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Abstract 

The interaction among innovation actors and environmental uncertainties has inten-

sified the complexity of the evolution and drivers of regional innovation ecosystems, 

with profound implications for regional economies. This research aims to investigate 

the evolution and impact mechanisms of regional innovation ecosystems through the 

complex adaptive systems perspective. Employing an integrated methodology, we 

combine quantitative performance evaluation with dynamic fuzzy-set qualitative com-

parative analysis to examine 30 Chinese provinces. Specifically, we investigate how 

innovation actors (governments, enterprises, universities) and key evolving institu-

tional environment (openness, human capital and innovation platform) interact, adapt, 

and collaborate to shape innovation performance. We also analyze temporal changes 

and regional disparities. Our findings reveal significant differences in regional inno-

vation performance across China’s eastern, central, and western regions, though all 

regions exhibit yearly improvement. Strong government investment in innovation is 

a necessary condition for high-level regional innovation, while weak enterprise R&D 

inputs are a necessary condition for low-level regional innovation. The analysis iden-

tifies five distinct configurations driving high innovation performance and four configu-

rations associated with low-level regional innovation. The between-group consistency 

reveals that regional innovation increasingly depends on complex interactions among 

multiple actors and environments. The within-group consistency indicates that in 

developed eastern regions, innovation is driven by multiple innovation actors and 

environments, with high external knowledge dependence due to openness. In con-

trast, innovation in underdeveloped western regions mainly relies on internal factors 

like government and enterprise innovation investments. Case studies include both 

developed and lagging regional innovation ecosystems. Our research offers a novel 

theoretical perspective for understanding regional innovation ecosystem evolution. 
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The findings provide policymakers with a scalable framework to tailor region-specific 

innovation strategies across diverse contexts, with insights applicable to innovation 

research in other regions.

1.  Introduction

Innovation is an imperative for productivity, long-term growth, and well-being in 
modern economies on a global scale [1]. In recent years, the innovation environment 
has mixed, with significant opportunities and sizeable challenges on the horizon. This 
has led to increased innovation uncertainty and global innovation polarization [2]. As 
regional science and innovation systems continue to evolve, and the practical promo-
tion of interactive innovation through geographical proximity gains traction, regional 
innovation policies have garnered increased attention. However, the formulation and 
implementation of regional innovation policies remain challenging due to the complex 
collaboration among innovation actors and environment [3]. Regional innovation is 
not only a core driving force for regional economic development, but also important 
to a nation’s overall competitiveness [4,5]. Considering the significant disparities 
among different regions, blanket innovation policies of the nation frequently fail to 
be effective. Understanding the diversity and dynamic within a region is essential for 
developing an effective regional policy framework [6]. Therefore, the critical factor in 
promoting regional innovation performance lies in how key innovation actors adapt to 
and respond to these changing contexts.

As the world’s second-largest economy, China possesses diverse regional resource 
endowments and local conditions [7]. In recent years, China has actively pursued 
an innovation-driven development strategy [8], significantly increasing research and 
development (R&D) investments and achieving major technological breakthroughs 
in emerging industries like renewable energy and artificial intelligence. However, as 
China’s innovation capabilities grow, regional disparities persist, making coordinated 
regional development a critical policy priority [9]. Meanwhile, other global regions 
are also shifting toward context-specific approaches to enhance the effectiveness of 
regional innovation ecosystems, moving away from uniform “one-size-fits-all” policies.

Extant research has confirmed the systematic and dynamic nature of regional 
innovation processes. For example, regional innovation system theory highlights 
innovation actors’ collaborative importance [10]. The regional innovation ecosys-
tem uses the innovation process as an analogy to an ecosystem, emphasizing the 
dynamic adaptability and coordination of innovation actors with their environment 
[11]. Research has examined regional innovation characteristics and explored its 
determinants comprehensively [12,13]. However, a deeper understanding of how key 
actors adapt to and co-evolve with their regional innovation environments is needed, 
particularly considering the effects of path dependence in different regional contexts 
[14]. These dimensions are critical for explaining persistent regional innovation dis-
parities and designing effective innovation policies.

To address these issues, according to the complex adaptive systems (CAS) 
theory, we employ an integrated approach combining quantitative assessment and 
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dynamic fuzzy-set qualitative comparative analysis (fsQCA) to examine the evolution and impact mechanisms of regional 
innovation ecosystems. Specifically, we investigate how innovation actors (governments, enterprises, universities) and 
key evolving institutional environment (openness, human capital and innovation platform) interact, adapt, and collaborate 
to shape innovation performance. Moreover, we examine temporal changes and regional differences. This study aims to 
answer the following questions: How is China’s regional innovation influenced by the co-evolution of innovation actors and 
environments? What are the temporal variations and regional differences in this influence? We analyze both developed 
and lagging regional innovation ecosystems, and divide provinces into eastern, central, and western regions.

This study makes several contributions. First, by drawing on CAS theory, we highlight the dynamic interactions, 
adaptations, and synergies between innovation actors and institutional environments. This provides a novel theoretical 
perspective for understanding the evolution of regional innovation ecosystems. Second, to reveal systemic complexity, we 
integrate quantitative evaluation with fsQCA. This methodology identifies multiple concurrent causes, revealing the tem-
poral evolution of factor configurations to addressing limitations in existing research on evolutionary processes. Third, our 
research incorporates temporal and spatial dimensions into the analytical framework. This not only answers the question 
of what, but also explores how changes occur and why differences exist within local contexts.

The remainder of this paper is organized as follows: Section 2 reviews the related literature. Section 3 outlines the 
materials and methods. Section 4 analyzes the results. Section 5 discusses the findings. Section 6 presents the conclu-
sion, implications, and generalizations of the research.

2.  Literature review

2.1  Global innovation paradigms and theoretical evolution

The evolution of innovation theory toward systemic models was spurred by a growing recognition of the complexity and 
uncertainty that linear models failed to capture. Furthermore, Freeman [15] introduced the concept of innovation networks, 
emphasizing the critical role of social relationships and knowledge flows among diverse actors in driving innovation. The 
triple helix model emphasizes the overlapping roles and connections among universities, industry, and government, which 
jointly promote innovation through spiral interactions [16,17]. Over the past decade, scholars have noted that the spatial 
configuration of innovation systems has become increasingly complex, with networks of actors and institutional contexts 
originating from various regions and spanning multiple spatial scales [18–20]. Diverse analytical approaches have been 
initiated to conceptualize the increasingly significant international linkages within innovation systems [19,21]. Therefore, 
some scholars conceptualized the global innovation system and proposed a framework for technological innovation in the 
transnational context [21]. The global innovation subsystem is no longer based on preset geographical boundaries but 
on a network of actors and institutions that participate in creating specific system resources, such as knowledge, market 
access, capital investment, and technological legitimacy [21–23].

Global innovation research has affirmed the significance of the systems perspective. Nevertheless, it frequently 
remains overly macroscopic and lacks the explanatory capacity for the specific, interaction mechanisms and dynamic 
evolution within the system.

2.2  National innovation system

The National Innovation System (NIS) concept emphasizes the systematic and multi-actor interaction of innovation processes 
at the national level. Freeman provides a classic definition in his work: “the network of institutions in the public and private 
sectors whose activities and interactions initiate, import, modify and diffuse new technologies” [24]. It explicitly addresses what 
has been neglected in early models of technological change: the conscious “intangible” investment in technological learning 
activities involving various institutions (primarily business companies, universities, other educational and training institutions, 
and governments), their connections, and the associated incentive structures and capabilities [25]. This theoretical framework 
effectively accounts for the enduring disparities in innovation patterns and performance across different countries [26].
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However, regarding the adequacy of the NSI analysis, one issue is the appropriateness of using the national level as 
the starting point for analyzing innovation processes. This is particularly pertinent given the necessity to disentangle com-
plex interrelationships, as the selected models for testing are no longer linear but interactive [4].

2.3  Regional innovation system: actors and milieu

Cooke’s [4,10] regional innovation system framework emphasizes the significance of interactions among innovation actors, 
and the roles of financial support, institutionalized learning, and production culture in regional innovation. It suggests 
strengthening regional capacity building to promote systemic learning and interactive innovation [4]. Regional innovation 
actors mainly include government, enterprises and universities [4]. Governments, acting as regulatory and resource allocat-
ing actors, coordinate regional innovation by formulating policies and institutional protections to channel resources into stra-
tegic sectors [27]. The agglomeration of enterprises and industries enhances innovation via knowledge spillovers facilitated 
by geographical proximity and collaborative economies of scale [28]. Universities, as the primary generators of knowledge, 
produce geographically restricted spillovers through public interest research [29]. Moreover, the transfer of knowledge from 
universities to private enterprises is of great significance within universities as it is part of their third mission [30,31].

The innovative milieu framework emphasizes regional innovation’s sociocultural embeddedness, stating that factors 
such as institutional thickness, cultural norms, and social capital mediate interactions among innovation actors [32]. This 
view revolutionized regional development paradigms by showing how localized innovation climates form distinct techno-
logical advancement patterns [33]. Importantly, the milieu approach analyzes innovation variances from two perspectives: 
macro-level cultural archetypes that shape knowledge appropriation [34,35] and micro-level social capital mechanisms 
that govern collaborative learning [36,37]. These forces influence innovation performance by shaping the interactions 
among firms, policymakers, and research institutions [33].

Although regional-level research has explored specific factors, it lacks dynamic longitudinal comparisons across 
regions. Most analytical methods assume linear causal relationships, making it difficult to capture the complex, nonlinear 
interactions between these factors. Furthermore, there is insufficient empirical evidence to examine how actors and envi-
ronments co-evolve.

2.4  The theoretical perspective: complex adaptive systems

CAS theory, based on interdisciplinary studies of biology, computer science, and economics, offers a framework for under-
standing how interconnected actors interact and self-organize to generate emergent system-level behaviors [38]. Different 
from reductionist paradigms, CAS methodology combines qualitative reasoning with quantitative modeling, balancing 
micro-level emergent patterns and macro-level agent behaviors and synthesizing reductionist and holistic perspectives 
[38,39]. CAS are characterized by four core principles: (1) adaptation, where agents evolve strategies in response to 
environmental feedback; (2) non linearity, as small perturbations may trigger disproportionate outcomes; (3) emergence, 
whereby macro-level patterns arise unpredictably from micro-level interactions; and (4) path dependence, where historical 
contingencies constrain future trajectories [40,41].

Due to its distinctive characteristics, the CAS theory possesses functional advantages, demonstrating tremendous 
potential for analyzing complex systems across various domains such as the economy, ecology, society, management, 
and military affairs. By adopting CAS principles, scholars explore dynamic strategies for navigating turbulent environ-
ments. In regional science and innovation studies, the theory explains how regions evolve as adaptive networks of firms, 
institutions, and policies, with innovation pathways emerging from multi-actor collaborations and resource reconfiguration 
[42]. However, the application of this theory in the field of regional innovation remains limited. In rapidly changing environ-
ments, where regional innovation activities are becoming increasingly systematic and complex, examining the develop-
ment of regional innovation ecosystems from the CAS perspective aligns more closely with reality and holds significant 
theoretical value.
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2.5  Research gap and objectives

In summary, while existing literature on regional innovation is abundant and detailed, several limitations remain. First, 
existing empirical studies have insufficiently examined the dynamic co-evolution between innovation actors and their envi-
ronment in influencing regional innovation. Although the dynamism of regional innovation has been thoroughly revealed 
and analyzed, there remains room for exploration regarding its underlying mechanisms. Second, most empirical studies 
focus on single factor net effects, neglecting the complex, non-linear interactive relationships among multiple actors, which 
contradicts real world regional innovation ecosystem characteristics. Furthermore, policy recommendations overlook 
regional contextual differences and innovation path dependencies, so they are overly generalized and fail to fit specific 
regional ecosystem development stages and internal conditions.

Therefore, according to the CAS theory, we assessed the regional innovation performance of 30 provinces and cities 
in China and analyzed their spatial-temporal heterogeneity. We utilized dynamic QCA to investigate how configurations of 
innovation actors and environmental conditions produce nonlinear effects on regional innovation ecosystems. This method 
surpasses the static constraints of traditional QCA by integrating temporal analysis. The configuration paths of regional 
innovation in developed and underdeveloped regions are examined based on their distinct contexts.

3.  Materials and methods

3.1  Methods

3.1.1  Evaluation method.  In this study, to account for disparities in the magnitude of each indicator, the data were 
standardized using the min-max method to enable fair comparisons across regions. Entropy-based weights were assigned 
to each secondary indicator, and the overall regional innovation performance score was calculated.

The entropy method is an objective approach used for assigning weights in multi-criteria evaluations, particularly when 
there are significant disparities between indicators. This method calculates the information entropy for each indicator 
to determine its weight. The entropy value reflects the degree of uncertainty: higher entropy indicates that the indicator 
provides less useful information, thus contributing less to the overall evaluation. Conversely, lower entropy indicates more 
informative data, making the indicator more influential in the assessment.

To eliminate scale differences among indicators, data is standardized. The Min-Max normalization method is used to 
transform the values to a 0–1 range:

	
X′
ij =

Xij – Xi,min
Xi,max – Xi,min 	 (1)

Where Xij represents the original value of the i  -th region for the j  -th indicator, and Xi,min and Xi,max are the minimum and 
maximum values for the i  -th region and j  -th indicator. After standardization, the proportion for each indicator is calcu-
lated as follows:

	
pij =

X′
ij∑n

i=1 X
′
ij 	 (2)

Where pij represents the proportion of the i  -th region for the j  -th indicator, and n is the number of regions. The entropy 
value for each indicator is computed using the formula:

	
ej = –

1
ln(n)

n∑
i=1

pij ln(pij)
	 (3)
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Where ej  is the entropy value for the j  -th indicator, and n is the number of regions. A higher entropy indicates less varia-
tion in the data, resulting in a lower weight for that indicator. The weight for each indicator is derived from its entropy value 
using the following formula:

	
wj =

1 – ej∑m
j=1 (1 – ej)	 (4)

Where wj is the weight of the j  -th indicator, and m is the total number of indicators. Finally, the overall innovation perfor-
mance for each region is calculated by summing the weighted standardized values of each indicator:

	
Si =

m∑
j=1

wjX′
ij

	 (5)

Where Si  is the regional innovation performance for the i  -th region, and X′
ij is the standardized value for the i  -th region 

on the j  -th indicator.
3.1.2  Dynamic fsQCA method.  This study employs dynamic fsQCA [43], an extension of traditional fsQCA that 

incorporates a temporal dimension. Unlike conventional fsQCA, which analyzes cross-sectional data and lacks time 
sensitivity [44], dynamic fsQCA evaluates pooled consistency, between-group consistency, and within-group consistency. 
It utilizes Between-group Consistency Adjusted Distance (BECONS Adj-distance) and Within-group Consistency Adjusted 
Distance (WICONS Adj-distance) to track changes in consistency over time and across cases [43,45]. The fsQCA 
combines Boolean algebra, set theory, and fuzzy-set logic to identify necessary/sufficient condition configurations for an 
outcome [46]. It supports inductive analysis [47], asymmetric causality, and equifinality [48].

We adopt dynamic fsQCA for three reasons: First, regional innovation involves nonlinear, multi-factor interactions, 
which fsQCA captures through configuration analysis. Second, innovation drivers evolve over time; panel data analysis 
reveals trends. Third, geographic differences necessitate spatial-temporal analysis.

3.2  Data and sample selection

This study uses data from 30 provinces and cities in China, excluding Hong Kong, Macao, Taiwan, and Tibet due to miss-
ing data. The data cover the period from 2016 to 2022, with annual data available for each province and city. 2016 was 
chosen as the starting point as it marked the start of China’s 13th Five-Year Plan for economic and social development. 
This plan elevated the “innovation-driven development strategy” to a new level and provided a policy background for 
observing the systematic evolution of regional innovation ecosystems. Moreover, the 7 year time span provides sufficient 
data support for analyzing spatial-temporal changes with the dynamic fsQCA method.

Due to China’s vast geography, significant regional disparities exist in innovation performance, driven by vary-
ing political, economic, cultural, and social factors. The 30 provinces and cities include diverse regions, such as the 
economically advanced coastal areas, the less-developed inland western regions, and areas with distinct social and 
cultural characteristics. These provinces and cities are grouped into three regions based on their geographic location 
and economic development. Eastern Region: Beijing, Tianjin, Hebei, Liaoning, Shanghai, Jiangsu, Zhejiang, Fujian, 
Shandong, Guangdong, and Hainan; Central Region: Shanxi, Inner Mongolia, Jilin, Heilongjiang, Anhui, Jiangxi, Henan, 
Hubei, and Hunan; Western Region: Guangxi, Chongqing, Sichuan, Guizhou, Yunnan, Shaanxi, Gansu, Qinghai, 
Ningxia, and Xinjiang.

The data were sourced from the China Statistical Yearbook, China Science and Technology Statistical Yearbook, China 
Torch Statistical Yearbook, and statistical yearbooks from the provinces and cities. Considering that R&D investment, pat-
ent applications to authorization, and other factors have a time-lagged effect on regional innovation performance [48], the 
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outcome variable was treated with a two-year lag relative to the conditional variable. Specifically, the conditional variable 
was evaluated from 2014 to 2020 and the outcome variable was evaluated from 2016 to 2022.

3.3  Variables

3.3.1  Evaluation index of regional innovation performance.  Regional innovation is a multidimensional and dynamic 
process. Previous studies have commonly used patent counts to measure regional innovation performance. While patents 
are a well-established indicator of technological strength [50], they have limitations. Patent counts do not fully capture 
the complexity of innovation, and regional innovation is difficult to measure using a single quantity [51,52]. In addition 
to the technological innovation represented by patents, innovation activities also include product innovation [53,54] and 
academic innovation [55]. According to the research of Zhang et al [56], we propose evaluating regional innovation 
performance based on three dimensions: academic innovation, technological innovation, and product innovation. We 
measured academic innovation by the number of scientific papers published, technological innovation by the number of 
patents granted, and product innovation by revenue from new product sales. The evaluation indicator index for regional 
innovation performance is shown in Table 1.

3.3.2  Conditions.  The selection of conditional variables in this study considered two aspects. First, CAS theory 
emphasizes the important influence of innovation actors and their interaction and cooperation on regional innovation 
performance. Referring to the conceptual framework of government–industry–university provided by the “triple helix” 
theory [17], the innovation actors considered in this study include the government, enterprises, and universities. Second, 
the innovative milieu approach proposes that some non-technological milieu contexts of a region can explain differences 
in the level of innovation among regions. Accordingly, in combination with China’s regional innovation practices, we 
propose opening, human capital, and innovation services as key innovative milieu factors.

As the innovation actor, some studies have used local government science and technology expenditure to reflect the 
government’s financial support and emphasis on local innovation activities [7,57]. In general, the flow and investment of 
R&D resources, financial and human are considered important direct inputs for the innovation process [58,59]. Zhang [56] 
and Huang [48] used enterprise R&D internal expenditure and enterprise R&D personnel full-time equivalent expenditure 
as enterprise innovation variables. Similarly, we use university R&D internal expenditure and university R&D personnel 
full-time equivalent expenditure as university innovation variables.

Regarding the regional innovation milieu, research has shown that it is more important for a region’s economic devel-
opment to gain a first-mover advantage by opening up to the outside world than to develop a closed, defensive knowledge 
and technology protection system [60]. Regional foreign trade dependence is considered a representative indicator of 
open milieu, often measured as the proportion of goods imports and exports to GDP [56]. Although foreign direct invest-
ment can bring new knowledge and technology to a region, it also represents the degree of regional openness [54,61]. 
Therefore, the open milieu is measured using two indicators: the proportion of goods imports and exports of GDP and 
the proportion of foreign direct investment of GDP. Business incubators are important innovation service platforms for 
enterprise innovative development [62,63]. This factor is measured using the number of science and technology busi-
ness incubators and the amount of investment and financing received by science and technology business incubators. 

Table 1.  The comprehensive evaluation of regional innovation performance.

Primary Indicators Secondary Indicators Data Description

Technological Innovation Number of patents granted

Regional Innovation  
Performance

Product Innovation Revenue from the sale of new 
products by industrial enterprises

Academic Innovation Number of scientific papers 
published

https://doi.org/10.1371/journal.pone.0341011.t001

https://doi.org/10.1371/journal.pone.0341011.t001
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Higher education is an important prerequisite for technologically lagging regions to catch-up, and is closely related to the 
importance of interactive learning as a basis for innovation and change in modern developed economies. Some studies 
have shown that if sufficient human capital is accumulated, it can promote local innovative activities and economic growth 
[64,65]. Regarding the level of human capital, this was operationalized as the average years of schooling, with reference 
to related studies [66,67]. For multiple secondary indicators, the entropy method was applied to assign weights and calcu-
late the total indicator value. The conceptual framework of variables in this study is illustrated in Fig 1.

4.  Results

4.1  Regional innovation performance evaluation results

As shown in Table 2, the rankings of regional innovation performance from 2016 to 2022 reveal that the top five per-
forming provinces and cities are Guangdong, Jiangsu, Zhejiang, Shandong, and Beijing, which are all located in the 
economically advanced eastern coastal region. In contrast, the lowest ranking provinces and cities include Gansu, Xin-
jiang, Ningxia, Hainan, and Qinghai. Except for Hainan, most of these are located in the less developed western region. 
Regional innovation performance improved across all provinces and cities over time, with 2022 values surpassing those of 
2016. This indicates that China’s regional innovation levels have steadily increased, reflecting the success of the govern-
ment’s innovation and coordinated development strategies.

As illustrated in Fig 2, when comparing innovation performance across regions, the eastern region consistently outper-
forms the central and western regions. The gap is particularly pronounced in the eastern region, which has outpaced the 

Fig 1.  Conditions framework. 

https://doi.org/10.1371/journal.pone.0341011.g001

https://doi.org/10.1371/journal.pone.0341011.g001
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central and western regions each year. Despite growth in all regions, the eastern region has seen faster progress, while 
the western region has lagged behind. This trend aligns with the varying levels of economic development across regions, 
emphasizing the central role of innovation in driving economic growth. It also suggests that a strong economic foundation 
and innovation milieu further stimulate regional innovation, creating a virtuous cycle.

4.2  Dynamic QCA results

4.2.1  Initial calibration.  Calibration is an important preparatory task in fsQCA. Calibrating the conditional and 
outcome variables into 0–1 fuzzy-set data allows the variable data to meet analysis criteria [49]. In this study, we use the 
direct calibration method, in which three qualitative anchors are created for each conditional and outcome variable and 
then used in a log-odds transformation to calculate the corresponding membership values [49]. These three anchor points 
represent the degree of full membership, the crossover point, and full non-membership. It is important to define the anchor 
points for calibration based on the purpose of the study and the data distribution.

Table 2.  The regional innovation performance by provinces (2016–2022).

2016 2017 2018 2019 2020 2021 2022 Mean Rank

Guangdong 0.4429 0.5276 0.6495 0.7042 0.8170 0.9453 0.9182 0.7150 1

Jiangsu 0.4541 0.4649 0.5119 0.5392 0.7069 0.8059 0.8529 0.6194 2

Zhejiang 0.3259 0.3245 0.3772 0.4025 0.4737 0.5846 0.6143 0.4433 3

Shandong 0.2317 0.2566 0.2578 0.2554 0.3332 0.4669 0.5609 0.3375 4

Beijing 0.2053 0.2189 0.2289 0.2432 0.2539 0.3001 0.2903 0.2486 5

Shanghai 0.1855 0.2032 0.2153 0.2317 0.2529 0.2957 0.3034 0.2411 6

Hubei 0.1527 0.1626 0.1856 0.1961 0.2143 0.2742 0.2954 0.2116 7

Anhui 0.1247 0.1365 0.1523 0.1577 0.1978 0.2439 0.2652 0.1826 8

Hunan 0.1318 0.1435 0.1448 0.1542 0.1697 0.2073 0.2334 0.1692 9

Sichuan 0.1227 0.1297 0.1489 0.1518 0.1732 0.2082 0.2185 0.1647 10

Henan 0.1222 0.1297 0.1514 0.1461 0.1748 0.2038 0.2041 0.1617 11

Fujian 0.0884 0.0954 0.1179 0.1217 0.1465 0.1664 0.1630 0.1285 12

Hebei 0.0822 0.0912 0.1002 0.1140 0.1354 0.1677 0.1650 0.1223 13

Shaanxi 0.0947 0.0959 0.1106 0.1217 0.1283 0.1508 0.1498 0.1217 14

Liaoning 0.0972 0.0981 0.1099 0.1098 0.1233 0.1369 0.1358 0.1159 15

Jiangxi 0.0626 0.0695 0.0849 0.1029 0.1223 0.1507 0.1583 0.1073 16

Chongqing 0.0918 0.0912 0.0886 0.0935 0.1101 0.1318 0.1308 0.1054 17

Tianjin 0.0929 0.0800 0.0915 0.0933 0.1006 0.1231 0.1141 0.0994 18

Jilin 0.0630 0.0609 0.0520 0.0637 0.0660 0.0739 0.0657 0.0636 19

Heilongjiang 0.0483 0.0521 0.0550 0.0610 0.0639 0.0694 0.0679 0.0596 20

Guangxi 0.0451 0.0465 0.0463 0.0490 0.0635 0.0740 0.0720 0.0566 21

Shanxi 0.0300 0.0356 0.0431 0.0456 0.0563 0.0659 0.0686 0.0493 22

Yunnan 0.0345 0.0324 0.0386 0.0411 0.0443 0.0498 0.0502 0.0416 23

Guizhou 0.0244 0.0258 0.0298 0.0362 0.0432 0.0467 0.0443 0.0358 24

Neimenggu 0.0232 0.0247 0.0241 0.0249 0.0297 0.0351 0.0470 0.0298 25

Gansu 0.0227 0.0237 0.0244 0.0271 0.0300 0.0366 0.0376 0.0289 26

Xinjiang 0.0191 0.0181 0.0185 0.0176 0.0202 0.0275 0.0299 0.0216 27

Ningxia 0.0052 0.0082 0.0086 0.0091 0.0103 0.0115 0.0171 0.0100 28

Hainan 0.0037 0.0043 0.0046 0.0053 0.0076 0.0118 0.0125 0.0071 29

Qinghai 0.0002 0.0006 0.0014 0.0022 0.0045 0.0050 0.0063 0.0029 30

https://doi.org/10.1371/journal.pone.0341011.t002

https://doi.org/10.1371/journal.pone.0341011.t002
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According to the variable data characteristics and findings of previous studies [68], the anchor points were set as full 
membership (fuzzy score = 0.95), crossover (fuzzy score = 0.5), and full non-membership (fuzzy score = 0.05). We primarily 
used R software for calibration and subsequent data analysis. Three qualitative anchors of each variable are shown in 
Table 3.

4.2.2  Individual necessary conditions.  Necessary condition analysis is an independent procedure of fsQCA in which 
each conditional variable is analyzed to find the necessary conditions that lead to the occurrence of the outcome. For a 
condition to be necessary, the level of consistency is generally required to be greater than 0.9 [49] and the affiliation score 
of the outcome variable must always be lower than the affiliation membership score of the conditional variable under 
consideration [46]. When the adjusted distance was larger than a certain value, the fluctuation of the consistency level 
over time across areas needed to be analyzed further [43]. In this study, the consistency-adjusted-distance threshold was 
set to 0.2. Considering the causal asymmetry of fsQCA [49], two separate results (high and low regional innovation) are 
presented.

Table 4 shows that for high-level innovation, both strong government and enterprise actors had consistency >0.9 
and coverage >0.5. However, only strong government passed the scatterplot test (with most points below the diagonal), 
making it the necessary condition. For low-level innovation, weak enterprise actors and weak innovation services showed 
consistency >0.9, but only weak enterprises passed the scatterplot test (with half of points below diagonal), establishing it 
as the necessary condition for low performance.

Table 3.  Three qualitative anchors of each variable.

Variables Full non-membership Crossover point Full membership

Regional Innovation Performance 0.551 0.102 0.006

Government 0.384 0.056 0.003

Enterprise 0.621 0.085 0.002

University 0.541 0.134 0.005

Openness 0.202 0.034 0.008

Innovation Service 0.448 0.041 0.003

Human Capital 0.698 0.321 0.101

https://doi.org/10.1371/journal.pone.0341011.t003

Fig 2.  Regional innovation performance over time in three regions of China.

https://doi.org/10.1371/journal.pone.0341011.g002

https://doi.org/10.1371/journal.pone.0341011.t003
https://doi.org/10.1371/journal.pone.0341011.g002
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4.2.3  Analysis of sufficiency.  We now analyze the role of conditional variables in generating high and low levels 
of regional innovation [49], to identify the combinations of variables that satisfy sufficient conditions and determine their 
effects on the results. For the sufficiency analysis of panel data, the resulting membership scores must always be higher 
than the membership scores of various combinations of conditions [46].

The first step is to construct a truth table based on Boolean algebraic logic. The truth table lists all logically possible 
combinations of conditions that lead to high or low levels of regional innovation. During the construction of this truth table, 
thresholds for consistency, PRI, and n are required. Although some researchers consider a consistency level greater than 
0.75 to be acceptable [49], other researchers have proposed a more demanding value of 0.8 to represent an acceptable 
level [69]. Referring to previous practice and considering the context of this study, we set the consistency threshold to 
0.95, PRI to 0.8, and n to 2, which ultimately covered 195 cases. The thresholds were set to be the same for high and low 
levels of regional innovation.

After constructing the truth table, during the counterfactual analysis, based on the results of the necessary condition 
analysis, some variable directions are predetermined in the sufficiency analysis process. For high-level regional inno-
vation, the conditional variable representing the government’s innovation actors is set to “1” to indicate the existence of 
such a necessary condition and other variables are set to “-”, indicating they are not a necessary condition. For low-level 
regional innovation, the conditional variable representing enterprise innovation actors is set to “0”, to indicate a neces-
sary condition and other variables are set to “-”, indicating they are not necessary. In this study, R software was used to 
analyze the sufficiency of the conditional configuration, and obtain the corresponding complex, intermediate, and parsi-
monious solutions. The intermediate solution was used as the main solution and the parsimonious solution was used as 
the secondary solution to determine the configurations that met the necessary conditions. Based on causal asymmetry, 
configuration analyzes were conducted separately for high and low level regional innovations. Referring to Fiss [69], a 
circle representation is used, where • and ⊗ denote the presence and absence of a condition, respectively, and large and 
small circles denote the core and edge conditions of complex and parsimonious solutions, respectively. The results of the 
sufficiency condition configurations are presented in Table 5.

As shown in Table 5, five configurations are obtained for high-level regional innovation and four configurations for low-
level regional innovation. The overall consistency values, as well as the consistency values of all configurations, are larger 

Table 4.  Analysis of necessary conditions.

Conditions High-Regional Innovation Performance Low-Regional Innovation Performance

Pooled 
Consistency

Pooled 
Coverage

BECONS 
Adj-distance

WICONS 
Adj-distance

Pooled 
Consistency

Pooled 
Coverage

BECONS 
Adj-distance

WICONS 
Adj-distance

Government 0.937 0.874 0.032 0.109 0.468 0.564 0.096 0.604

~Government 0.532 0.437 0.192 0.495 0.895 0.948 0.026 0.219

Enterprise 0.911 0.957 0.032 0.161 0.426 0.577 0.019 0.702

~Enterprise 0.597 0.446 0.103 0.414 0.968 0.933 0.022 0.115

University 0.888 0.870 0.061 0.155 0.459 0.580 0.119 0.633

~University 0.572 0.450 0.215 0.437 0.898 0.912 0.042 0.242

Openness 0.800 0.777 0.029 0.282 0.504 0.632 0.103 0.569

~Openness 0.621 0.493 0.055 0.431 0.822 0.841 0.032 0.311

Innovation Service 0.866 0.895 0.138 0.144 0.443 0.592 0.231 0.615

~Innovation Service 0.605 0.457 0.199 0.414 0.921 0.898 0.048 0.161

Human Capital 0.746 0.693 0.064 0.293 0.573 0.687 0.154 0.477

~Human Capital 0.663 0.546 0.115 0.397 0.744 0.791 0.064 0.414

Note: ~ denotes the absence of the condition.

https://doi.org/10.1371/journal.pone.0341011.t004

https://doi.org/10.1371/journal.pone.0341011.t004
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than 0.95, indicating that there is more than a 95% probability that high- or low-level regional innovation will be generated 
when the presented conditional configurations exist. Therefore, the conditional configurations derived in this study have 
good explanatory power for the observed results. Additionally, the solution coverage of the configurations for both high- 
and low-level regional innovations exceeds 0.85, indicating that the configurations cover more than 85% of the cases 
of high or low-level regional innovation. The configurations for high-level regional innovation, excluding Configuration 4, 
which has a raw coverage of 0.439, all have raw coverage values greater than 0.5, indicating that a single configuration 
covers more than half of the cases. In the configuration for low-level regional innovation, the raw coverage of all configura-
tions is greater than 0.5, except for Configuration 2, which has a raw coverage of 0.469, and Configuration 3, which has a 
raw coverage of 0.379.

4.2.4  Pooled consistency.  As shown in Table 5, Configuration 1, which leads to a high level of regional innovation, is 
dominated by innovation actors, with all three actors—government, enterprise, and university—forming the core conditions, 
with the innovation platform milieu. Configuration 1 is named “Triple-actor Collaboration with Platform Support”. This 
configuration embodies the “triple helix” theory, highlighting the importance of resource sharing, complementary advantages, 
and synergistic cooperation among government, industry, and universities in promoting regional innovation. Additionally, the 
establishment and enhancement of business incubators provide resources and favorable external conditions for regional 
innovation, particularly in business innovation, stimulating both innovation and entrepreneurship. This finding suggests that 
government-supported fiscal interventions should strategically prioritize fostering triple helix collaboration (industry-university-
research partnerships) and expanding innovation incubator networks, thereby creating synergistic mechanisms that enhance 
regional innovation performance through knowledge spillovers and entrepreneurial experimentation.

Configuration 2, core conditions reflects the synergy between government and enterprises as the primary drivers, with 
openness and innovation platforms serving as the key milieu. Configuration 2 is named “Government-Enterprise Driven 

Table 5.  Configuration paths for high regional innovation performance and low regional innovation performance.

https://doi.org/10.1371/journal.pone.0341011.t005

https://doi.org/10.1371/journal.pone.0341011.t005
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Open Innovation”. The government plays a macro-regulatory role in regional innovation, while enterprises serve as the 
main and most dynamic innovation agents in the market. The synergy between government and enterprises generates 
more innovation resources, promoting the transformation of strategic innovation plans into technology and product innova-
tions. In the current era of strategic globalization, our findings reveal that innovation ecosystems achieve optimal perfor-
mance through calibrated openness to external knowledge flows—including technology transfer, skilled labor mobility, and 
institutional R&D collaboration, resulting in greater market expansion. This openness dividend is further amplified by pre-
cision innovation services, collectively creating a dynamic innovation milieu that enhances both the efficiency and output 
quality of regional innovation actors while maintaining strategic autonomy.

Configuration 3, places enterprises, universities, and human capital at the core condition, with the open milieu as a 
peripheral condition. Configuration 3 is named “Enterprise-University-Human Capital Core in Open Context”. This config-
uration emphasizes the importance of both the origin of innovation (original research) and the development and diffusion 
of innovation (product innovation and market development) are essential for supporting regional innovation ecosystem. 
Universities cultivate talent and conduct regional innovation research, contributing primarily to original research. This 
university-enterprise symbiosis is further enhanced by specialized human capital that not only drives initial innovation cre-
ation but also facilitates knowledge diffusion. The open milieu condition amplifies these effects through strategic absorp-
tion of external resources, particularly in technology licensing and global talent circulation, while maintaining an optimal 
balance between openness and indigenous capability development that maximizes both innovation quantity and quality.

Configuration 4, the government and enterprises constitute the core conditions, the open milieu constitutes the core 
absent condition, and universities, human capital constitute the marginal absent conditions. Configuration 4 is named 
“Closed Government-Enterprise System”. This type of regional innovation is primarily driven by governments and enter-
prises in the absence of other conditions such as an open milieu. This configuration demonstrates that even within 
relatively closed economic systems, strategic public-private investment in innovation can generate high-level regional 
innovation performance through effective resource recombination and institutional coordination.

Configuration 5 is the government, universities, openness, innovation services, human capital as core conditions. 
Configuration 5 is named “Multi-Dimensional Enabling Environment for Holistic Innovation”. This configuration includes a 
more comprehensive set of drivers, including all three innovative milieu. This illustrates the importance of these innovative 
milieu and their synergies in regional innovation. The construction and improvement of a robust innovation milieu typically 
takes time and is characteristic of more mature regional innovation ecosystems. These systems rely on the synergistic 
effect of key innovation actors, including government innovation policies and resource allocation, science and technology 
R&D funding, and talent resources, all requiring active engagement from universities. As the foundation for knowledge 
creation and talent development, universities, under government guidance and support, are better positioned to carry out 
scientific and technological R&D, as well as provide the intellectual and talent support needed to achieve innovation policy 
goals.

The four low-level regional innovation configurations can be categorized into two types. The first is an  
enterprise–university-restricted type, which includes Configurations 1 and 3 for low-level regional innovation. Their con-
sistency levels are 0.996 and 0.993, covering 79.6% and 37.9% of cases, respectively. The core absent conditions are 
enterprises, universities; this type of configuration corresponds to the core conditions of high-level regional innovation 
(Configuration 1). This indicates that low-level R&D inputs of enterprises and universities and their synergies can lead to 
low-level regional innovation.

The second type is innovation actors-openness-limitations type, which includes Configurations 2 and 4 for low-level 
regional innovation. These configurations have consistency levels of 0.990 and 0.993, covering 46.9% and 65.1% of the 
cases, respectively. The core absent conditions are the two innovation actors and an open milieu. Specifically, the core 
absent conditions are enterprises, universities, and openness for Configuration 4, representing all of the core and periph-
eral conditions for Configuration 3 for high-level regional innovation. This emphasizes that low-level regional innovation is 
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typically associated with a closed economy. Moreover, in combination with the first type, the fundamental role of innova-
tion actors in regional innovation can be identified.

4.2.5  Between-group consistency.  The BECONS Adj-distance are all less than 0.2, indicating that the consistency 
levels of the configurations do not exhibit obvious time fluctuations; however, some change trends can still be observed. 
As shown in Fig 3, the consistency level of Configuration 3 exhibits an increasing trend over time and even reaches 
a value of one in 2022. This indicates that the explanatory strength of Configuration 3 increases over time. This 
configuration highlights the importance of education and human capital. Additionally, as shown in Fig 3, the consistency 
levels of the other configurations fluctuate slightly over time but are generally increasing. It is noteworthy that the 
consistency levels in 2022 are not only above the aggregated consistency level, but also above the initial level in 2016. 
This suggests that the results of the high-level regional innovation configurations considered in this study represent 
consistent developmental trends, and these factors may become increasingly important for regional innovation in China in 
the future.

By analyzing the temporal changes in the coverage of each configuration, we identified the trends in the number of 
coverage cases. As shown in Fig 4, all configurations except Configuration 4 exhibit an overall upward trend over time. 
The raw coverage values follow the order: Configuration 1 > 2 > 5 > 3 > 4. Configuration 1 represents regional innovation 
primarily driven by key innovation actors, indicating that a significant proportion of Chinese provinces and cities exhibit this 
type of innovation, with its coverage increasing annually. In contrast, Configuration 4, with fewer actors (only government 
and enterprises) and more missing conditions, explains fewer cases each year. This suggests that regional innovation is 
increasingly dependent on multi-factor linkages, rather than being driven by just a few factors.

Considering the historical trends and previous analysis, it can be inferred that future drivers of regional innovation will 
be more diverse and will exhibit multiple developments. Innovation actors have consistently played a fundamental role, 
and their importance has grown over time. Synergy among these actors will be crucial. For instance, increased coopera-
tion between enterprises, academia, and the government will enhance coordination within regional innovation ecosystem 
and strengthen the roles of all actors. Additionally, improving innovation service platforms, fostering external openness, 
promoting cooperative innovation, and upgrading human capital will be vital to advancing regional innovation. With the 
acceleration of globalization and digitization, the degree of regional openness is likely to increase, significantly impacting 
regional innovation.

Fig 3.  The consistency levels of the configurations vary over time.

https://doi.org/10.1371/journal.pone.0341011.g003

https://doi.org/10.1371/journal.pone.0341011.g003
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4.2.6  Within-group consistency.  Within-group analyzes were conducted to determine whether the results of the 
configurations differed across regions. The primary measure is the WICONS Adj-distance, which measures whether 
there are significant regional differences in the level of consistency across state configurations. A consistency-
adjusted distance greater than 0.2 indicates significant regional differences. After measurement, the WICONS 
Adj-distance of each configuration is less than 0.2 and the consistency level does not exhibit obvious differences 
between regions.

Although the consistency levels of the configurations across regions show little variation, examining the differences 
in coverage within each configuration reveals the regional distribution of cases explained by each configuration. The 30 
provinces and cities in China were divided into three regions (eastern, central, and western) based on geographic location 
and economic development.

As shown in Table 6, the coverage values for Configurations 1–3 and 5 follow: east > west > central, indicating their 
stronger explanatory power for the more developed eastern region with a mature regional innovation ecosystem and effi-
cient innovation collaboration. The western region, while less developed, benefits from government policies, making these 
configurations moderately applicable. The central region’s intermediate development stage results in weaker coverage. 
Configuration 4 shows the reverse pattern (west > central > east), as its limited conditions (only government and enter-
prises) better suit the western region’s underdeveloped regional innovation ecosystem. This configuration poorly explains 
the innovation-rich eastern region.

Fig 4.  The raw coverage of the configurations varies over time.

https://doi.org/10.1371/journal.pone.0341011.g004

Table 6.  The mean value of regional configuration coverage.

Configuration Eastern Central Western

Path 1 0.809 0.645 0.748

Path 2 0.834 0.524 0.647

Path 3 0.721 0.488 0.633

Path 4 0.328 0.704 0.744

Path 5 0.732 0.502 0.626

https://doi.org/10.1371/journal.pone.0341011.t006

https://doi.org/10.1371/journal.pone.0341011.g004
https://doi.org/10.1371/journal.pone.0341011.t006
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Representative cases of Configuration 1 include Hubei, Hunan, and Henan Provinces. These provinces were histori-
cally disadvantaged by their inland locations and late economic development, lagging behind the eastern coast. However, 
recent efforts to prioritize innovation and optimize industrial structures have accelerated economic growth. For instance, 
Hubei Province, located in central China along the Yangtze River, is rich in water and mineral resources. Traditionally an 
agricultural region, Hubei has embraced scientific and technological innovation through policies like the 2021 Guanggu 
Science and Technology Innovation Corridor Development Plan. This initiative supports emerging industries such as opto-
electronics, life sciences, and intelligent manufacturing. Hubei ranks among the top provinces in the number of colleges 
and research institutes, fostering close collaboration between academia and industry. Science-and-technology-based 
small and medium-sized enterprises and high-tech industries have thrived, with high-tech industries contributing over a 
trillion yuan in added value, accounting for more than 40% of industrial growth. The digital economy now represents 47% 
of GDP. Configuration 1 is characterized by active innovation actors and significant R&D investment, driven by strong 
demand for innovation. However, the region’s weak economic foundation and underdeveloped innovative milieu limit its 
progress. The regional innovation ecosystem relies heavily on inputs from actors and innovation services to sustain inno-
vative growth.

Fujian and Guangdong Provinces exemplify Configuration 2, characterized by high openness and robust private 
economies. Fujian, located on the southeastern coast and designated as a pilot free-trade zone, benefits from favor-
able geographic positioning and strong government support for private enterprise innovation. Policies such as “Several 
Measures on Promoting the Innovative Development of the Private Economy in Fujian Province” have fostered scientific 
advancements, particularly in new energy, driving high-quality industry development. In Fujian, enterprises are the primary 
drivers of innovation, benefiting from strong government support and market freedom. The province’s openness facilitates 
the inflow of advanced knowledge and technology, enabling rapid transformation of innovations into production benefits. 
This highly marketized regional innovation ecosystem is propelled by enterprise innovation, yet cultural and educational 
contributions, including universities and human capital, remain less prominent. To enhance innovation capacity, it is rec-
ommended that Fujian strengthen collaboration among industries, universities, and research institutes, while improving 
human capital development. These efforts will provide a stronger talent base and support sustainable, long-term innova-
tion development.

Zhejiang Province and Tianjin City exemplify Configuration 3, marked by R&D, human capital, and strong collabora-
tion among innovation actors. Zhejiang, located on China’s southeast coast, boasts a favorable ecological environment 
and deep cultural heritage. It hosts numerous high-level universities, key laboratories, and research centers, which drive 
innovation through close cooperation with enterprises. Zhejiang has developed advanced manufacturing and modern ser-
vice industries, fostering innovative enterprises and competitive industrial clusters. Traditional industries, such as silk and 
tea, have been upgraded, while the rapidly expanding digital economy propels industrial innovation. With its openness, 
Zhejiang establishes platforms like free-trade zones to attract investments and cultivate talent. Through policy support and 
infrastructure, it has built a diversified and high-quality human capital base. The primary drivers of innovation in Zhejiang 
are its education system, human capital, and collaboration among industries, universities, and research institutes. This 
regional innovation ecosystem leverages its strong R&D capabilities to ensure long-term innovation and development. 
However, further strengthening synergies among innovation actors and enhancing service platforms is needed to better 
align innovation processes with strategic goals and outcomes.

Representative cases of Configuration 4 include Guizhou and Yunnan provinces. Guizhou Province is located in the 
inland hinterland of Southwest China and has predominantly mountainous terrain. It has a low degree of openness to 
the outside world and a weak economic foundation. In recent years, the Guizhou provincial government has actively 
promoted the construction of an innovation system with a focus on taking advantage of the unique advantages of the big 
data industry. It has introduced policies, including the “Implementation Plan for Promoting the Deep Integration of Big Data 
and Industry, and Developing the Industrial Internet in Guizhou Province” to develop the big data industry (source from 
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Guizhou Provincial People’s Government Website). The rapid development of the big data industry has also enhanced 
regional innovation capacity and driven the development of other industries. However, the number and quality of colleges 
and universities in Guizhou are relatively limited, and there is an inadequate talent structure and shortage of talent in high-
tech fields. Additionally, Guizhou’s innovative milieu needs to be optimized and upgraded. Overall, Guizhou Province pos-
sesses relatively few innovation advantages and resources, and remains a relatively closed innovation system, primarily 
driven by the government and enterprises.

The representative cases of Configuration 5 include the Beijing Municipality. Beijing is the capital of China, possessing 
a high level of economic development, rich innovation resources, and a favorable innovative milieu. The drivers of regional 
innovation included in Configuration 5 are the most comprehensive among all configurations, reflecting that Beijing has 
a relatively complete regional innovation ecosystem. Beijing’s regional innovation resources are primarily focused on 
the sources of innovation, namely knowledge and originality. This characteristic is reflected in the number of scientific 
research institutions, scientific research talent, scientific research funds, and sectoral distribution of scientific and tech-
nological outputs in Beijing. The innovative approach is based on originality and emphasizes foundational research and 
advancements in cutting-edge technology. Innovation activities have a significant knowledge spillover and radiation effect, 
which can drive the development of science and technology innovation in neighboring regions and the country as a whole. 
Beijing also emphasizes comprehensive and coordinated development, including the in-depth integration of scientific and 
technological innovation with industrial upgrades, urban development, and social governance.

5.  Discussion

First, our research reveals that strong government innovation actors are necessary for high-level regional innova-
tion, while weak enterprise innovation actors are necessary for non-high regional innovation performance. This finding 
advances understanding of the government-market relationship in regional innovation systems. This finding aligns with 
the statist model of the Triple Helix framework by Etzkowitz and Leydesdorff [17], where governments control academia 
and industry, lead project development, and offer resource support for new initiatives. Moreover, it empirically validates 
Cooke’s claim that regulation is crucial for regional innovation [10].

Second, configuration 4 (government and enterprises with a lack of openness) supplements the open innovation theory. 
Existing literature emphasizes openness and external knowledge acquisition for regional competitiveness [70,71]. But this 
configuration shows that in some regional contexts, a relatively closed government-enterprise collaborative system can 
also achieve high innovation performance. It doesn’t deny the value of openness but refines its applicability: strong inter-
nal resource integration and institutional support can partly substitute external knowledge reliance. Further analysis shows 
this path explains western Chinese regions in early technological catch-up stages, which adopt a mission-driven.

Third, this study enhances the understanding of the Triple Helix theory through a comparative analysis of various con-
figurations. Configuration 1 confirms the university-industry-government tripartite collaboration as an optimal model [17]. In 
contrast, Configuration 2 (government-enterprise collaboration) and Configuration 3 (enterprise-university-human capital 
collaboration) show that regional innovation doesn’t always require perfect tripartite coordination. Instead, it can be driven 
by powerful combinations between two actors. This finding shifts the analytical focus from “the presence of three actors” to 
“how actors achieve functional complementary and effective interaction,” supporting Cai & Etzkowitz’s claim [71] that the 
Triple Helix shows structural variation.

Fourth, the measurement results show that innovation performance in all regions has improved over time. The 
between-group consistency reveals that regional innovation increasingly depends on complex interactions among multiple 
actors and environments. Within-group consistency indicates that configurations 1, 2, and 3 have stronger explanatory 
power in eastern regions than in central and western regions, while configuration 4 has greater explanatory power in west-
ern regions. Configuration 4 differs from others with its closed system and deficient innovation environment. This implies 
that in developed eastern regions, innovation is driven by multiple innovation actors and environments, with high external 
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knowledge dependence due to openness. In contrast, innovation in underdeveloped western regions mainly relies on 
internal drivers like government and enterprise innovation investments. Balland [72] pointed out that previous research 
had not sufficiently explored the region-specific knowledge structures and evolutionary stages, and our findings contribute 
to filling this research gap. These findings enhance the understanding of innovation driven mechanisms at different stages 
and offer references for targeted innovation policies.

6.  Conclusion, implication and generalization of the research

6.1  Conclusion

Drawing on CAS theory, this study investigates the dynamic evolution and configurational pathways of regional innovation 
ecosystems. First, we quantitatively assess regional innovation performance across Chinese provinces, with comparative 
analysis of eastern, central and western regions. Next we apply a novel dynamic fsQCA approach to identify evolutionary 
configuration pathways of regional innovation, including identifying the necessary and sufficient conditions by constructing 
conditional variables from key innovation actors and their development. Furthermore, we examined the temporal trends in 
these configurations and analyzed regional differences, as well as representative cases.

The main findings of this research are the following five aspects: First, based on the average values from 2016 to 2022, 
the top five provinces with the highest regional innovation performance were Guangdong, Jiangsu, Zhejiang, Shandong, 
and Beijing, while the bottom five were Gansu, Xinjiang, Ningxia, Hainan, and Qinghai. Regional innovation performance 
in all provinces improved over time. Second, the eastern region exhibited the highest regional innovation performance, 
followed by the central region, and then the western region. Third, the subsequent analysis of regional innovation driv-
ers revealed that a strong government innovation actor is a necessary condition for high-level regional innovation, while 
a weak enterprise innovation actor is a necessary condition for low-level regional innovation. Fourth, we identified five 
configurations driving high-level regional innovation and four driving low-level regional innovation. The configurations 
driving high-level regional innovation include: Triple-actor Collaboration with Platform Support; Government-Enterprise 
Driven Open Innovation; Enterprise-University-Human Capital Core in Open Context; Closed Government-Enterprise 
System; and Multi-Dimensional Enabling Environment for Holistic Innovation. Finally, between-group results suggest that 
the high-level regional innovation configurations may become increasingly important for regional innovation in the future, 
and regional innovation is increasingly dependent on multi-factor linkages, rather than being driven by just a few factors. 
Through within-group analysis, we observed that configurations 1, 2, 3, and 5 followed the order of east> west> central, 
while configuration 4 followed the order of west> central> east.

6.2  Practice implications

Based on our findings, we propose the following policy recommendations: First, R&D investment and collaboration among 
innovation actors are foundational for all types of regional innovation systems. Second, in regions experiencing rapid eco-
nomic growth and benefiting from policy dividends, strengthening investments in and coordination among innovation actors, 
while prioritizing innovation platform development to facilitate greater innovation resource flows, can capitalize on policy 
advantages and promote the efficiency of regional innovation ecosystems. Third, in regions with high openness and market 
activity, it is crucial to maintain institutional flexibility and balanced regulation while enhancing government-enterprise collab-
oration to sustain robust innovation momentum. By leveraging openness to attract external knowledge, technologies, and 
capital investments, while concurrently strengthening internal innovation platform development, regional innovation can be 
effectively advanced. Fourth, in regions with abundant educational and cultural resources, promoting closer enterprise and 
university collaboration, increasing R&D investment, advancing original innovation and technology commercialization, and 
continuously developing human capital can enhance the long term innovative capacity of the innovation ecosystem. Fifth, 
mature regional innovation systems will be crucial for sustaining regional innovation growth, particularly by further developing 
a robust innovation environment and culture, including innovation platforms, openness, and human capital.
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6.3  Generalization of the research

Although the theoretical framework and empirical findings of this study are based on the Chinese context, the employed 
CAS theory framework and dynamic QCA possess universal applicability, contributing value to relevant research in other 
regions. Consequently, their relevance and application can be extended beyond China, especially to economies in the 
process of rapid industrialization, technological catch-up, or economic transformation.

First, drawing on the CAS theory, this study reveals the laws governing the synergistic influence of innovation actors 
and the environment on regional innovation. In both mature innovation economies and emerging innovation regions, inno-
vation ecosystems are intricate systems composed of actors such as enterprises, universities, and governments, which 
adapt, learn, and interact under environmental factors. Therefore, the actor and environment co-evolutionary analysis 
framework provides a transferable paradigm for other regions. Second, the dynamic QCA method can discern the impact 
of different configurations of multiple conditions on outcomes. It is appropriate for analyzing the complex effects of diverse 
regional conditions on innovation performance, which is precisely what regions with different backgrounds need. Finally, 
the findings of this study can be translated into adaptable policy design principles for decision makers. For example, the 
positioning of government roles, the diversity of innovation models, and the spatial-temporal heterogeneity of innovation 
driven mechanisms hold practical reference value.

6.4  Limitations and future research

This study has limitations. First, regional innovation is influenced by diverse and variable factors, including economy, soci-
ety, culture, and policy. While key subjects and milieu factors are considered, not all variables or interactions are captured. 
Second, data constraints restricted the study’s temporal scope, with some variables excluded due to data quality or avail-
ability. Future research should incorporate sociocultural and policy dimensions to explore factor interactions more compre-
hensively. Expanding the dataset’s time-span, coverage, and granularity could further elucidate the dynamic processes of 
regional innovation.
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