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Against the backdrop of China’s “dual carbon” agenda and the push for high-quality development, 
coordinated development between producer services and manufacturing is increasingly viewed 
as a pathway for industrial upgrading. However, evidence on the spatiotemporal evolution and 
spatial spillovers of this integration across China’s provinces remains limited. Using panel data for 31 
provincial-level regions in China from 2013 to 2022, we construct entropy-weighted composite indices 
and quantify integration with a coupling coordination degree (CCD) model. Spatial dependence is 
assessed via global Moran’s I and local indicators of spatial association (LISA), and a spatial Durbin 
model (SDM) with effect decomposition is estimated to examine determinants and spillovers. 
CCD increases steadily over time but remains uneven, exhibiting a persistent east–central–west 
gradient with significant positive spatial autocorrelation and stable local clusters. General public 
service expenditure raises CCD mainly through within-province effects, and its spillover effects 
are comparatively weaker, whereas residents’ income and informatization strengthen CCD largely 
via positive spillovers to neighboring provinces. Industrial structure and labor force level show 
negative direct effects on CCD. Robustness checks confirm these findings. These results underscore 
the importance of strengthening local public services and cross-regional coordination to improve 
integration performance and better leverage spillovers. The “dual carbon” agenda is treated as policy 
context rather than a directly measured environmental outcome.
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As globalization and economic integration deepen, optimizing and upgrading industrial structures has become 
an important concern for economic development worldwide1–3. Producer services are widely recognized as 
expertise-intensive, talent-intensive, and information-intensive activities that can improve economic quality and 
enhance global competitiveness4,5. In China, the “dual carbon” agenda and the broader push for high-quality 
development have increased the policy relevance of upgrading producer services and manufacturing. Meanwhile, 
China has risen rapidly as the “world’s manufacturing factory” by leveraging cost advantages in labor, capital, 
and land resources. China’s manufacturing sector has expanded rapidly and has long been predominantly labor-
intensive6,7. Under the new development pattern, manufacturing is increasingly shifting from factor-driven 
expansion toward innovation-driven upgrading, and policy documents emphasize sustainable and intelligent 
transformation8,9. Recent statistics show that China’s industrial gross output value reached 39.91 trillion yuan in 
2023, accounting for 31.65% of GDP. Manufacturing accounted for 25.87% of GDP, and China has maintained 
the world’s largest industrial scale for 14 consecutive years10. These figures underscore the scale of manufacturing 
and the urgency of upgrading its development model. They also reinforce the practical relevance of examining 
how producer services can support manufacturing transformation through deeper coordination.

In recent years, industrial policies enacted by the Chinese government have outlined the strategic objective 
of facilitating deep convergence between producer services and manufacturing alongside the modernization of 
the industrial system11–13. This strategic deployment indicates that the relationship between producer services 
and manufacturing, hereafter referred to as the two sectors, is transforming from one-way dependence to mutual 
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support and co-evolution14–18. This industrial synergy can optimize resource allocation and enhance total factor 
productivity. It can also reduce cross-sector barriers and promote the diffusion of innovation factors, driving 
the industrial chain and value chain to move toward high-end development19–21. From an industrial interaction 
standpoint, producer services can strengthen coordination efficiency and knowledge diffusion in manufacturing 
by improving financing conditions, R&D support, logistics capability, and informatization. Conversely, 
manufacturing upgrading reshapes demand for specialized services and can stimulate service specialization 
and scale22,23. While these interactions are plausibly relevant to sustainability-oriented upgrading, the empirical 
focus of this study is the integration performance of the two sectors as measured by CCD, rather than direct 
environmental outcomes24–27. The “dual carbon” agenda is treated as policy context for interpreting upgrading-
related channels, while CCD remains the outcome variable.

A coherent explanation of coordinated development between the two sectors requires a framework that links 
the definition of coordination, the selection of drivers, and the logic of spatial interaction. This study integrates 
three complementary perspectives and translates them into analytical implications that guide measurement, 
variable selection, and model design. Together, these perspectives motivate the outcome definition, the driver 
set, and the need to identify spatial dependence and spillovers.

First, complex adaptive systems thinking treats producer services and manufacturing as interdependent 
subsystems. Their feedback and adaptation generate a system-level coordination outcome. This perspective 
motivates the use of CCD as the dependent variable because CCD captures the system-level state of coordination 
rather than single-sector performance.

Second, new structural economics highlights that sectoral coordination depends on local endowments, 
structural conditions, and the enabling role of public goods provision in facilitating structural transformation. 
This logic motivates our focus on local enabling conditions and transformation factors, including general public 
service expenditure, income conditions, structural upgrading, informatization, and labor force conditions. 
Existing evidence on integration mechanisms emphasizes that producer services agglomeration and the adoption 
and embedding of digital technologies can reshape manufacturing upgrading and strengthen producer services–
manufacturing linkages. This supports treating structural upgrading and informatization as key channels28–30.

Third, evolutionary economic geography emphasizes path dependence, proximity-based externalities, and 
diffusion through interregional networks. It implies that coordination outcomes may cluster spatially and that 
key drivers may produce spillovers across provincial borders through technology diffusion, factor mobility, 
market linkages, and policy learning. Empirical studies on coordinated development and green upgrading have 
documented spatial effects and spatiotemporal dependence patterns. These findings are consistent with the 
expectation that CCD and its determinants may exhibit spatial dependence in China’s provincial context21–34.

These theoretical implications require an empirical strategy that identifies both within-province effects and 
spillover effects. Spatial econometric approaches have been widely applied in coupling coordination research to 
examine spatial dependence and to separate direct effects from indirect effects under alternative interregional 
linkages35–38. Accordingly, this study characterizes spatial dependence using Moran’s I and LISA. It then estimates 
an SDM and conducts effect decomposition to distinguish within-province effects from spillover effects of key 
driving factors.

Existing literature on producer services and manufacturing integration has made important progress, 
but gaps remain regarding how CCD evolves and what drives it. Much research focuses on agglomeration, 
industrial interaction, and network embedding, including policy-driven agglomeration and cross-regional 
evolution mechanisms39–41. Certain studies evaluate the degree of coordinated development of the two sectors 
from industrial and regional viewpoints42. Other work analyzes driving factors using non-spatial regression 
frameworks that implicitly treat provinces as independent units43. Nonetheless, three limitations remain. First, 
the dynamic evolution of CCD has not been examined in sufficient depth. Second, systematic investigation 
into the spatial spillover effects of key drivers remains scarce, despite the likelihood that diffusion and mobility 
operate across provincial borders. Third, although many studies discuss integration within sustainability-
oriented policy narratives, the measurement boundary between integration performance and environmental 
outcomes is often not stated explicitly, which can create a positioning tension. These three limitations directly 
motivate our contributions on measurement, spatial spillover identification, and positioning.

To address these gaps, this study is guided by two research questions. The first research question concerns 
whether CCD exhibits significant spatial dependence and how it evolves over time and across space in China 
from 2013 to 2022. The second research question concerns which drivers shape CCD and whether they operate 
mainly through within-province effects or spatial spillovers. To answer the first question, this study constructs 
composite development indices for the two sectors and quantifies CCD to document its spatiotemporal evolution. 
To answer the second question, it estimates an SDM and conducts effect decomposition to identify both direct 
impacts and spatial spillovers of key driving forces. Spatial dependence is further characterized using Moran’s 
I and LISA. Future research can strengthen low-carbon evidence by incorporating direct indicators such as 
carbon intensity or environmental efficiency as additional outcomes or as components of the evaluation system.

Based on Chinese provincial panel data from 2013 to 2022, this study makes three contributions. First, it 
provides a reproducible province-year measure of CCD and documents its spatiotemporal evolution, thereby 
advancing evidence on dynamic evolution. Second, by embedding CCD in an SDM and conducting effect 
decomposition, it identifies not only whether key drivers matter, but also whether they operate primarily through 
within-province effects or through spatial spillover channels. Third, it develops policy-relevant implications 
under the high-quality development agenda and clarifies the measurement boundary between integration 
performance and environmental outcomes. This aligns the paper’s positioning with what is empirically measured 
while treating the “dual carbon” agenda as policy context.
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Research methods and selection of indicator variables
Entropy-weight method
In a multi-indicator comprehensive evaluation, an objective weighting scheme helps reduce subjectivity in index 
construction. This study applies the entropy-weight method separately to each subsystem to derive indicator 
weights and construct a composite development index for each province-year observation.

Data standardization
Due to differences in units and magnitudes across indicators, the original data are standardized using the min-
max method. Let Xptj  denote the original value of indicator j for province p in year t, and let N denote the 
number of provinces. The min and max operators are taken across provinces within the same year t.

	
Positive effect indicators. Zptj = xptj − minp (xptj)

maxp (xptj) − minp (xptj) � (1)

	
Negative effect indicators. Zptj = maxp (xptj) − xptj

maxp (xptj) − minp (xptj) � (2)

Indicator proportions
For each year t and indicator j, the proportion of province p is defined as

	
Yptj = zptj∑N

p=1 zptj

.� (3)

When 
∑ N

p=1zptj = 0, we set Yptj = 1
N  for all p to ensure that the entropy measure is well defined.

Information entropy of indicators
The information entropy of indicator j in year t is computed as

	
etj = −k

∑N

p=1
(Yptj × lnYptj) ,� (4)

where k = 1
ln(N)  ensures that 0 ≤ etj ≤ 1.When Yptj = 0, we set Yptj × lnYptj = 0.

Entropy redundancy
The information utility (redundancy) of indicator j in year t is defined as

	 dtj = 1 − etj .� (5)

A larger dtj  indicates greater information content and thus a higher contribution of that indicator to 
differentiating provinces in that year.

Indicator weights
The entropy-weight of indicator j in year t is given by

	
wtj = dtj/

∑n

j=1
dtj,� (6)

where n denotes the number of indicators within the subsystem. This weighting scheme ensures
∑ n

j=1wtj = 1.

Comprehensive evaluation
The comprehensive development index of the subsystem for province p in year t is calculated as a weighted sum 
of standardized indicators.

	
Spt =

∑
n
j=1wtj zptj .� (7)

In Eqs. (1)–(2), xptj  and zptj  represent the original and standardized values of indicator j, respectively, and the 
min and max operators are taken across provinces in the same year. Equations (3)–(6) define the entropy-based 
weights, and Eq. (7) yields the composite index Spt for each province year observation. The above procedure 
is implemented separately for the producer services subsystem and the manufacturing subsystem to obtain 
their respective composite development indices, denoted as SP S

pt  and SM
pt , which are subsequently used in the 

coupling coordination analysis.

Coupling coordination degree model
This study treats the development of producer services and manufacturing as two interacting subsystems and 
evaluates their coordinated development from four dimensions: industry scale, economic efficiency, development 
potential, and social benefits44–46.

Let p denote province and t denote year. Let SP S
pt  and SM

pt  denote the composite development indices of 
producer services and manufacturing, respectively, which are computed using the entropy-weight method in 
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Sect. 2.1 (Eq. (7)). The coupling degree Cpt, the comprehensive coordination index Tpt, and CCD Dpt are 
defined as follows:

	
Cpt = 2 ×

SP S
pt × SM

pt

(SP S
pt + SM

pt )2 ,

	 Tpt = α SP S
pt + β SM

pt ,

	 Dpt =
√

Cpt · Tpt.� (8)

In Eq.  (8), Cpt measures the strength of interaction between the two subsystems, Tpt reflects their overall 
development level, and Dpt represents the CCD. A larger Dpt indicates a higher level of coordinated 
development between producer services and manufacturing. Parameters α  and β  are weighting factors that 
reflect the relative importance of the two subsystems. Consistent with the common practice in the literature, this 
study assumes equal importance and sets α = β = 0.5.

Following standardized CCD classification protocols, Table  1 presents the corresponding ten-level 
categorization criteria for interpreting the value of Dpt.

Spatial Moran’s index
To examine whether the CCD exhibits spatial dependence across Chinese provinces, this study employs the 
global Moran’s I statistic. Let Dpt denote the CCD value of province p in year t, where p = 1, 2, . . . , N  and 
N = 31. The global Moran’s I for year t is calculated as

	
It =

∑N

p=1

∑N

q=1wpq

(
Dpt − D

) (
Dqt − Dt

)

s2
t

∑N

p=1

∑N

q=1wpq

.� (9)

where Dt = 1
N

∑
N
p=1Dpt, s2

t = 1
N

∑ N

p=1(Dpt − Dt)
2, and wpq  are the (p, q) element of the spatial 

weight matrix W . In this study, W  is constructed as a binary queen-contiguity matrix: wpq = 1 if provinces 
p and q share a common border or vertex, and wpq = 0 otherwise. The diagonal elements satisfy wpp = 0.

A positive Moran’s I indicates spatial clustering of similar CCD levels across neighboring provinces, 
whereas a negative Moran’s I indicates spatial dispersion. Statistical significance is evaluated using the normal 
approximation. Specifically, the standardized Z statistic is computed as

	
Z (It) = It − E (It)√

V ar (It)
.� (10)

where E (It) and V ar (It) denote the theoretical expectation and variance of Moran’s I under the null 
hypothesis of spatial randomness. Under a two-sided test at the 5% significance level, |Z (It)| > 1.96 indicates 
statistically significant spatial autocorrelation.

Spatial econometric models
Spatial econometric models are widely used to analyze panel data with spatial dependence. This study focuses 
on three standard specifications, namely the SAR model, the spatial error (SEM) model, and the SDM model. 
The SAR model captures spatial dependence through the spatial lag of the dependent variable, whereas the SEM 
model captures spatial dependence through the error term. The SDM nests the SAR and SEM as special cases 
and allows spatial dependence in both the dependent variable and the explanatory variables, which makes it 
suitable for identifying spatial spillovers.

To examine how key drivers affect CCD Dpt, this study follows a stepwise specification strategy. First, SAR 
and SEM are estimated as benchmark models. Second, diagnostic tests including the LM test and robust LM test 
are used to assess residual spatial dependence and to guide the choice of specification. Third, the SDM is selected 
as the main model, and the Wald test and LR test are used to examine whether the SDM can be simplified to the 
SAR or SEM. The SDM with province fixed effects is specified as follows.

	
Dpt = α + ρ

N∑
q=1

wpqDqt + β Xpt +
N∑

q=1

wpqXqtθ + µ p + ϵ pt� (11)

Coupling coordination level Extreme Dissonance Severe Dissonance Intermediate Dissonance Primary Dissonance Threatened Dissonance

Coupled coordination D-value 0.00 < D ≤ 0.10 0.10 < D ≤ 0.20 0.20 < D ≤ 0.30 0.30 < D ≤ 0.40 0.40 < D ≤ 0.50

Coupling coordination level Barely coordinated
Primary 
coordination

Intermediate 
coordination Good coordination Quality coordination

Coupled coordination D-value 0.50 < D ≤ 0.60 0.60 < D ≤ 0.70 0.70 < D ≤ 0.80 0.80 < D ≤ 0.90 0.90 < D ≤ 1.00

Table 1.  Classification criteria for CCD ( Dpt).
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In formula (11), Dpt denotes the coupling coordination degree of province p in year t. α is the constant 
term. W = (wpq) is the spatial weight matrix constructed using the queen contiguity criterion described in 
Sect. 2.3, with wpp = 0, and W  is row-standardized so that 

∑ N

q=1wpq = 1. ρ  is the spatial autoregressive 
coefficient. Xpt is a vector of explanatory variables. β  and θ  are coefficient vectors associated with local 
covariates and their spatial lags, respectively. µ p represents the province fixed effects. ϵ pt is the error term.

Measurement and analysis of the coordination degree between the producer 
services and the manufacturing
Data sources and processing
This study draws on four official data sources, namely the China Economic Census Yearbook, the China Statistical 
Yearbook, the China Industrial Statistical Yearbook, and the China Tertiary Industry Statistical Yearbook. These 
sources provide annual, province-level data on producer services and manufacturing for 31 provinces in 
China, excluding Hong Kong, Macao, and Taiwan, over the period 2013 to 2022. The resulting indicators cover 
economic output, employment-related measures, and sectoral structure variables, which are used to construct 
the composite development indices and CCD.

Missing values were handled using linear interpolation within each province over time to maintain a balanced 
panel. This approach was applied only when data gaps were limited, with missing observations accounting for 
less than 10% for each indicator. Sensitivity to imputation was assessed through robustness checks that compared 
the main results with alternative treatments of missing data, including deleting interpolated observations and 
using mean substitution. The results indicate that interpolation does not materially affect the findings.

Evaluation index system of coupling coordination degree between producer services and 
manufacturing
An evaluation index system was constructed to measure the development level of producer services and 
manufacturing. Consistent with composite index approaches that evaluate industrial performance through 
multiple dimensions rather than a single output measure, sectoral development is conceptualized as a 
multidimensional construct reflecting capacity, efficiency, growth potential, and social outcomes47. Accordingly, 
the indicator system is organized into four first-level dimensions, namely industry scale, economic efficiency, 
development potential, and social benefits. The entropy weight method is applied to assign objective weights and 
compute composite development indices for each sector, which are then used to calculate CCD.

Industry scale captures the basic capacity foundation of each sector and is measured by the number of legal 
entities, sector gross domestic product, and total fixed asset investment, which jointly reflect organizational base, 
output capacity, and capital accumulation that can support upgrading and deeper service embedding. Economic 
efficiency captures development quality and is measured by labor productivity, profit margin, and cost-expense 
related indicators, which reflect productivity performance, profitability, and cost control. Productivity and its 
links to wages and employment are widely used for assessing efficiency-related development quality48, and 
manufacturing and services integration has been shown to influence resource allocation and manufacturing 
labor productivity, which supports the use of efficiency indicators in this integration context49. Development 
potential reflects the capacity for sustained expansion and upgrading and is proxied by the sector value-added 
share within the tertiary or secondary industry and the growth rates of value added, total profit, and income, 
capturing both structural position and growth momentum. Social benefits are represented by average wage and 
number of employees, reflecting inclusive outcomes and the labor market relevance of sectoral development, 
which is consistent with broader performance assessment perspectives that incorporate social aspects alongside 
competitiveness and efficiency.

The entropy-weight method determines indicator weights based on information content and dispersion, 
which helps reduce subjectivity in weighting and aggregation. This is consistent with recent research emphasizing 
objective and transparent procedures for constructing composite performance indicators50. The indicator system 
and the corresponding entropy-based weights are reported in Table 2. The stability of the weighting scheme is 
examined through robustness tests, confirming that the main conclusions are not driven by a particular weighting 
configuration. The dual carbon agenda is used as a policy context to motivate the relevance of sustainability-
oriented upgrading, while the empirical measurement in this study focuses on integration performance as 
captured by CCD rather than direct environmental outcomes.

Measurement of the coupling coordination degree between the producer services and 
manufacturing
Following Eqs.  (1) and (2), all indicators were standardized using min–max scaling, with positive-effect and 
negative-effect indicators treated accordingly. The entropy weight method was then applied to derive indicator 
weights (Eqs. (3)–(6)) and compute the composite development indices for each subsystem (Eq. (7)). Specifically, 
the composite development indices were denoted as SP S

pt  and SM
pt , calculated separately for each subsystem. 

Based on SP S
pt  and SM

pt , we computed the coupling degree Cpt, the comprehensive coordination index Tpt, and 
CCD Dpt using Eq. (8), with subsystem weights set to α = β = 0.5. The resulting province-year CCD values 
for 31 provinces from 2013 to 2022 are reported in Table 3, with results summarized by the eastern, central, and 
western economic zones. CCD levels were further interpreted using the ten-level classification criteria reported 
in Table 1. Spatial dependence and local clustering patterns of CCD were examined using Moran’s I and LISA 
based on a first-order queen-contiguity spatial weight matrix W . The same W  specification is used consistently 
in the spatial dependence tests and the SDM estimation.
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Analysis of the coupling coordination degree between producer services and manufacturing
Using the province-year CCD values (hereafter denoted as D) for 31 provinces from 2013 to 2022 (Table 3), the 
coupling coordination between producer services and manufacturing shows a gradual upward trend nationwide. 
However, most provinces remained in the dissonance categories defined in Table 1 (D ≤ 0.50), indicating that the 
improvement in CCD has not translated into broadly coordinated development in most provinces. Notably, the 
number of provinces with D > 0.50 increased from 5 in 2013 to 9 in 2022. These provinces were mainly located 
in the eastern region (6 of 11) and the central region (3 of 8). No western province reached D > 0.50 in 2022, 
indicating a persistent east–central–west gradient in coordination outcomes.

Figure 1 further shows that the eastern region had the highest CCD levels. In 2022, D ranged from 0.420 
to 0.765, spanning Threatened Dissonance (0.40 < D ≤ 0.50) to Intermediate coordination (0.70 < D ≤ 0.80) 
according to Table 1. Jiangsu, Zhejiang, Shandong, and Guangdong maintained D > 0.50 for most years, suggesting 
relatively stable coordination between the two sectors. Guangdong ranked first in 2022 (D = 0.765; Table 3). In 
contrast, Hainan and Tianjin remained at comparatively low levels, with ten-year mean values of 0.291 (Hainan) 
and 0.375 (Tianjin), indicating substantial within-region heterogeneity in coordination outcomes.

As shown in Fig. 2, the central region exhibits relatively low CCD levels, ranging from 0.304 to 0.561, and 
overall falls mainly within the dissonance categories, particularly Primary Dissonance (0.30 < D ≤ 0.40) and 
Threatened Dissonance (0.40 < D ≤ 0.50). At the same time, some provinces reached the coordination category 
of Barely coordinated (0.50 < D ≤ 0.60). Henan performs best, with CCD values consistently above 0.50 over 
2013–2022 (0.514–0.561) and a ten-year mean of 0.535. By contrast, Heilongjiang records the lowest long-term 
performance, with a ten-year mean of 0.347, which corresponds mainly to Primary Dissonance according to 
Table 1. Overall, CCD in the central region improves gradually, yet most provinces do not sustain D > 0.50 over 
time, suggesting that coordinated development between the two sectors remains uneven.

As presented in Fig. 3, the western region records the lowest CCD, ranging from 0.227 to 0.496, and does not 
reach the coordination categories defined in Table 1 (D > 0.50) throughout the observation period. Sichuan leads 
the western region, with a ten-year mean of 0.455 and rising to 0.496 in 2022, which remains within Threatened 
Dissonance (0.40 < D ≤ 0.50) according to Table  1. Ningxia remains among the weakest performers, with a 
ten-year mean of 0.272, mainly within Intermediate Dissonance (0.20 < D ≤ 0.30). These patterns indicate that, 
despite an upward trajectory, the western region has not yet formed a stable coordination pattern comparable to 
the eastern region and the leading central provinces.

In sum, CCD exhibits pronounced regional heterogeneity, with a clear east–central–west gradient and 
substantial within-region differences. Differences in structural upgrading and factor allocation may be associated 

Subsystem
First-level 
Indicator Second-level Indicator Unit Weight Variable

Producer 
Services

Industry Scale

Legal Entities Units 0.158 X1

Gross Domestic Product Billion Yuan 0.138 X2

Total Fixed Asset Investment Billion Yuan 0.095 X3

Economic 
Efficiency

Labor Productivity Billion Yuan/10,000 
People 0.077 X4

Profit margin of producer services revenue % 0.111 X5

Cost Profit Expense Ratio of the Producer services % 0.121 X6

Development 
Potential

The Proportion of Added Value of Producer services in the Added Value of the Tertiary Industry % 0.029 X7

Growth Rate of Producer services % 0.018 X8

Growth Rate of Total Profit of Producer services % 0.082 X9

The growth rate of income from producer services % 0.016 X10

Social 
Benefits

Average Wage of Employees in the Producer services Yuan 0.055 X11

Number of Employees Persons 0.102 X12

Manufacturing

Industry Scale

Legal Entities Units 0.250 Y1

Gross Domestic Product Billion Yuan 0.138 Y2

Total Fixed Asset Investment Billion Yuan 0.179 Y3

Economic 
Efficiency

Labor Productivity Billion Yuan/10,000 
People 0.080 Y4

Profit Margin of the Manufacturing % 0.003 Y5

Cost-Expense Ratio of Manufacturing % 0.004 Y6

Development 
Potential

The proportion of the Added Value of the Manufacturing in the Added Value of the Secondary 
Industry % 0.013 Y7

Growth Rate of Manufacturing % 0.034 Y8

Growth Rate of Total Profit of Manufacturing % 0.013 Y9

The growth rate of income from the Manufacturing % 0.024 Y10

Social 
Benefits

Average Wage of Employees in the Manufacturing Yuan 0.055 Y11

Number of Employees Persons 0.208 Y12

Table 2.  Index System for Coupling Coordination Degree between Producer Services and Manufacturing.
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Fig. 1.  Temporal trajectories of CCD (D) between producer services and manufacturing in Eastern China (11 
provinces), 2013–2022.

 

Province 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022

East

Beijing 0.388 0.344 0.384 0.391 0.393 0.444 0.399 0.411 0.439 0.429

Tianjin 0.381 0.347 0.383 0.385 0.373 0.412 0.351 0.361 0.377 0.375

Hebei 0.463 0.438 0.462 0.478 0.498 0.530 0.495 0.509 0.525 0.535

Liaoning 0.469 0.416 0.429 0.370 0.391 0.410 0.376 0.373 0.399 0.392

Shanghai 0.426 0.386 0.424 0.433 0.441 0.470 0.442 0.451 0.471 0.468

Jiangsu 0.653 0.625 0.668 0.673 0.703 0.759 0.706 0.720 0.750 0.756

Zhejiang 0.558 0.523 0.551 0.568 0.584 0.626 0.598 0.619 0.645 0.653

Fujian 0.448 0.417 0.457 0.453 0.479 0.523 0.488 0.501 0.527 0.532

Shandong 0.610 0.577 0.608 0.623 0.632 0.668 0.621 0.642 0.673 0.677

Guangdong 0.646 0.622 0.644 0.657 0.687 0.731 0.733 0.742 0.760 0.765

Hainan 0.282 0.242 0.281 0.277 0.288 0.325 0.290 0.290 0.324 0.309

Central

Shanxi 0.335 0.304 0.328 0.332 0.337 0.376 0.337 0.352 0.391 0.399

Jilin 0.347 0.329 0.359 0.364 0.356 0.386 0.324 0.337 0.349 0.337

Heilongjiang 0.351 0.340 0.347 0.354 0.344 0.377 0.323 0.328 0.353 0.355

Anhui 0.433 0.399 0.428 0.438 0.455 0.502 0.470 0.484 0.502 0.502

Jiangxi 0.401 0.368 0.400 0.405 0.417 0.457 0.426 0.435 0.455 0.462

Henan 0.514 0.488 0.528 0.543 0.533 0.561 0.532 0.539 0.558 0.558

Hubei 0.462 0.422 0.453 0.453 0.468 0.518 0.483 0.477 0.508 0.506

Hunan 0.430 0.397 0.425 0.431 0.449 0.508 0.456 0.466 0.478 0.485

Western

Inner Mongolia 0.379 0.346 0.354 0.363 0.348 0.393 0.347 0.355 0.403 0.402

Guangxi 0.363 0.331 0.362 0.374 0.378 0.417 0.382 0.390 0.407 0.406

Chongqing 0.392 0.364 0.399 0.426 0.411 0.442 0.406 0.420 0.436 0.430

Sichuan 0.440 0.398 0.433 0.441 0.443 0.492 0.459 0.469 0.482 0.496

Guizhou 0.382 0.330 0.388 0.402 0.395 0.485 0.428 0.425 0.444 0.427

Yunnan 0.356 0.322 0.354 0.358 0.368 0.415 0.385 0.394 0.414 0.417

Tibet 0.280 0.228 0.257 0.277 0.279 0.392 0.307 0.285 0.291 0.274

Shaanxi 0.384 0.351 0.373 0.376 0.385 0.422 0.386 0.387 0.409 0.424

Gansu 0.282 0.275 0.277 0.293 0.277 0.327 0.277 0.284 0.326 0.317

Qinghai 0.239 0.227 0.271 0.267 0.281 0.334 0.268 0.271 0.290 0.389

Ningxia 0.275 0.229 0.253 0.259 0.255 0.306 0.267 0.266 0.313 0.299

Xinjiang 0.308 0.268 0.287 0.315 0.315 0.364 0.311 0.312 0.358 0.347

Table 3.  Coupling Coordination Degree of Producer Services and Manufacturing in China’s Provinces from 
2013 to 2022.
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with the observed gradient, and these potential channels are examined in Sect. 5. The regional gradient is also 
consistent with policy narratives emphasizing sustainability-oriented upgrading, while the present study focuses 
on CCD as an integration performance measure and does not directly evaluate environmental outcomes. These 
patterns motivate the subsequent spatial dependence analysis in Sect. 4, which examines spatial autocorrelation 
and local clustering of CCD across provinces.

Spatial and temporal distribution characteristics of the coupling coordination 
degree between producer services and manufacturing
Spatial autocorrelation test of CCD
To further examine the spatial dependence of CCD (D), we construct a spatial weight matrix (W) using a first-
order Queen contiguity criterion. Specifically, wpq = 1 when provinces p and q share a common boundary or 
vertex, and wpq = 0 otherwise, with wpp = 0. Compared with the Rook contiguity matrix, the Queen criterion 

Fig. 3.  Temporal trajectories of CCD (D) between producer services and manufacturing in Western China (12 
provinces), 2013–2022.

 

Fig. 2.  Temporal trajectories of CCD (D) between producer services and manufacturing in Central China (8 
provinces), 2013–2022.
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incorporates both edge- and vertex-based adjacency and therefore captures a broader set of geographically 
proximate linkages among provinces. We adopt a contiguity-based matrix because coordination spillovers 
between producer services and manufacturing are most likely transmitted through adjacent administrative 
units, including cross-border factor mobility, infrastructure connectivity, and policy diffusion. For comparability 
across provinces, the spatial weight matrix is row-standardized in the SDM estimation. The same first-order 
Queen contiguity specification is used consistently in the spatial dependence tests and the SDM estimation.

Based on W, we apply Global Moran’s I to test the spatial autocorrelation of CCD (D). Moran’s I evaluates 
whether provinces with similar CCD levels are spatially clustered. As reported in Table 4, Moran’s I remains positive 
throughout 2013–2022 (0.391–0.455), indicating positive spatial autocorrelation in CCD. All Z-statistics exceed 
the 5% critical value of 1.96, and the corresponding p-values are p < 0.001, confirming statistically significant 
spatial dependence in CCD for each year. These results provide empirical motivation for the subsequent local 
spatial association analysis and support the use of spatial econometric models in the driver analysis.

Moran scatter plots of the coupling coordination degree between producer services and 
manufacturing
To complement the Global Moran’s I results in Sect. 4.1, this study reports Moran scatter plots of CCD (D) for 
2013, 2018, and 2022 in Fig. 4. These plots provide an intuitive visualization of spatial dependence by relating 
each province’s CCD (D) to its spatially lagged value, thereby illustrating spatial association patterns that may not 
be fully conveyed by a single global statistic. In each Moran scatter plot, the horizontal axis is the standardized 
CCD (D), obtained by mean-centering and scaling by the standard deviation, and the vertical axis is the spatially 
lagged CCD (D) computed from the first-order Queen contiguity spatial weight matrix W  described in Sect. 
4.1. When computing the spatial lag, W  is row-standardized so that each row sums to one. Observations in the 
high–high and low–low quadrants indicate positive spatial association, whereas observations in the low–high 
and high–low quadrants indicate potential local spatial outliers. Overall, the scatter plots are consistent with 
the significant Global Moran’s I statistics reported above, suggesting that CCD (D) exhibits non-random spatial 
dependence across provinces.

In 2013, a large share of provinces locate in the high–high (HH) and low–low (LL) quadrants of the Moran 
scatter plot (21 out of 31, approximately 68%), suggesting that positive spatial association is prevalent. Points in 
the HH quadrant are mainly concentrated in the eastern coastal region, whereas points in the LL quadrant are 
largely observed in inland and northwestern areas. Only a small number of observations fall into the high–low 
(HL) and low–high (LH) quadrants, indicating potential local spatial outliers. This visual pattern is consistent 
with the positive and statistically significant Global Moran’s I reported for 2013 in Table 4.

In 2018, the share of observations in the HH and LL quadrants remains similar (21 provinces, approximately 
68%). The HH pattern continues to be more pronounced in the coastal region, while the LL pattern remains 
concentrated in inland and northwestern areas. A limited number of observations fall into the HL or LH 
quadrants, again suggesting potential local outliers. Overall, the 2018 scatter plot remains consistent with the 
significant Global Moran’s I reported in Table 4.

Fig. 4.  Moran scatter plots of CCD (D) in 2013, 2018, and 2022 based on the first-order Queen contiguity 
weight matrix.

 

Years 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022

Moran’s I 0.403 0.391 0.431 0.416 0.449 0.417 0.439 0.455 0.436 0.410

E(I) −0.033 −0.033 −0.033 −0.033 −0.033 −0.033 −0.033 −0.033 −0.033 −0.033

SD(I) 0.116 0.116 0.116 0.116 0.116 0.115 0.115 0.116 0.115 0.115

Z 3.734 3.663 4.008 3.881 4.168 3.886 4.089 4.222 4.070 3.826

p-value* 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Table 4.  Global Moran’s I for CCD(D) (2013–2022).
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In 2022, the proportion of observations in the HH and LL quadrants increases (24 provinces, approximately 
77%), indicating a more consolidated spatial association pattern than in 2018. The HH quadrant continues 
to be dominated by eastern coastal provinces, while the LL quadrant remains concentrated in parts of inland 
and northwestern China. The number of observations in the HL/LH quadrants is small, implying that local 
deviations exist but are not dominant in the overall spatial pattern.

Overall, the Moran scatter plots suggest a stable coastal–inland contrast in CCD, characterized by persistent 
clustering of relatively high coordination levels in the eastern coastal region and relatively low coordination levels 
in parts of inland and northwestern China. This pattern is broadly consistent with recent evidence that linkages 
between manufacturing and producer services tend to exhibit stronger spatial clustering in eastern China, while 
corresponding patterns are weaker in many central and western settings51. In contrast, studies using distance-
based spatial structures at finer spatial scales often report that spatial influence attenuates beyond a finite range, 
implying that the apparent strength of local association can vary with spatial scale and the specification of W 52.

Analysis of driving factors for the coupling and coordination degree between the 
producer services and manufacturing
Selection of driving factors
Prior studies identify multiple determinants of coordination between producer services and manufacturing, 
including economic development, transportation conditions, openness, labor quality, research and development 
capacity, capital accumulation, and human capital53–56. Building on this evidence, this study develops a theory-
integrated driver framework that links mechanisms to variable selection and to the spillover structure captured 
by the SDM.

The theoretical integration follows a unified logic. Complex adaptive systems thinking treats producer services 
and manufacturing as interdependent subsystems whose coordination emerges from feedback, adaptation, and 
matching between the two sectors. This implies that CCD (D) is shaped by both enabling conditions and the 
compatibility of sectoral upgrading paths. New structural economics explains how local endowments, structural 
transformation, and public goods provision influence coordination by reducing transaction costs and improving 
factor allocation. Evolutionary economic geography explains why coordination and its determinants may be 
spatially interdependent through path dependence, proximity-based externalities, and diffusion processes 
across provinces. Taken together, these perspectives imply that key drivers can operate through within-province 
channels and through spatial spillover channels. This implication motivates the SDM specification and the 
formulation of hypotheses on both direct effects and spillover effects.

Based on new structural economics, general public service expenditure (Ln GPSE) captures the enabling 
role of public investment and institutional support. Higher Ln GPSE is expected to improve the business 
environment and infrastructure conditions that facilitate producer services and manufacturing coordination. 
It can also strengthen governance capacity that supports productivity-enhancing upgrading under the relevant 
policy context57–60. From an interprovincial perspective, Ln GPSE may generate spillovers through policy 
learning and demonstration effects in geographically proximate regions. The spillover channel is expected to be 
weaker than the direct channel because public goods provision is largely place-based.

Based on complex adaptive systems thinking, informatization level (IL) and labor force level (LFL) capture 
two core capacities that affect system adaptation and coordination efficiency. Higher IL is expected to improve 
connectivity, information processing, and coordination efficiency across production and service activities. It can 
also facilitate knowledge diffusion and cross-regional collaboration. A stronger labor force base can enhance 
absorptive capacity and improve the ability to integrate service inputs into manufacturing upgrading. Its effect 
can be positive when labor resources reflect skill-based upgrading and learning capacity. It can be negative when 
labor expansion mainly reflects low-end factor dependence and reinforces mismatched specialization61,62.

Based on evolutionary economic geography, residents’ income (Ln RHI) captures demand-side upgrading 
and market scale effects that can reshape demand for producer services and manufactured goods. Industrial 
structure (IS) reflects supply-side specialization and upgrading that may influence the matching relationship 
between the two sectors. Both drivers can operate through spatial spillovers because demand expansion, 
technology diffusion, and industrial reorganization often propagate through interprovincial networks and 
geographic proximity. Their net effects depend on whether structural upgrading strengthens complementary 
matching or induces structural mismatch between the two sectors63,64. The “dual carbon” agenda provides policy 
context for interpreting upgrading-related channels and regionally differentiated implications65–70.

Based on the above logic, five core explanatory variables are selected, namely Ln GPSE, Ln RHI, IS, IL, and 
LFL. Their definitions and symbols follow Table 5 to ensure consistency across descriptive statistics and model 
estimation. Given the statistically significant spatial dependence of CCD (D) in Sect. 4.1 (Table 4), we formulate 
testable hypotheses on both direct effects and spatial spillover effects before presenting model results.

H1. Ln GPSE is expected to have a positive direct effect on CCD (D) and a positive spatial spillover effect.
H2. Ln RHI is expected to have a positive direct effect on CCD (D) and a positive spatial spillover effect.
H3a. IS is expected to have a positive direct effect on CCD (D) and a positive spatial spillover effect 
when structural upgrading strengthens complementary matching between producer services and 
manufacturing.
H3b. IS is expected to have a negative direct effect on CCD (D) and a negative spatial spillover effect when 
structural upgrading induces structural mismatch.
H4. IL is expected to have a positive direct effect on CCD (D) and a positive spatial spillover effect.
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H5a. LFL is expected to have a positive direct effect on CCD (D) and a positive spatial spillover effect 
when labor resources primarily reflect skill-based upgrading and absorptive capacity.
H5b. LFL is expected to have a negative direct effect on CCD (D) and a negative spatial spillover effect 
when labor resources reinforce low-end factor dependence.

Descriptive statistics of variables
Using a balanced province–year panel of 31 provinces over 2013–2022 (N = 310), this section reports descriptive 
statistics for CCD (D) and the five driving factors used in the subsequent SDM analysis. Table 5 summarizes 
the mean, standard deviation, and minimum–maximum values for each variable. The average CCD (D) is 0.424 
(0.227–0.765), indicating substantial variation across provinces and over time. Notably, IL exhibits the greatest 
dispersion among the driving factors, suggesting pronounced cross-regional heterogeneity in informatization. 
These statistics provide a foundation for estimating and interpreting direct and spatial spillover effects in Sect. 
5.3.

Selection of spatial econometric models
To select an appropriate spatial panel specification for examining the relationship between CCD (D) and its 
driving factors, we follow standard model selection procedures, with the test results reported in Table 6. First, 
diagnostic tests indicate spatial dependence. Moran’s I computed on the residuals of the non-spatial two-
way fixed-effects panel model is significant at the 10% level (z = 1.733, p = 0.083), and the LM tests are also 
significant. Specifically, LM-error is significant at the 1% level (p < 0.01), and LM-lag is significant at the 10% 
level (p = 0.091). Both robust LM-error and robust LM-lag are significant (p < 0.01), indicating that a spatial 
econometric specification is necessary.

Second, the Wald test and Likelihood Ratio (LR) test are used to examine whether the SDM can be simplified 
to the Spatial Autoregressive model (SAR) or the Spatial Error model (SEM). Both LR and Wald tests reject the 
corresponding restrictions at the 1% level (p < 0.01), supporting SDM as an appropriate specification.

Third, the LR tests for fixed effects reject the absence of time fixed effects and province fixed effects at the 1% 
level (p < 0.01), supporting a two-way fixed-effects structure. Model selection between fixed and random effects 
in the Spatial Durbin framework relies on the Hausman test results. The Hausman test results are significant at 
the 1% significance level. Therefore, this paper ultimately selects the two-way fixed-effects SDM.

Analysis of regression results of SDM
Based on the two-way fixed-effects SDM estimates reported in Table  7, significant within-province effects 
and selective spatial spillovers are observed for CCD (D). For the local coefficients, Ln GPSE is positive and 
significant (b = 0.0734, p < 0.001), whereas IS (b = − 0.0139, p = 0.009) and LFL (b = − 0.0342, p = 0.004) are 
negative and significant. These negative coefficients may indicate that structural adjustment and the enabling 
conditions captured by IS and LFL do not fully translate into higher CCD (D) in this specification. In contrast, 

Test item Test value P value

LM test

Moran’s I 1.733* 0.083

LM-error 47.227*** 0.000

Robust LM-error 56.967*** 0.000

LM-lag 2.861* 0.091

Robust LM-lag 12.600*** 0.000

LR test
LR-SDM/SEM 36.48*** 0.0000

LR-SDM/SAR 30.22*** 0.0000

Wald test
Wald-SDM/SEM 37.17*** 0.0000

Wald-SDM/SAR 31.14*** 0.0000

Test of Space-Time-Time Fixed Effects
LR-both/time 711.42*** 0.0000

LR-both/ind 85.85*** 0.0000

Table 6.  Selection of Spatial Econometric Models. ***p < 0.01, **p < 0.05, *p < 0.1.

 

Variable names Variable symbols Sample size Mean Standard deviation Minimum value Maximum value

Coupling coordination degree CCD 310 0.4244032 0.1160923 0.227223 0.765379

General public service expenditure Ln GPSE 310 6.038104 0.6486593 4.121943 7.544084

Regional residents’ income Ln RHI 310 10.12874 0.3956431 9.184694 11.28489

Industrial structure IS 310 1.341525 0.7226276 0.572236 5.29682

Informatization level IL 310 0.0656939 0.1423834 0.0152941 2.512909

Labor force level LFL 310 7.480117 0.8997841 4.967031 8.839856

Table 5.  Descriptive Statistics of Variables.
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Ln RHI (b = − 0.0244, p = 0.439) and IL (b = 0.000197, p = 0.973) are not significant, suggesting that their within-
province associations with CCD (D) are not supported.

Regarding spillovers, W × Ln RHI is positive and highly significant (b = 0.2455, p < 0.001), indicating that 
higher Ln RHI in neighboring provinces is associated with higher CCD (D) in the focal province. W × IL 
is also positive and significant (b = 0.0280, p = 0.019). In contrast, W × Ln GPSE, W × IS, and W × LFL are 
not significant (p > 0.10). Finally, the spatial autoregressive parameter ρ is positive and significant (ρ = 0.1627, 
p = 0.027), confirming positive spatial dependence in CCD (D). Because SDM coefficient estimates are not 
directly interpretable as marginal effects due to spatial feedback, Sect. 5.5 further reports direct and indirect 
effects.

Decomposition of SDM effects
Because the SDM includes spatial lags and feedback effects, regression coefficients alone do not represent 
marginal impacts. Following the partial-derivative approach proposed by LeSage and Pace71, we decompose the 
impacts of each driving factor into direct, indirect, and total effects. The direct effect captures the average within-
province impact of a change in a driver on its own CCD (D) after accounting for spatial feedback. The indirect 
effect captures the average cross-province spillover transmitted through spatial linkages. The total effect is the 
sum of the direct and indirect effects. Table 8 reports the decomposition results.

Table 8 indicates heterogeneous impact channels across drivers. Ln GPSE shows a positive and significant 
direct effect (0.0747, p < 0.01) and a weaker indirect effect (0.0322, p = 0.087), yielding a positive and significant 
total effect (0.1069, p < 0.01). Ln RHI exhibits a large and highly significant indirect effect (0.2895, p < 0.01) and 
a significant total effect (0.3220, p < 0.01), whereas its direct effect is not significant (p = 0.271), implying that 
residents’ income operates primarily through spillovers. In practical terms, because Ln RHI is in logarithms, a 
10% increase in residents’ income in a province corresponds to an approximate 0.0289 increase in the average 
spillover component of CCD (D) across other provinces (0.2895 × 0.10). IL also shows a significant indirect effect 
(0.0335, p = 0.015) and total effect (0.0348, p = 0.031), but an insignificant direct effect (p = 0.827), suggesting that 
informatization contributes mainly via cross-regional transmission. By contrast, IS has a negative and significant 
direct effect (− 0.0133, p = 0.009) but insignificant indirect and total effects (p = 0.700 and p = 0.538), and LFL has 
a negative and significant direct effect (− 0.0347, p = 0.002) but insignificant indirect and total effects (p = 0.770 

Variable Direct Effect Indirect Effect Total Effect

Ln GPSE 0.074712*** 0.0321569* 0.1068689***

p-value 0 0.087 0

Ln RHI 0.0325903 0.2894593*** 0.3220496***

p-value 0.271 0 0

IS −0.0132594*** 0.0047857 −0.008474

p-value 0.009 0.7 0.538

IL 0.0012464 0.0335105** 0.0347569**

p-value 0.827 0.015 0.031

LFL −0.0347156*** −0.008172 −0.042888

p-value 0.002 0.77 0.146

Table 8.  Results of Effect Decomposition of SDM. ***p < 0.01, a**p < 0.05, *p < 0.1.

 

Variable Value Regression Coefficient Z Value P Value

Ln GPSE 0.0733508*** 7.13 0.000

Ln RHI −0.0244396 −0.77 0.439

IS −0.0139339*** −2.62 0.009

IL 0.000197 0.03 0.973

LFL −0.0341954*** −2.90 0.004

W × Ln GPSE 0.0157114 0.79 0.431

W × Ln RHI 0.2454585*** 4.90 0.000

W × IS −0.006643 −0.60 0.546

W × IL 0.0280228** 2.34 0.019

W × LFL −0.0021158 −0.09 0.931

Rho 0.1626504** 2.21 0.027

Log-likelihood 897.9722

R2 0.2880

Table 7.  Regression Results of the SDM. ***p < 0.01, **p < 0.05, *p < 0.1.
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and p = 0.146). Overall, spillovers are concentrated in Ln RHI and IL, while Ln GPSE is dominated by within-
province effects.

Robustness test
To assess the robustness of the baseline findings, we implement several alternative specifications, with results 
reported in Table  9. The key inferences remain qualitatively stable across these checks, suggesting that the 
baseline conclusions are not driven by sample selection, omitted fiscal-cost factors, or endogeneity concerns 
related to reverse causality and contemporaneous feedback.

First, we shorten the sample period by excluding observations from 2013 to 2016 and re-estimate the model 
using the 2017 to 2022 subsample (Column (1)). The coefficients on Ln GPSE and IS retain the same signs and 
remain statistically significant, indicating that the baseline results are not driven by early-period observations.

Second, we add an additional control variable, the tax burden level (X6), to account for fiscal and cost-related 
constraints (Column (2)). The coefficient on X6 is negative and statistically significant, implying that a heavier 
tax burden is associated with lower CCD (D). This pattern is consistent with the view that stronger fiscal-cost 
pressure can weaken incentives and capacity for producer services-manufacturing integration. Importantly, after 
controlling for X6, the estimated effects of the key explanatory variables remain qualitatively unchanged.

Third, we conduct lag-based specifications to strengthen temporal ordering and mitigate concerns about 
reverse causality (Columns (3) and (4)). In Column (3), the one-period lag of public service expenditure 
remains positive and statistically significant, and the main coefficients preserve similar signs in the alternative 
lag specification (Column (4)). Overall, Table 9 indicates that the main results are robust to alternative sample 
windows, the inclusion of an additional fiscal-cost control, and lag-based specifications.

Discussion and implications
Analysis of research conclusions
Using provincial panel data for 31 provinces in China from 2013 to 2022, this study integrates the CCD framework 
with the SDM to examine the spatiotemporal evolution and spatial spillovers of coordination between producer 
services and manufacturing. This section interprets the main empirical patterns by linking mechanisms, regional 
heterogeneity, and spatial interdependence to the theory-integrated framework. In particular, a complex 
adaptive systems perspective treats coordination as a system-level outcome that depends on subsystem matching 
and adaptation. A new structural economics perspective highlights local enabling conditions for structural 
transformation. An evolutionary economic geography perspective emphasizes proximity-based externalities, 
diffusion, and cumulative processes that shape spatial dependence and spillovers.

First, CCD increases steadily over time, yet the overall level remains relatively low-to-medium in most 
provinces. From a complex adaptive systems perspective, this pattern implies that improvements in the two 
subsystems do not automatically translate into high coordination because coordination depends on the 
compatibility of their co-evolution. Upgrading in producer services and transformation in manufacturing may 

VARIABLES

(1) (2) (3) (4)

CCD (D) CCD (D) CCD (D) CCD (D)

Ln GPSE 0.040* 0.084*** 0.094***

(1.90) (5.69) (6.05)

Ln RHI −0.039 0.091 0.082 0.056

(−0.38) (1.25) (1.19) (0.74)

IS −0.016* −0.019*** −0.020*** −0.017**

(−1.92) (−3.11) (−3.31) (−2.59)

IL 0.000 −0.000 −0.001 0.003

(0.19) (−0.12) (−0.50) (1.23)

LFL −0.009 −0.027 −0.022 −0.030*

(−0.44) (−1.48) (−1.27) (−1.88)

X6 −0.298**

(−2.42)

L.Ln GPSE 0.096***

(6.25)

Constant 0.684 −0.754 −0.791 −0.459

(0.59) (−0.91) (−1.06) (−0.57)

Observations 185 309 278 278

R-squared 0.990 0.985 0.987 0.987

year FE Yes Yes Yes Yes

id FE Yes Yes Yes Yes

Table 9.  Results of the Robustness Test. ***p < 0.01, **p < 0.05, *p < 0.1, t-statistics are reported in parentheses. 
Year fixed effects and province fixed effects are included in all specifications. R-squared refers to the within 
R-squared.
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not proceed synchronously, and matching between specialized service supply and manufacturing demand 
remains incomplete in many regions. Xu et al. similarly emphasize that coordinated development between 
manufacturing and related service sectors tends to improve gradually and requires structural adjustment before 
it translates into stronger system-level performance72.

Second, CCD exhibits a persistent regional gradient, with eastern provinces generally maintaining higher 
levels and faster improvement than central and western provinces. This pattern is consistent with a new structural 
economics interpretation that provinces differ in endowments and enabling capacity, and that these differences 
shape the feasibility and speed of structural transformation and sectoral coordination. At the same time, 
evolutionary economic geography implies that such regional differences can be reinforced through cumulative 
processes in which early advantages attract further resources and linkages. The gradient remains stable even 
when spatial dependence is explicitly modeled, implying that differences in development foundations and 
interprovincial connectivity continue to shape coordination trajectories. Li and Liu provide related evidence 
that collaborative agglomeration can generate spatial spillovers and uneven regional payoffs, which is consistent 
with a cumulative-advantage mechanism in more developed regions73.

Third, CCD exhibits significant spatial dependence and stable local clustering. Moran’s I remains positive and 
statistically significant throughout the sample period, indicating persistent positive spatial autocorrelation. LISA 
patterns reveal a clear geographic structure in which high-CCD provinces cluster near each other and low-CCD 
provinces also cluster near each other. From an evolutionary economic geography perspective, these patterns 
are consistent with proximity-based externalities and diffusion. They also align with a complex adaptive systems 
interpretation that coordination can propagate through interprovincial interactions rather than evolving as 
isolated provincial dynamics. The cluster membership of some provinces changes over time, which is consistent 
with neighborhood effects and diffusion dynamics. Gong et al. report spatial evidence that producer services 
agglomeration is associated with clustered patterns and neighborhood diffusion, supporting the interpretation 
that coordination behaves as a regional system outcome shaped by proximity and interprovincial interactions74.

Fourth, the effect decomposition shows that determinants operate through differentiated channels, and the 
distinction between within-province effects and spillover effects is central for interpretation. This finding fits 
the integrated theory. New structural economics emphasizes that local public goods provision and institutional 
support reduce transaction costs and strengthen the local enabling environment, which is consistent with 
the result that public service expenditure improves coordination primarily through within-province effects. 
Complex adaptive systems implies that improved local enabling conditions can increase subsystem adaptability 
and strengthen local matching between producer services and manufacturing. In contrast, evolutionary 
economic geography implies that demand capacity and digital connectivity are more likely to transmit across 
provinces through market linkages, information flows, and network externalities, which is consistent with the 
result that residents’ income and informatization mainly improve coordination through spillover effects. This 
study contributes by demonstrating that spillover-dominant drivers and locally dominant drivers can coexist in 
the same system, which has direct implications for policy design. Zhao and Yan provide supporting evidence 
that public fiscal expenditure can promote industrial transformation and upgrading75, while Lu and Zhu provide 
evidence consistent with interprovincial externalities associated with digital development76. The decomposition 
results indicate that the within-province component of public service expenditure is larger than its spillover 
component, whereas residents’ income and informatization are dominated by spillover components.

Fifth, the main conclusions remain stable across robustness checks. The direction and significance patterns 
of key relationships are broadly unchanged under alternative specifications, including adjustments to the 
sample window and additional controls related to fiscal burden. This strengthens confidence that the identified 
channels reflect systematic spatial mechanisms associated with diffusion and interdependence emphasized by 
evolutionary economic geography, rather than specification-driven artifacts.

Overall, the evidence indicates that coordination between producer services and manufacturing in China 
is improving but remains uneven across space. It also shows that coordination dynamics are jointly shaped 
by local enabling capacity emphasized by new structural economics and interprovincial spillover mechanisms 
emphasized by evolutionary economic geography, while a complex adaptive systems perspective provides the 
system-level logic linking these forces to CCD outcomes. This provides a direct basis for the theoretical and 
policy implications developed in the following subsection.

Theoretical contributions and practical implications
This study makes three theoretical contributions to research on industrial integration and coordinated 
development.

First, it advances coupling coordination research by moving beyond measurement and descriptive comparison 
toward mechanism identification. By integrating the CCD framework with SDM and effect decomposition, the 
study explains why coordination differs across provinces and shows how interprovincial linkages shape these 
differences. This contributes to a mechanism-oriented understanding in which coordination is an emergent 
system outcome that depends on enabling conditions and cross-regional interactions, rather than a simple 
aggregation of sectoral performance.

Second, it demonstrates that coordination between producer services and manufacturing is governed by 
spatial interdependence rather than isolated provincial dynamics. Significant spatial dependence and spillover 
mechanisms indicate that coordination outcomes are jointly produced through interprovincial linkages. The 
evidence supports an interpretation in which diffusion, network externalities, and cumulative processes allow 
neighboring provinces to reinforce or constrain each other, which helps explain persistent clustering and uneven 
regional trajectories.

Third, it clarifies heterogeneous transmission channels by distinguishing within-province effects from 
spillover effects for key determinants. The evidence indicates that public service expenditure mainly operates 
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through within-province effects, whereas residents’ income and informatization mainly operate through 
spillover effects. Industrial structure and labor force level are associated with negative within-province effects 
in the baseline estimates. This channel-based explanation refines the view that determinants are uniformly 
enabling or constraining. It highlights that determinants can matter through different pathways at local and 
interprovincial levels, and that structural change and factor allocation can either strengthen matching between 
the two sectors or intensify mismatch.

The results also suggest that firms may strengthen integration by deepening service embedding and by 
building collaboration capabilities that operate across provincial borders. Micro-level validation is needed 
to translate macro-level evidence into firm-level prescriptions. Manufacturing firms may deepen integration 
with producer services by promoting service-oriented upgrading, including stronger engagement with design 
services, R&D services, and after-sales solutions. They can also adopt digital tools that improve supply chain 
visibility, coordination efficiency, and interprovincial collaboration. Producer services firms may enhance 
integration by developing standardized and scalable offerings, such as testing and certification services, supply 
chain management services, and digital logistics solutions. These offerings can reduce coordination costs for 
manufacturing clients and facilitate the diffusion of coordination benefits across regions when interprovincial 
connectivity is strong.

Policy design should match the dominant channel through which each determinant operates. An approach 
limited to a single province is insufficient when spillover effects are strong.

First, because public service expenditure operates mainly through within-province effects, provincial 
governments can improve coordination by upgrading the structure and efficiency of public service provision that 
supports integration between producer services and manufacturing. Priorities include improving infrastructure 
and the business environment for service-oriented manufacturing, strengthening public platforms for testing 
and certification and for supply chain coordination, and using fiscal instruments such as dedicated funds, tax 
incentives, and government procurement to reduce coordination costs.

Second, because informatization mainly improves coordination through spillover effects, digital cooperation 
should be organized as interprovincial programs rather than isolated local investment. Regions can jointly 
deploy industrial internet connectivity across provincial borders, establish interoperable data standards and 
shared governance rules, and build interprovincial platforms for logistics scheduling, supply chain collaboration, 
and digital service outsourcing.

Third, because residents’ income mainly operates through spillover effects, policies should emphasize market 
integration and demand diffusion. Regions can strengthen interprovincial trade and logistics networks and 
reduce transaction frictions so that demand expansion in one province can transmit to neighboring provinces 
through trade and mobility channels.

Fourth, because industrial structure and labor force level show negative within-province effects in the baseline 
estimates, structural upgrading and labor allocation should prioritize matching quality rather than expansion 
scale. Regions should reduce dependence on low-value-added segments and promote complementary matching 
between producer services and manufacturing. This includes guiding manufacturing upgrading toward service-
driven pathways and implementing skills-oriented strategies that strengthen digital and sustainability-relevant 
competencies to reduce mismatch under the current policy context.

Taken together, the evidence supports a dual strategy. Provinces should strengthen local foundations through 
effective public services and institutional support. They should also activate interprovincial linkages through 
digital connectivity and market integration. This combination is particularly important for lagging regions, 
where cooperation and spillovers can accelerate coordination more feasibly than internal accumulation alone.

Research limitations and future directions
Although this study provides evidence on the spatiotemporal evolution and spatial spillovers of the coupling 
coordination degree between producer services and manufacturing, several limitations should be acknowledged. 
These limitations also indicate clear directions for future research.

First, the findings may be sensitive to the specification of the spatial weight matrix. The baseline model adopts 
a queen contiguity matrix to represent geographic adjacency, which is consistent with spatial diffusion based on 
proximity. However, geographic adjacency may not fully capture interprovincial economic linkages, such as 
trade connections, supply chain dependence, population mobility, and digital connectivity. Future studies can 
compare results under alternative spatial structures, including inverse distance matrices, k-nearest-neighbor 
matrices, and matrices constructed from economic distance or trade intensity, to assess whether the within-
province effects and spillover effects remain stable under different interprovincial linkage assumptions.

Second, the measurement of coordinated development has inherent constraints. The coupling coordination 
degree is a composite index that depends on the indicator system and the weighting scheme. More importantly, 
it captures the level of coordination but does not directly identify the direction of imbalance. It cannot indicate 
whether coordination is constrained primarily by lagging producer services, lagging manufacturing, or 
asymmetric upgrading between the two subsystems. Future research can supplement the coupling coordination 
degree with imbalance diagnostics that explicitly distinguish leading and lagging subsystems, and then examine 
whether different imbalance patterns correspond to different drivers and policy priorities.

Third, the set of explanatory variables is necessarily incomplete. The current model focuses on public service 
expenditure, residents’ income, informatization, industrial structure, and labor force level. Other determinants 
that plausibly affect coordinated development, such as environmental regulation intensity, regional innovation 
capacity, green technology adoption, and institutional quality, are not explicitly incorporated in the baseline 
specification. Future studies can integrate such variables to enrich mechanism explanations and reduce the risk 
of omitted-variable bias.
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Fourth, the use of provincial-level data may mask within-province heterogeneity and micro-level mechanisms. 
Provincial indicators capture macro coordination outcomes but cannot reveal how cities, industries, and firms 
interact to generate these outcomes or transmit spillovers. Future research can use city-level, industry-level, 
or firm-level datasets to explore micro-level mechanisms, including service-oriented manufacturing practices, 
platform-based producer services, and firm network channels through which spillover effects propagate. Multi-
level designs may also help distinguish local upgrading processes from network-driven diffusion.

Fifth, coordination and spillovers may evolve dynamically and may be influenced by policy shocks and path 
dependence. The SDM provides a useful benchmark, but it may not fully capture lagged adjustment, nonlinear 
responses, or policy-driven changes in coordination dynamics. Future work can adopt dynamic spatial panel 
models, test threshold effects such as whether informatization spillovers strengthen after digital infrastructure 
reaches a certain level, and conduct policy-oriented analyses around major national initiatives to better 
characterize long-run coordination processes.

In summary, future research can extend this study through three priority avenues. The first is to strengthen 
sensitivity checks on spatial structures by testing alternative weight matrices that reflect economic and 
network linkages. The second is to move to finer-grained data and multi-level designs to uncover micro-level 
mechanisms and identify the direction of imbalance between the two subsystems. A further extension is to 
strengthen the environmental dimension by incorporating explicit environmental performance indicators, such 
as carbon intensity, energy efficiency, pollution emissions, or green total factor productivity, and by examining 
whether coordination is associated with these outcomes through mechanisms such as green innovation and 
green technology adoption. This remains outside the measurement scope of the current study and is proposed 
as future work.

Data availability
The data presented in this study are available on request from the corresponding author.
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