillover. It should be added that knowledge spillover
at the individual level does not necessarily contribute to firm
development since the micro-subject of skill relatedness is the
individual labour force. Only when new knowledge is applied to
the production activities of firms can it be reflected in the
economic performance of firms (Cappelli et al. 2019). In addition,
spin-offs are another direct source of skill relatedness that drives

regional branching. Spin-offs occur when employees leave the
workplace to establish new firms based on the skills they acquired
at the parent firm (Tanner, 2014).

Essentially, emerging multidimensional cross-relatedness
represents a specific application of multi-layer complex networks
within the field of network science. With the advancement of
network science, traditional single-layer complex networks still
exhibit inevitable limitations, as they encompass only one type of
object and connection and overlook the heterogeneity inherent
in complex systems. This limitation has prevented single-layer
complex networks from being widely applied in real-world
complex systems. In recent years, building on the foundational
theory of single-layer networks, researchers have extensively
explored multi-layer networks that incorporate both inter-layer
and intra-layer interactions (Artime et al. 2024). Some scholars
have examined the impact of scientific research and industrial
activities on the evolution of regional patent technologies
(Cataldn et al. 2022; Balland and Boschma, 2022), while others,
based on the concept of cross-relatedness, have investigated the
internal interactions among various components of patent
technologies (Qin et al. 2024; Chun and Hwang, 2025).

At the same time, cross-relatedness also offers new perspectives
for understanding the co-evolution of regional industrial and
occupational structures. Industrial relatedness generally refers to
the connections between different products or industries, without
tracing the source of such relatedness. Occupational relatedness,
by contrast, emphasizes the relatedness at the level of individual
labour skills. Chen et al. (2025) attempted to construct an
industry-occupation cross-relatedness space to decompose the
source of industrial relatedness into occupational skill-level
origins, and to determine whether regional industrial evolution
paths are based on skill-based path dependence or leapfrogging
path breakthroughs through industry-occupation connections.
Building on this, the bidirectional interaction between industries
and occupations has attracted increasing attention. For instance,
Deegan et al. (2024) used micro-level individual data to directly
measure the interaction between industries and occupations,
finding that industrial composition may influence occupational
evolution and vice versa. Zhou et al. (2025) and Shutters (2024)
further emphasized that industries and occupations represent
different manifestations of economic activity and distinguished
between self-relatedness (i.e., industrial or occupational relat-
edness) and cross-relatedness between industries and
occupations.

Skill structure and industrial path dynamics. Unlike the micro-
foundations underlying industry or occupation relatedness,
industry-occupation cross-relatedness is essentially the local
interaction between individual workers and firms’ industrial
activities. Firms and labour individuals serve as the micro-agents
of this interaction, which is reflected in the skill matching effect
between workers and firm production activities. Based on this, we
propose a conceptual framework to depict the relationships
among occupation-industry ~cross-relatedness, heterogeneous
labour force spatial agglomeration and industrial evolution (Fig.
1). According to the theory of spatial self-selection in labour
economics (Guasch and Weiss, 1981), labour individuals nor-
mally choose firms matching their skills for work, and firms are
likely to choose labour meeting the skills needs of their jobs
(Behrens et al. 2014; Venables, 2011). Firms, a micro-agent of
industrial evolution, tend to choose labour matching the skills
required for their production activities, and labour per se is
inclined to choose work matching its skills to avoid wasting
human capital. From the angle of collective learning, the
recombination of labour and industrial knowledge may result in
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Fig. 1 Conceptual framework. This figure illustrates the conceptual
framework used in the study, highlighting the relation between occupation-
industry cross-relatedness, heterogeneous labour force spatial
agglomeration and industrial evolution. It emphasizes the impact of high-
skilled labour agglomeration and the co-agglomeration of high-low skilled
labour on occupation-industry cross-relatedness, which in turn influence
industrial evolution.

knowledge spillover, which thereby increases productivity
(Laursen et al. 2020).

In evolutionary economic geography, the diversity of regional
capabilities has long been seen as a key factor influencing path
development and transformation. The notion of related variety
promotes incremental innovation through shared cognitive
structures, while unrelated variety facilitates radical innovation
by enabling novel combinations across distant knowledge bases
(Frenken et al. 2007; Boschma, 2017). Building on this, emerging
literature emphasizes cross-dimensional relatedness—such as
industry-occupation or science-technology linkages—as crucial
mechanisms of regional renewal (Balland and Boschma, 2022;
Catalan et al. 2022). By adopting this cross-relatedness perspec-
tive, our study connects local skill structures to industrial path
creation, offering a nuanced understanding of regional diversi-
fication. Thus, the following hypothesis was proposed:

Hypothesis 1: Regions are likely to develop new industries
closely related to local skill structures.

Proponents of development economics argue that labour as a
key input factor exerts a huge impact on industrial structure
transformation and upgrading (Teixeira and Queirds, 2016). The
impact of high-skilled labour on industrial structure upgrading
primarily promotes production efficiency by improving skill
levels and thus becomes the basis for supporting industrial
innovation-driven development (Goos et al. 2014). Especially
when labour skills and regional industries are reasonably
allocated, the effect of promoting industrial structure upgrading
will be significantly enhanced (Acemoglu and Autor, 2011).
Studies have shown that the agglomeration of high-skilled labour
not only facilitates the transformation and upgrading of existing
industries but also equips regions with greater adaptability and
absorptive capacity for new knowledge (Reiman et al. 2023),
thereby increasing their potential to develop emerging industries.
In fact, industrial evolution involves both path-dependent
upgrading and breakthroughs, as well as diversification beyond
existing trajectories (Neffke et al. 2011; Wu et al. 2023). High-
skilled labour, with its capacity for cross-domain collaboration
and technological transfer (Kapur, 2001; Kofler et al. 2020), plays
a crucial role in driving path breakthroughs (Zhu et al. 2017).

In parallel, the creative class literature in urban geography has
highlighted the crucial role of high-skilled, knowledge-intensive
labour in shaping urban innovation and economic upgrading
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(Florida, 2003; Shutters et al. 2016). Creative workers contribute
to regional growth not only through their technical expertise but
also by fostering institutional openness, cultural vibrancy, and
collaborative learning environments (Sunley et al. 2020). These
urban conditions enhance a region’s ability to attract diverse
talent and recombine knowledge, thereby increasing its potential
for industrial transformation. This perspective complements the
evolutionary economic geography framework by emphasizing the
agency of high-skilled individuals in enabling regional diversifica-
tion and innovation. Therefore, the following hypothesis was
proposed:

Hypothesis 2: Regions with high-skilled labour agglomeration
are more capable of developing new industries less related to their
existing industrial structures.

Based on the spatial self-selection theory of heterogeneous
labour location selection, the influx of labour in large cities is the
result of “self-selection”. The purpose of labour migration
between cities is to maximize utility (Glaeser and Resseger,
2010; Roback, 1982). That is, assuming that labour can move
freely between cities, high-skilled labour will choose labour
markets with high-skilled returns and high inequality, while low-
skilled labour will select labour markets with low-skilled returns
and low inequality. Meanwhile, large cities also have selection
effects on labour, and a certain degree of classification effect is
formed by screening out low-skilled labour.

However, will a city be better when the proportion of high-
skilled labour in the city is higher and the proportion of low-
skilled labour is lower? Many scholars have given a negative
answer. They point out the complementarity between high- and
low-skilled labour, with their co-agglomeration contributing to
the overall increase in urban productivity (Moretti, 2010;
Eeckhout et al. 2014). On one hand, low-skilled labour can
improve their skills through the knowledge spillovers from high-
skilled labour (Carlsen et al. 2016; Glaeser, 1999); on the other
hand, the productivity of high-skilled labour is also dependent on
the collaborative division of low-skilled support roles, such as in
basic services (Goos and Manning, 2007). More importantly, the
complementarity of skills not only enhances the internal
production efficiency of a region but also lays the foundation
for industrial path breakthroughs. In the development of complex
industries and emerging technologies, overcoming path depen-
dency often requires the reorganization of cross-disciplinary
knowledge and the collaboration of diverse skills (Frenken et al.
2007; Chen and Wu, 2025). This process depends not only on the
creative capabilities of high-skilled labour but also on the
coordination of basic roles in institutional support and produc-
tion services (Moretti, 2010; Eeckhout et al. 2014). Therefore, skill
complementarity may not only function as an “efficiency tool”
but could also act as an enabling mechanism that potentially
increases the likelihood of path breakthroughs. Ideas developed in
this part lead to the following hypothesis:

Hypothesis 3: Regions with high-low skilled labour co-
agglomeration are more capable of developing new industries
less related to their existing industrial structures.

The demand for labour varies from industry to industry.
Labour-intensive industries are more concerned about labour
costs and tend to search for cheap labour to reduce production
costs, while technology- and capital-intensive industries attach
more importance to human capital. In the meantime, industry
types are further differentiated in space. With the transfer and
upgrading of industries across regions, the industrial structure in
eastern China has been upgraded from low- and middle-end
manufacturing to high-end manufacturing and service industries,
which further strengthens the demand for high-skilled labour.
Industries in central and western China gradually undertake the
transferred industries in eastern China to complete the
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upgrading, and the demand for the labour force with different
skill levels is more urgent. In addition, the emerging economic
and industrial complexity of EEG is more advantageous
compared with that of the traditional static regional division
based on location factors and industrial categories considering
heterogeneity. The indicators of industrial and economic
complexity change dynamically over time, which can precisely
reflect the dynamic differences in the capacity of different regions
and industries (Hidalgo and Hausmann, 2009; Li et al. 2024) to
analyse the root causes of differences in economic performance.
Differences in production capacity in different regions cause
differences in regional economic output. To better capture the
spatial and sectoral variation in industrial evolution, we conduct
heterogeneity analyses based on two dimensions: (1) the eastern-
central-western division, which reflects distinct regional develop-
ment trajectories and labour market conditions (Cai et al. 2002;
Dai et al. 2022); and (2) industry types categorized by factor
intensity, which capture differing skill demands (Han et al. 2022).
These dimensions are closely related to the mechanisms of skill
endowment and complementarity at the core of our study.
Therefore, the following hypothesis was proposed:

Hypothesis 4: The impact of labour skill structure on regional
industrial evolution has the heterogeneity of industry and region.

Data and methods

Data sources. This study relied on three types of data for analysis.
To begin with, export products were used to calculate industry
comparative advantages and cross-relatedness, and corresponding
data were derived from the Chinese Customs Trade Statistics
(CCTS) in 2000, 2005, 2010 and 2015. This dataset is widely used
in the research on industrial relatedness in China (Guo and He,
2017; Li et al. 2024). The data preprocessing process is as follows.
Firstly, the six-digit product codes of different versions were
unified into the 2007 version of the code. Secondly, the unified
six-digit product codes were manually matched with the four-
digit industry codes of the National Economic Industrial Classi-
fication (GB/T 4754-2017). Thirdly, trade firms not engaged in
actual production activities were excluded since not all industries
export products (Boschma et al. 2013). Finally, the total export
value of prefecture-level cities was added, and the processed data
contained 601 industrial sub-categories.

Then, occupations were used to indicate the superiority of skill
structure over education level (Florida et al. 2012; Sunley et al.
2020). Occupational data were adopted to calculate cross-
relatedness and the agglomeration level of skill labour in this
study. Corresponding data were obtained from the 2000 Chinese
Census, the 2005 Population Sampling Survey, the 2010 Chinese
Census and the 2015 Population Sampling Survey. These two
datasets have seen wide applications in the study of the evolution
of skill structure in China (Shen and Liu, 2016). The data
preprocessing process is as follows. The classification standards
adopted in the Chinese Census and Population Sampling Survey
are basically in line with the International Standard Classification
of Occupations (ISCO-08). First, the national standards for
occupational classification used in two datasets, including GB/
T6565-1999 (for the 2000 Chinese Census) and GB/T6565-2015
(for the 2015 Population Sampling Survey), were used following
the research of Zhou et al. (2023). Additionally, the data of sub-
major and secondary groups were manually matched according to
occupational codes to form 13 occupational categories and 63
occupational subcategories. Second, the occupational data were
aggregated to prefecture-level cities; occupational data of
prefecture-level cities were matched with industrial data; the
occupational and industrial data of 264 prefecture-level cities and
601 industrial sub-categories were obtained. Third, the

occupations were grouped into three skill levels—high, medium,
and low—based on the widely recognized and established task-
based classification approach in labour economics (Autor et al.
2006; Acemoglu and Autor, 2011). This widely adopted frame-
work categorizes occupations according to the type of tasks they
primarily involve: abstract tasks (typically requiring analytical or
cognitive problem-solving) are associated with high-skilled
occupations; routine tasks (which follow set procedures and are
susceptible to automation) correspond to medium-skilled occu-
pations; and manual tasks (involving physical activity and
relatively limited cognitive demand) are linked to low-skilled
occupations. Building on this well-established framework and
following Zhou et al. (2023), occupational subgroups were
reassigned into skill levels according to their dominant task
content and skill requirements. The assignment of major
occupational categories to the three skill levels is summarized
in Supplementary Table Al.

In addition to occupational and industrial data, some other
socioeconomic variable data were derived from statistical year-
books, including the China Urban Statistical Yearbook, the China
Regional Economic Statistical Yearbook, and provincial and
municipal statistical yearbooks.

Measuring relatedness, cross-relatedness and complexity. The
measure of industrial relatedness has been widely used in the
literature on regional economic structure. First, the location
quotient of industry i in region c¢ at time f is calculated by the
share of the number of industrial products in region c¢ at time ¢
divided by the proportion of the number of national products in
the industry in the total number of national products:

Expi,c,t/ziExpi,c,t

RCA; , = 1
Lok ZCEXPi,C,t/Zc‘iExpi,c,t ( )

1, RCA; ;21 2

Xict = 0, RCA; <1 ¥

As suggested by Hidalgo et al. (2007), a region has a
comparative advantage in an industry if its location quotient is
above 1. Then, x; ., is assigned 1 and otherwise 0. On this basis, a
city-industry binary matrix M,; is established according to the
comparative advantage. The region used for analysis here refers to
one of the 264 prefecture-level cities.

Second, industrial proximity is measured by the minimum co-
occurrence probability method (Hidalgo et al. 2007). This index
computes the conditional probability that a region has a
comparative advantage in industries i and j, and takes the
minimum value. The specific calculation formula is:

Pijt = min{P<xi,t|xj4t)’P(xj4t|xi4t)} (3)

The larger the value is, the closer the two industries will be. The
value ranges between 0 and 1, and trending towards 1 indicates
that the higher the proximity of the two industries is, the higher
the similarity will be, and vice versa.

Third, relatedness density is an established measure of the
relationship between economic activities and regional portfolios
(Hidalgo, 2021). If an industry has high relatedness density, more
industries with comparative advantages are around the industry.
The specific calculation formula is:

Ej(pi,j‘txﬂqt
i
In addition to relatedness, two steps are taken to measure

occupation-industry cross-relatedness density. This study fol-
lowed Pugliese et al. (2019), Catalan et al. (2022), and Castaldi

Densityhc’t = (4)
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and Drivas (2023), and considered industry-occupation cross-
relatedness between industry i and occupation m if they both
have comparative advantages in the same region'.

First, occupation-industry proximity is calculated. Below is the
specific formula:

§0§m7t = min{P (xi.t|xm,t)vp(xm,t|xi,t>} (5)

The value range is between 0 and 1, and trending towards 1
indicates that the higher the proximity of industry i and
occupation m is, the higher the similarity will be, and vice versa.

Second, occupation-industry cross-relatedness density is cal-
culated. Similar to industrial relatedness and occupational
relatedness density, the cross-relatedness density here is the
degree of relatedness between industry and occupation with a
comparative advantage. The specific formula is as follows:

X
ngbi,m,txm#cﬁt
X
Zj¢tﬂm¢

CrossDensity; ., corresponds to the occupation-industry cross-
relatedness of a potential new industry i in relation to the
occupational structure of region ¢ at time t. The value ranges from
0 to 1, and being closer to 1 indicates a high degree of relatedness
between industry i and occupational skill structure in region c.

In this study, economic and industrial complexity were used to
analyse heterogeneity. This paper drew on the method of
reflection proposed by Hidalgo and Hausmann (2009). According
to the city-industry comparative advantage matrix M, con-
structed by Egs. (1) and (2), the complexity is calculated by
iteratively calculating the average value of the attributes of node
neighbours at the upper level. This approach is well-recognized in
the literature and has been widely used in recent studies (Balland
et al. 2019; Hane-Weijman et al. 2022; Li and Rigby, 2023; Qiao
et al. 2024). Meanwhile, comparative work also shows that the
principal complexity indices—ECI, ECI4, and Fitness—are
highly correlated (Cristelli et al., 2013; Fritz & Manduca, 2021).
As such, economic and industrial complexity are calculated as
follows:

(6)

CrossDensity; ., =

1
ECI, = - X MICI,

c 1
| 7)
ICI, = - MyECI,

i 1
kc = ZMCi

8
ki=>XM,; ®
c
where k. represents the export diversity of the city; k; stands for
industry ubiquity; ECI. denotes the economic complexity of the
city ¢; ICI; refers to the complexity of industry i.

Measuring labour agglomeration levels. The main variables of
interest in this study also included labour agglomeration and co-
agglomeration levels. In this study, measurements were con-
ducted from the perspective of skilled labour. This study built on
the work of industrial agglomeration by Ellison et al. (2010), and
attempted to use the relative difference of the agglomeration
index to construct a measure of agglomeration of high- and low-
skilled labour.

First, the agglomeration levels of the two are considered by the
location entropy index. The specific calculation formulas are as
follows:

ir?:ll Tm‘c/zm Tm,c
H= =53 ©)
m:llzc Tm,c/zmzc Tm.c

4
L= m=1 Tm,c/zm Tmﬁc
an:IZch,c/ZchTm,c

where H and L represent the agglomeration level of high- and
low-skilled labour, respectively; m stands for 13 categories of
skilled labour (m=1, 2, 3... 13, according to the previous
division; 1-4 and 11-13 categories are low- and high-skilled
labour, respectively); T,,. denotes the corresponding total
number of occupations m in region c. The larger the index is,
the higher the agglomeration level of high- or low-skilled labour
relative to the whole country will be, and the more concentrated
the geospatial distribution will be.

Second, the agglomeration index difference is used to construct
the index of high-low skilled labour co-agglomeration:

CoHL=1—|H—L|/[H+L|+|H-L| (11)
The higher the value of this index is, the higher the level of

high-low skilled labour co-agglomeration will be, and the higher
the degree of skill complementarity of the labour force will be.

(10)

Econometric model. According to Balland et al. (2019), Castaldi
and Drivas (2023), and Cataldn et al. (2022), the econometric
model in this study is considered as follows:

Xict = % + X cp 1 + 0c2CrossDensztyirc_’tf1

e 12)
+ 0X + (pc + (Pi + §0t + ec,i,t—l

where i represents industry category; t stands for time; -1 is the
previous period time; x;.; denotes whether the city industry
category has a comparative advantage at time . According to the
way of model setting by Boschma (2017) and Zhu et al. (2017),
Xicr—1 is added. CrossDensity; ., denotes occupation-industry
cross-relatedness density and X is a set of control variables. In
addition, ¢; refers to industry fixed effects; ¢, means city fixed
effects; ¢, means time fixed effects; ¢; ., ; is regression residuals.

This paper introduced the interaction term variables of
heterogeneous labour skill structure variables (skilled labour
agglomeration and high-low skilled labour co-agglomeration) and
industry-occupation cross-relatedness density. This approach
follows Boschma and Capone (2015) and Zhu et al. (2017). It
also enables us to test how skill endowment and complementarity
drive path-breaking industrial evolution; accordingly, we specify
the following model:

Xigp =0+ ax ., g+ oc2CrossDensityi,cﬁt_1
+ ﬂch¢t71 + [32C0_HLCJ71
+ yl(HE_’tf1 X CrossDensityi"C‘t_l)
+9,(Co_HL,, | x CrossDensity; .,_,)
+0X+ o .+t o +e

(13)

where CrossDensity; ., 1 represents industry-occupation cross-
relatedness density; H,, ; stand for the agglomeration level of
high-skilled labour; Co_HL., ; denotes the co-agglomeration
level of high-low skilled labour; X, ¢, ¢, ¢; and ¢,;,_; have the
same meaning as that of the previous model.

Six variables were selected as control variables. (1) Five
regional-level variables. The population controls the city size.
The total gross domestic product (GDP) controls the level of
urban economic development. The degree of foreign-trade
dependence, measured as the ratio of total imports and exports
to GDP, characterizes the regional globalization index. The
marketization index, also known as the National Economic
Research Institute (NERI) index, reflects the degree of market-
oriented economic transformation across China and is used to

| (2025)12:1414 | https://doi.org /10.1057/541599-025-05771-2



ARTICLE

Table 1 Descriptive statistics.

Variables Observation Mean Std. Dev. Min Max

Xict 475992 0.277 0.447 0.000 1.000
Xict1 475992 0.242 0.428 0.000 1.000
CrossDensity; -1 475992 0.337 0.179 0.000 0.907
He—1 475992 0.982 0.484 0.209 4172
Co_HL.; 4 475992 1.257 0.261 0.948 3.863
Population 475992 425.038 300.581 27.630 3303.450
GDP 475992 8.867e + 06 1.433e + 07 270594 1.717e + 08
FTD 475992 0.909 5.540 0.001 143.027
Marketization 475992 6.662 2.603 1.217 13.420
Industry stock 475992 145.408 75.629 3.000 394.000
Industry size 475992 3.185e + 10 7.235e +10 41430 7.275e +1

a. 2000

Number of edges: 834
Number of nodes: 191
Average degree: 8.733

Legend © Industry @ Occupation

b. 2015

%

d

Number of edges: 2,376
Number of nodes: 352
Average degree: 13.5

Fig. 2 Industry-occupation cross-space. This figure presents the changes in the industry-occupation cross-space from 2000 to 2015. The red nodes
represent industries, and the green nodes represent occupations. This figure highlights the increased complexity and interconnections between industries

and occupations over the 15-year period.

examine institutional environment differences (Fan et al. 2019).
In this study, the marketization index was calculated at the
municipal level. Additionally, industry stock (the total number of
specialized industries in a region) is included as a control variable.
(2) At the industry level, industry size (the total number of
regions specializing in industry i) is included. All control variables
were taken as their natural logarithms.

Concerning the large number of fixed effects in the model, a
linear probability model (LPM) was selected for a regression
analysis (Boschma et al. 2013; Castaldi and Drivas, 2023).
Descriptive statistics are illustrated in Table 1. The correlation
matrices for the variables are summarized in Supplementary
Table A2 online. No obvious sign of multicollinearity can be
found, as all of the independent variables have a variance inflation
factor (VIF) value of below 4.5.

Results

Descriptive results. The evolution of the industry-occupation
cross-space in China from 2000 to 2015 is shown in Fig. 2. To
make the visualization of the cross-space clearer, only edges with

weights greater than 0.45 were included. Node size represents the
specialization degree of the industry or occupation. By comparing
the two subgraphs of Fig. 2, it can be seen that the number of
nodes and edges all exhibited a significant increase. This indicates
that the relatedness of industries and occupations in China
became closer during the study period.

The spatial distribution of the agglomeration level of high-
skilled labour is presented in Fig. 3. According to the algorithm,
the larger index indicates the higher agglomeration level of high-
skilled labour in the city and the more concentrated geospatial
distribution. As can be seen, the index presents an overall
downward trend, which indicates that more cities are attractive to
high-skilled labour nationwide. High-skilled labour force is
mainly distributed in the eastern cities and provincial capitals,
probably because these cities have high industrial complexity and
more developed economies. The spatial distribution of high-low
skilled labour co-agglomeration is demonstrated in Fig. 4. During
the study period, the co-agglomeration levels in various cities in
China changed greatly. According to the algorithm, the skill
complementarity degree of the labour force will be higher when
the index is larger. Except for less economically developed cities
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a.2000

Legend
—— Borderline
— Coastline
V7] No data
High skilled labor co-agglomeration
0.317-0.680
0.680-0.940
I 0.940-1.287
B 1.287-1.834

B 1834-3482 ) 370 740

b.2015

Legend

= Borderline

— Coastline

771 No data

High skilled labor co-agglomeration
0.341-0.637
0.637-0.835

I 0.835-1.080

B 1.080-1.481

I 1.481-2.579 0

370 740

Fig. 3 The spatial distributions of high-skilled labour agglomeration. This figure illustrates the spatial distributions of high-skilled labour agglomeration
across various regions. The figure emphasizes more cities have become attractive to high-skilled labour, with the eastern coastal areas showing a distinct

agglomeration advantage for high-skilled labour.

a. 2000

Legend
— Borderline
— Coastline
/] No data
High-low skilled labor co-agglomeration
0.948-1.134
1.134-1.266
I 1.266-1.522
Bl 1.522-2.086
Il 2086-3.286

KI
370 740 1,480

b. 2015

Legend

— Borderline

—— Coastline

74 No data

High-low skilled labor co-agglomeration
1.001-1.116
1.116-1.232

I 1.232-1.424

B 1.424-1.704

Il 1.704-2.263 0

370 740

Fig. 4 The spatial distributions of high-low skilled labour co-agglomeration. This figure illustrates the spatial distributions of high-low skilled labour co-
agglomeration across various regions. This figure illustrates the spatial dispersion of skill complementarity levels, indicating that there is no significant

agglomeration advantage in the eastern coastal regions.

such as Beijing and Shanghai, other cities with high-skilled labour
force do not have high skill complementarity effect. Namely, the
concentration of high-skilled labour force and the level of skill
complementarity effect do not match in space.

Regression analysis. The baseline regression results are shown in
Table 2. In Models 1-5, the industrial comparative advantage
index and cross-relatedness density in the previous stage were
both significant and positive, which revealed a significant path-
dependent effect in the development of city industries in China.
This is consistent with existing research results (Guo and He,
2017; He et al. 2018; Chen et al. 2025). In addition, regional
industrial diversification is related to the skill structure of the
local labour force, which verifies Hypothesis 1. In Models 4 and 5,
the coefficients on both high-skilled labour agglomeration and
high-low skill co-agglomeration are significantly positive, con-
firming that richer skill endowments and stronger skill com-
plementarity each foster industrial development. Model 6
introduces their interaction with cross-relatedness density. The
interaction coefficients are significantly negative, indicating a
substitutive relationship: the positive effect of skill agglomeration
is strongest where the new industry shares fewer capabilities with

8

the region’s incumbent industries. In other words, abundant and
complementary skills compensate for limited relatedness,
enabling the emergence of industries that break away from the
existing industrial path. This pattern substantiates Hypotheses 2
and 3 by demonstrating that skill endowment and skill com-
plementarity facilitate path-breaking industrial trajectories pre-
cisely when the relatedness foundation is weak.

Heterogeneity analysis. A hetero%eneity analysis was conducted
from regional and industrial levels, and the results are illustrated
in Tables 3 and 4. These two dimensions of heterogeneity are
closely aligned with the theoretical framework of the study. The
eastern-central-western division captures spatial variation in
development stages, institutional contexts, and labour market
configurations (Cai et al. 2002; Dai et al. 2022), all of which
condition how skill endowment and complementarity influence
industrial evolution in Chinese regional context. Meanwhile,
classifying industries by factor intensity reflects underlying
technological and organizational characteristics that determine
skill demands and knowledge absorption capacities (Han et al.
2022). Examining heterogeneity along these lines thus enables us
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Table 2 Baseline regressions.

He_1CrossDensity, ,

Co_HL ;_4CrossDensity, . ,

Marketization
Industry stock

—0.013™ (0.005)
—0.060™" (0.002)

Hkk

Population —0.006 (0.009) 0.004 (0.010)
GDP —0.041"" (0.005) —0.064"" (0.005)
FTD —0.033"" (0.005) —0.022"" (0.005)

0.002 (0.005)
0.011""" (0.002)

Hokk

Industry size —0.012""" (0.001) —0.026""" (0.002)
Industry FE Yes Yes

Region FE Yes Yes

Year FE Yes Yes

Constant 1.559™" (0.112) 1.485™" (0.121)

N 475992 475992

R2 0.340 0.172

Adjusted R2 0.338 0.171

—0.002 (0.009)
—0.050"" (0.005)
—0.032"" (0.005)
—0.010"" (0.005)
—0.061"" (0.002)

Hkk

0.002 (0.009)
—0.044"" (0.005)
—0.025™" (0.005)
—0.010"" (0.005)
—0.059™" (0.002)

Hkk

m (2) (€)) 4) (5)
Xict-1 0.479"" (0.002) 0.473™" (0.002) 0.472™" (0.002) 0.472™" (0.002)
CrossDensity; 0.737"" (0.011) 0.336™" (0.009) 0.389" (0.010) 0.517"" (0.028)
Hein 0.053"" (0.003) 0.078"" (0.005)
Co_HLy 4 0.069"" (0.005) 0.117"" (0.007)

—0.123"" (0.019)
—0.205"" (0.029)

0.003 (0.009)
—0.047"" (0.005)
—0.025™" (0.005)
—0.009" (0.005)
—0.059"" (0.002)

Kk

—0.012"" (0.00M) —0.012"" (0.00M) —0.012"" (0.001)
Yes Yes Yes

Yes Yes Yes

Yes Yes Yes

14517 (0.112) 1.240"" (0.113) 1.265™" (0.113)
475992 475992 475992

0.341 0.342 0.342

0.340 0.341 0.341

Standard errors in parentheses; * p<0.1, ** p<0.05, *** p<0.01.

to test the robustness and contextual dependence of our core
findings.

The specific analysis steps are as follows: First, at the regional
level, prefecture-level cities were grouped for regression to explore
the spatial heterogeneity of labour force spatial agglomeration on
regional industrial evolution, given the impact of economic
development level and location, and according to the GDP level
and locations (eastern, central and western China). The results
are shown in Models 1-3 in Table 3. Second, at the industrial
level, this study referred to the report on global industrial
development for 2013 by the United Nations Industrial Devel-
opment Organization. According to the method of “technology
group as the standard manufacturing classification” and com-
bined with the actual situation of China, 29 two-digit manu-
facturing industries were classified into labour-, capital- and
technology-intensive categories for grouping regression (see
Supplementary Table A3 online). Among them, C13-24 and
C41-43, C25-26 and C28-33, as well as C27 and C34-40 are
labour-, capital- and technology-intensive industries, respectively.
The results are presented in Models 1-3 in Table 4. Third,
according to the three-digit economic and industrial complexity,
regions and industries were grouped into three categories: high,
medium and low. The results are shown in Models 4-6 in Tables
3 and 4.

The coefficients of x;., 1, cross-relatedness density and
interaction variables are shown in Tables 3 and 4. The city
industrial development of China has significant path-dependent
effects at different regional and industrial levels. Regional
industrial diversification is correlated with the skill structure of
the local labour force. Labour skill endowment and skill
complementation have a positive impact on industrial path
breakthroughs to varying degrees.

The regional heterogeneity of the results is shown in Table 3. It
can be seen from Models 1-3 that interaction terms are
significantly negative. The impact of high-skilled labour on
industrial path breakthroughs is more prominent in central China
and western China. Skill complementary effect has a greater
impact on eastern China. In other words, in the eastern China,
where there is a large number of high-skilled labourers, the skill
complementary effect is more likely to promote regional
transformation and upgrading, while in regions with relatively

few high-skilled labourers, the direct impact of the introduction
of high-skilled labour is more conducive to the creation of new
industries. It can be seen from Models 4-6 that industrial path
breakthroughs in regions with higher economic complexity are
more related to the skill complementarity effect, and regions with
medium and lower economic complexity need to introduce high-
skilled labour to achieve path breakthroughs. To be more specific,
high-complexity cities have stronger production and learning
capabilities, and urban vibrancy is beneficial to enhancing
knowledge spillover (Balland et al. 2020). Due to labour
preferences in cities where labour demand matches their skill
portfolios (Ewers and Dicce, 2018), high-skilled labour is more
concentrated in high-complexity cities. As a result, it is more
affected by high-low skilled complementary effect when industrial
path breakthroughs are promoted. To put it another way, it is
more important to improve the optimal allocation of skilled
labour. In low-complexity cities with poor production and
learning capabilities, high-skilled labour accounts for a relatively
low proportion, and introducing high-skilled labour will bring
new knowledge and technology to these regions. If cities have the
ability to use these possibilities, it is possible to promote industrial
path breakthroughs and improve regional innovation perfor-
mance (Li and Rigby, 2023). Cities of different economic
complexity are in eastern, central and western China. The results
of Models 4-6 allow a better explanation of regional hetero-
geneity. This extends current understandings of how labour
structures interact with existing industrial bases to shape regional
innovation trajectories.

In the aspect of industrial heterogeneity (Table 4), it can be
seen from Models 1-3 that the positive correlation between
labour-intensive industrial diversification and skill structure is
stronger, and labour skill endowment and skill complementa-
tion play the strongest role in promoting their path break-
throughs. Capital-intensive industry path breakthroughs are
more affected by high-skilled labour, and technology-intensive
industry path breakthroughs are more dependent on the skill
complementation effect. As shown in Models 4-6, the regional
path dependence effect is stronger with higher industrial
complexity. The lower the industrial complexity of a region
is, the more its industrial diversification will be related to skill
structure, and the more necessary it will be to introduce high-
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Table 4 Heterogeneity analysis at the industry level.
m (2) ()] 4) (5) (6)
labor-intensive capital-intensive  technology- High industrial Medium industrial Low industrial
industries industries intensive complexity complexity complexity
industries
Xi et 0.455"" (0.003) 0.466"" (0.003) 0.450"" (0.003)  0.497"" (0.003) 0.474"" (0.002)  0.455"" (0.004)
CrossDensity; . ;_; 0.750"" (0.051)  0.608"" (0.056) 0.574™" (0.042) 0.410"" (0.050)  0.566™ (0.041)  0.869"" (0.073)
H, s 0.066™" (0.009) 0.051"" (0.010)  0.095"" (0.006)  0.105"" (0.008) 0.068"" (0.007)  0.061"" (0.011)
Co-HL;_, 0127 (0.017) 014777 (0.018)  0.095™ (0.013) 0.116™" (0.016)  0.112"" (0.013) 0.197"" (0.023)
Hc¢_:CrossDensity, . —-0.101"" —0.244" (0.139) —0.164"" (0.028)  —0.084" -0 (0.027) 0305
' (0.034) (0.035) (0.043)
Co-HL;_;CrossDensity,  , —0152"" —0.211"" (0.058) —0.290"" (0.043) —0.243" (0.125) —0.240"" —-0.179™"
(0.053) (0.042) (0.074)
Population —0.007 (0.017)  —0.022 (0.019)  0.024" (0.014) 0.005 (0.014) 0.007 (0.014) 0.032 (0.034)
GDP —0.064™" —0.105™" 0.003 (0.007) —0.047"" —0.046™" —0.018 (0.016)
(0.009) (0.010) (0.008) (0.007)
FTD —0.036™" —0.055™" 0.001 (0.007) —0.029™" —0.034™ 0.029" (0.013)
(0.009) (0.010) (0.008) (0.007)
Marketization 0.012 (0.008) 0.007 (0.009) —0.030"" (0.007) —0.018" (0.007) 0.004 (0.007) 0.018 (0.015)
Industry stock —0.072"" —0.061™ —0.042""(0.002) —0.076"" —0.059™" —0.021™"
(0.003) (0.003) (0.003) (0.002) (0.005)
Industry size 0.018" (0.003) —0.028"" —0.028"" (0.003) —0.025"" 0.002 (0.002) —0.019 (0.019)
(0.003) (0.004)
Industry FE Yes Yes Yes Yes Yes Yes
Region FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Constant 0.958"" (0.198) 2937 (0.231)  0.446""" (0.166) 17307 (0.197)  0.869" (0.168)  0.035 (0.489)
N 152064 128304 195624 173712 229680 72600
R2 0.370 0.351 0.311 0.344 0.335 0.439
Adjusted R2 0.368 0.349 0.309 0.341 0.333 0.435
Standard errors in parentheses; * p<0.1, ** p<0.05, *** p<0.01.

skilled labour to achieve path breakthroughs. This is mainly
because long-term industrial development in these regions is
relatively simple, and the technology spillover benefits gener-
ated by the agglomeration of the high-skilled workforce will be
greater. The skill complementarity effect promotes the regional
path breakthroughs of high-sized industrial complexity most
obviously. The reason may be that more low-skilled labour
flows into areas with lower industrial complexity, while the
demand for low-skilled labour is overlooked as cities with
higher industrial complexity continue to introduce high-skilled
labour. By incorporating both regional and industrial hetero-
geneity, the study deepens our understanding of how differ-
entiated skill policies may unlock path-creating opportunities
across diverse local contexts.

Robustness check. Several robustness tests of the baseline
regression model were carried out. First, the calculation method
of industrial data was changed. In this study, three-digit industrial
data were used for recalculation according to Castaldi and Drivas
(2023). Second, the definition method of regional comparative
advantages was changed. The calculation of the original regional
comparative advantage was defined according to whether the
location quotient was greater than 1. This study was based on the
robustness test method of Zhu et al. (2017) and He et al. (2018),
and utilized different thresholds (0.8 and 1.2) to define the
regional comparative advantage. Finally, we replaced the mini-
mum co-occurrence probability metric with Hidalgo et al’s
(2007) cosine-similarity measure to calculate relatedness proxi-
mity. All robustness checks confirm the findings in Tables
2 and 3; full results are provided in Supplementary Tables A4-A7
(online Appendix).

Discussion and conclusions

The study of regional industrial evolution and relatedness in EEG
has been extensively discussed (Frenken and Boschma, 2007;
Kogler et al. 2023a). However, two gaps still exist. First, while
empirical research on EEG mainly examines the role of related-
ness and regional development trajectories in the context of
industry sector evolution, limited attention has been paid to the
cross-relatedness between industrial and occupational structures.
Although recent studies have called for integrating industry-
occupation similarity networks (Chen et al. 2025), this direction
remains underexplored. Building on the concept of multi-
dimensional relatedness (Balland and Boschma, 2022; Castaldi
and Drivas, 2023; Cataldn et al. 2022), this study extends the
literature by constructing an industry-occupation cross-related-
ness network, which enriches the understanding of labour skill
influences beyond traditional industrial relatedness. Second,
although the role of skill structures in shaping industrial devel-
opment paths is well established (Neffke and Henning, 2013),
existing research has not sufficiently examined how different
forms of skill endowment and complementarity jointly influence
regional path breakthroughs. This paper contributes to the
empirical literature by offering a refined analytical perspective on
how heterogeneous labour forces, especially the interaction
between high- and low-skilled workers, shape path-breaking
trajectories in regional industrial transformation.

The main research results of industrial and occupational data
analytics in Chinese prefecture-level cities between 2000 and
2015 show that the industrial development of China has a sig-
nificant path-dependent feature, which is aligned with existing
research results (Muneepeerakul et al. 2013; Neffke et al. 2011).
The relatedness between industries and occupations in China has
become closer, and the skill structure is closely bound up with
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regional industrial diversification. Both high-skilled labour
agglomeration and high-low skilled labour co-agglomeration can
help regions break industry-occupation cross-relatedness and
achieve industrial path breakthroughs. The heterogeneity analysis
and robustness test results strengthen the above conclusions.
First, it was found in this study that the impact of high-low skilled
labour agglomeration on industrial path breakthroughs is more
pronounced in eastern China. Second, industrial path break-
throughs in regions with higher economic complexity are more
related to the skill complementarity effect. Third, labour-intensive
industrial diversification has the greatest relatedness to skill
structure. Finally, the regional path dependence effect is stronger
in regions with higher industrial complexity. Regions with lower
industrial complexity need to introduce high-skilled labour to
achieve path breakthroughs. These findings further validate the
hypotheses of this study.

The above results are significant as they not only reveal a
positive correlation between industry-occupation cross-related-
ness and regional industrial diversification but also highlight an
indirect effect of labour, indicating opportunities for regional
economic transformation. More precisely, the findings of this
study suggest that those regions seeking to create new paths to
industrial specialization can achieve their goals by optimizing
workforce structure. In specific terms, pre-existing regional
industrial structures and industry-occupation cross-relatedness
may limit the speed and direction of regional industrial diversi-
fication, but the optimal allocation of regional high-skilled labour
agglomeration and high-skilled labour co-agglomeration can ease
this dependence and provide new development paths. These
findings help study how regions can further “jump” beyond the
“limits” of industrial relatedness. Moreover, they contribute to
enriching the literature on the impact of heterogeneous labour
mobility on industrial structure upgrading. This considers the
role of the spatial matching effect of skilled labour in the process
of industrial structure upgrading of high-skilled labour, and dis-
cusses the impact of high-low skilled labour co-agglomeration on
industrial structure upgrading.

These empirical results have clear policy implications. First, the
research results show that the agglomeration of high-skilled labour
and the co-agglomeration of low-skilled labour in a region exert a
positive impact on industrial path breakthroughs to varying
degrees, which deserves the attention of policymakers. Regional
talent policies focus more on introducing high-skilled labour
(Yang, 2023). It is important to fully exploit the positive external-
ities of high-skilled labour, but how to coordinate the co-
agglomeration of high-low skilled labour may be another path
breakthrough for government policymaking. To achieve this,
governments should implement inclusive regional population
policies. Expanding employment opportunities for diverse labour
groups can help cities attract and retain workers across skill levels
in a more balanced and sustainable manner. Second, the hetero-
geneity in labour demand across cities calls for differentiated and
targeted policy responses. In regions where high-skilled labour is
relatively abundant, preferential housing policies—such as pro-
viding affordable rental housing—may enhance the attraction and
retention of low-skilled workers. Conversely, cities with a relative
shortage of high-skilled labour should strengthen their talent
attraction mechanisms, for example, by offering financial subsidies
or settlement incentives to newly recruited professionals. Third,
these efforts could be accompanied by improved labour mobility.
In China, the restrictions of the household registration system and
the existence of urban settlement thresholds are the non-negligible
causes of related institutional “distortions” (Gu et al. 2021; Qi et al.
2024). Given the complexity of reforming these systems, particu-
larly in mega-cities facing fiscal pressure, gradual and flexible
approaches are recommended.
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This research also has the following limitations and may
constitute future research directions. First, it revolves around
prefecture-level cities. As argued by Fotheringham and Wong
(1991) and Castaldi and Drivas (2023), the same analysis for
smaller geographical units can reveal important differences. The
movement of labour in geographical units at different levels and
the comparative analysis of different geographical levels may
reveal more information. Second, this research explored the
impact of high-low skilled labour complementation on the
mechanism of industrial evolution, and future research can fur-
ther discuss the matching of specific labour types. In addition,
selecting typical regions to explore deeper mechanisms using in-
depth qualitative case study methods will be interesting. Third,
due to changes in the statistical standards of key databases, this
study relies on data only up to 2015. Future research should aim
to update the dataset and explore alternative data sources to
better reflect recent developments in industrial evolution and skill
dynamics. In particular, the rapid advancement of artificial
intelligence and digital technologies may significantly reshape
skill demand, which in turn could further influence the
mechanisms of industrial evolution examined in this study
(Buyukyazici et al. 2024; Santoalha et al. 2021).

Data availability
The datasets generated and/or analysed during the current study
are available on request from the authors.
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Notes

1 Industries and occupations are interconnected. We take a top-down approach to
measuring the relatedness between industries and occupations based on co-location
patterns among regions. By comparison, several papers like Deegan et al. (2024) and
Boschma (2024) took a bottom-up approach to establishing the industry-occupation
link based on micro data of individuals. The results of these two approaches might
have differences.

For brevity, only complete models with fixed effects were included.

8]
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