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Abstract

This study investigates the spatial effects of employment density on the economic, tech-
nological, and carbon efficiency of China’s manufacturing sector, using panel data from
30 provinces from 2008 to 2022. A multidimensional performance framework and spatial
econometric models are employed to identify both direct impacts and spatial spillovers.
The results show that employment density significantly enhances local economic perfor-
mance while imposing negative spillover effects on neighboring regions. Technological
performance exhibits uneven spatial returns, indicating a “technology siphoning” effect
in more agglomerated provinces. Carbon efficiency presents a divergent pattern of “local
improvement but neighboring deterioration,” highlighting cross-regional ecological ex-
ternalities. In addition, human capital, capital investment, and regional policy intensity
are found to regulate the strength and direction of spatial spillovers across the three per-
formance dimensions. Based on these findings, this study recommends optimizing the
spatial layout of manufacturing and population, strengthening interregional innovation
collaboration, promoting green transformation, and improving the quality of human cap-
ital. These policy implications provide empirical support for advancing sustainable man-
ufacturing development and enhancing regional governance capacity.

Keywords: employment density; spatial spillover effects; sustainable manufacturing;
multidimensional performance; carbon efficiency; spatial econometrics

1. Introduction

China’s manufacturing sector is transitioning from factor-driven growth to a new
phase that places equal emphasis on innovation-driven development and high-quality
growth. This shift is compounded by the imperative of the dual carbon goals, which not
only call for a green transition but also impose constraints on resource consumption, com-
pelling firms to optimize industrial structures and enhance technological sophistication
[1,2]. Recent studies indicate that sustained progress in infrastructure upgrades, clean en-
ergy investments, smart manufacturing, and innovation spending has catalyzed new mo-
mentum for manufacturing across multiple dimensions —economic efficiency, technolog-
ical innovation, and green development—while placing higher demands on spatial layout
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and factor density [3-5] Against this backdrop, employment density emerges as a critical
indicator capturing the “intensity” of industrial agglomeration. Compared to location
quotients or concentration ratios, density provides a more intuitive reflection of the spatial

” o

“concentration,” “matching degree,” and “knowledge spillover potential” among labor,
enterprises, and innovation resources in the actual production space [6,7].

However, the accelerated digitalization and automation of manufacturing (e.g., in-
dustrial robots, smart production lines) are simultaneously reshaping labor structures and
regional industrial division of labor, making the relationship between employment den-
sity and performance profoundly multifaceted. In the economic and technological dimen-
sions, while high density is essential for knowledge spillovers and efficiency gains, exces-
sive concentration can trigger congestion costs, fierce competition, and a “technology si-
phoning” effect on neighboring regions, leading to spatially uneven innovation returns
[8,9]. Similarly, in the environmental dimension (in the context of the dual carbon goals),
high-density areas may facilitate the localized diffusion of clean technologies and achieve
local environmental improvement. Yet, this can also induce the transfer of highly pollut-
ing industries to adjacent, less regulated regions, generating a significant cross-regional
pollution spillover pressure [1,10]. Accordingly, a simple evaluation of local effects is in-
sufficient. It is crucial to employ the Spatial Durbin Model (SDM) to rigorously analyze
employment density’s impact on the manufacturing sector’s multidimensional perfor-
mance (economic, technological, and environmental) and to systematically identify the
local effects alongside the spatial competition or spillover effects on neighboring areas.
This research serves as a vital foundation for guiding China’s optimal industrial and pop-
ulation distribution and promoting regional coordinated sustainable development.

Existing research on industrial agglomeration and performance exhibits three pri-
mary limitations that hinder a systematic understanding of this relationship. First, at the
core variable level, most literature relies on traditional macro-level indicators like location
quotients, often overlooking employment density —a metric that more directly reflects the
intensity of labor and enterprise spatial distribution. Second, in terms of performance di-
mensions, studies predominantly focus on singular economic or innovation outcomes,
lacking a comprehensive and integrated examination of the tripartite framework (encom-
passing economic, technological, and environmental) necessary to characterize sustaina-
ble competitiveness under the dual carbon goals. Third, regarding spatial mechanisms,
systematic analyses utilizing the Spatial Durbin Model (SDM) to isolate the direct and
indirect effects of employment density on multidimensional performance remain scarce,
limiting the understanding of inter-regional competition and spillover dynamics.

Our core findings demonstrate a complex spatial divergence: while employment den-
sity positively impacts local economic and technological performance, it simultaneously
generates competitive forces, including a notable “technology siphoning” effect and sig-
nificant “pollution spillover pressure” on adjacent provinces. These results underscore the
necessity of policies that balance core region growth with regional coordination.

To empirically examine these dynamics, this study utilizes provincial-level data from
China’s manufacturing sector spanning 2008-2022 to construct a comprehensive frame-
work evaluating economic, technological, and carbon efficiency. By applying the Spatial
Durbin Model to identify both direct and spatial spillover effects, this research aims to
address the aforementioned gaps.

Although a growing body of literature has examined industrial agglomeration, sev-
eral important gaps remain unresolved: First, most existing studies rely on traditional
structural indicators like location quotients, which capture industrial composition rather
than the intensity of labor-based spatial interaction and congestion. Second, prior research
predominantly focuses on single performance dimensions, overlooking the inherently
multidimensional nature of sustainable manufacturing performance (economic,
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technological, and environmental) under the dual carbon goals. Third, systematic SDM-
based analyses that jointly examine direct and indirect effects within a unified framework
remain scarce, limiting our understanding of spatial trade-offs such as “local gains versus
neighbor losses.”

The main objective of this study is to identify the direct and spatial spillover effects
of manufacturing employment density on multidimensional performance across Chinese
provinces during 2008-2022, using a fixed-effects Spatial Durbin Model and an IV-based
strategy to address potential reverse causality. Our core findings demonstrate a complex
spatial divergence: while employment density positively impacts local economic perfor-
mance, it generates a notable “technology siphoning” effect and significant “pollution
spillover pressure” on adjacent provinces.

Accordingly, this study makes three key contributions. Taken together, these contri-
butions advance the current state-of-the-art by linking a labor-based agglomeration proxy
to a multidimensional sustainability framework:

First, this study introduces employment density as a labor-based measure, highlight-
ing its advantages over conventional structural indicators in capturing congestion inten-
sity and competitive spatial externalities. Second, it develops a multidimensional perfor-
mance framework that simultaneously evaluates economic, technological, and environ-
mental effects, allowing for the explicit identification of trade-offs across these dimen-
sions. Third, by applying a unified IV-based SDM framework, this study systematically
decomposes local and spillover effects. Unlike prior single-outcome studies, this frame-
work reveals how agglomeration generates heterogeneous spatial impacts, providing
clearer policy-relevant interpretations for regional coordination.

Moreover, the robustness of these findings is further validated using alternative spa-
tial weight matrices (geographic and economic distance), strengthening the credibility of
the empirical evidence.

2. Literature Review
2.1. Employment Density and Economic Performance

Employment density is a key indicator for measuring the intensity of industrial ag-
glomeration, reflecting the degree of concentration of both labor and enterprises within a
given spatial unit. In theory, high employment density contributes to improved economic
performance by optimizing the efficiency of labor-firm matching, reducing transaction
costs, and increasing economies of scale [11,12]. Subsequent research further indicates that
industrial spatial agglomeration can enhance regional productivity by sharing intermedi-
ate inputs, promoting specialized division of labor, and facilitating innovation diffusion
[13]. Recent empirical evidence from European manufacturing suggests that the produc-
tivity gains from density are increasingly driven by the quality of local labor matching
rather than mere physical scale [14]. Recent international evidence also confirms that em-
ployment-density-based measures capture meaningful agglomeration economies and
productivity gains, especially when density reflects intensive spatial interactions rather
than simple industrial composition [15].

Extensive empirical research has established that manufacturing employment den-
sity significantly enhances labor productivity and corporate profitability. Empirical stud-
ies in China have also found that agglomeration at the manufacturing or industry level,
coupled with high labor density, is typically associated with elevated productivity and
profitability [16]. However, an increasing number of studies indicate that this positive re-
lationship is not monotonic: once a certain threshold is reached, the costs of congestion,
land, and environmental constraints begin to offset the benefits of agglomeration, result-
ing in a nonlinear or even inverted U-shaped relationship in performance [17]. Compara-
ble evidence from international regions similarly highlights that congestion costs can
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materially erode agglomeration benefits at higher densities, implying that “net gains” de-
pend on the balance between matching/sharing benefits and congestion/competition costs
[18].

Furthermore, spatial econometric studies indicate that increased employment den-
sity in a given location may generate both positive and negative spillover effects on neigh-
boring areas through industrial relocation, factor mobility, and knowledge spillovers.
While such effects can help surrounding regions capitalize on economies of scale and tech-
nological dividends, they may also suppress neighboring districts’ performance due to
competition and resource crowding out [4,19]. This spatial complexity is further eluci-
dated by the concept of “evolutionary branching”, where the magnitude of economic
spillovers hinges on the relatedness of industrial structures between interacting regions
[20].

However, existing studies on employment density and economic performance pri-
marily focus on local productivity outcomes and often neglect the spatial spillover and
competitive effects across regions, particularly within a multidimensional sustainability
framework.

2.2. Employment Density and Technological Performance

The promotion of technological performance by employment density primarily
stems from its facilitating knowledge spillovers and technology diffusion. Firms in ag-
glomerated regions share R&D facilities, supply chain networks, and innovation re-
sources within a concentrated geographic space, thereby enhancing information flow ef-
ficiency and technological absorption capacities [21]. Recent studies have further demon-
strated that employment density significantly enhances innovation output and technolog-
ical performance in manufacturing by boosting informal knowledge exchange among
firms and facilitating the local transmission of tacit knowledge [22]. In high-density re-
gions, labor mobility and corporate collaboration networks reinforce the “learning-imita-
tion-reinvention” pathway, enabling enterprises to accelerate technological iteration [23].
From a global perspective, this mechanism is particularly vital for knowledge-intensive
industries, where geographic density facilitates the exchange of tacit information required
for high-tech upgrades [24].

Empirical research indicates that employment density typically exhibits a significant
positive relationship with technological performance in manufacturing, though this rela-
tionship displays pronounced regional variations and nonlinear characteristics. In regions
with high industrial or employment concentration, inter-firm R&D interactions, skill shar-
ing, and technology absorption become more efficient, thereby fostering innovation out-
put and technological advancement. Ref. [25] found that higher levels of manufacturing
agglomeration in China’s 30 provinces correlate with greater efficiency in green techno-
logical innovation, with the agglomeration effect being particularly pronounced in the
eastern regions. Ref. [26] argue that when employment density becomes excessively high,
heightened labor competition, facility congestion, and homogenized production may
weaken innovation incentives, thereby diminishing the marginal returns on technological
performance. Such findings align with modern perspectives which suggest that the “in-
novation premium” of density is highly sensitive to a region’s internal absorptive capacity
and institutional environment [27]. Ref. [28] demonstrate through provincial panel data
that increased employment density not only enhances local technological performance but
may also generate spillover effects on neighboring regions through knowledge networks
and supply chain linkages. However, these spillovers can manifest as either positive ex-
ternalities or “resource siphoning” —where innovation resources in high-density areas de-
plete surrounding regions, thereby inhibiting neighboring development. Furthermore, the
study also found that the nonlinear relationship between employment density and
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technological performance is particularly pronounced in the central and western regions:
due to weak innovation foundations and restricted factor mobility, these areas experience
lower agglomeration benefits compared to eastern regions [17].

Nevertheless, much of the existing literature examines the innovation effects of em-
ployment density in isolation, with limited attention to how technological performance
interacts with economic and environmental dimensions or how spatial spillover mecha-
nisms operate within a unified analytical framework.

2.3. Employment Density and Carbon Efficiency

Carbon efficiency typically encompasses indicators such as energy efficiency, carbon
intensity, and green innovation. Empirically, moderate agglomeration can enhance en-
ergy efficiency and promote green innovation through economies of scale, infrastructure
sharing, and technology diffusion, thereby improving overall carbon efficiency. This find-
ing is supported by empirical evidence from multiple city and provincial samples [26].
Internationally, studies have confirmed that spatial concentration can facilitate a “decou-
pling” of economic growth and environmental degradation by fostering the adoption of
cleaner production technologies [29]. International studies at the firm/regional level simi-
larly show that spatial proximity and agglomeration can improve energy-use efficiency
(and hence carbon outcomes), but the net effect is conditional on local energy structure
and regulatory regimes [30]. When agglomeration levels become excessively high or local
carrying capacity is constrained, crowding effects, over exploitation of resources, and con-
centrated emissions can lead to heightened local environmental pressures, manifested as
rising carbon intensity or elevated pollution emissions [31].

Furthermore, spatial dimension studies reveal that the environmental impacts of ag-
glomeration exhibit significant cross-regional spillover effects. Increased employment
density in a given area may disseminate green dividends to neighboring regions through
technology diffusion and industrial chain synergies, while simultaneously imposing
heavier emission pressures on surrounding areas via industrial relocation or “resource
siphoning.” Empirical evidence supporting this dynamic spatial model linking industrial
co-location and carbon emissions has been documented [32]. Environmental regulations,
green finance, and regional collaborative governance can significantly alter the direction
and intensity of the agglomeration-environment relationship. Specifically, under robust
regulatory frameworks and incentive mechanisms, agglomeration tends to yield net en-
vironmental benefits. Conversely, in regions with weak oversight or high-carbon energy
structures, agglomeration is more likely to translate into environmental disadvantages
[33].

Overall, although prior studies document the environmental implications of agglom-
eration, they rarely integrate carbon efficiency with economic and technological outcomes
in a spatial econometric framework, limiting the understanding of multidimensional
trade-offs and cross-regional spillover effects.

2.4. Research Hypotheses

H1la. Manufacturing employment density has a significant positive impact on local economic per-
formance.

This is primarily driven by the micro-foundations of agglomeration economies—
sharing, matching, and learning. Dense labor markets reduce job-search costs for firms
and workers (matching), allow for the shared use of specialized intermediate inputs (shar-
ing), and facilitate the face-to-face exchange of tacit knowledge (learning), thereby enhanc-
ing overall labor productivity.
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H1b. Manufacturing employment density creates a significant negative spillover effect on neigh-
boring regions’ economic performance.

This reflects a “siphoning effect” or “market crowding” mechanism. As a specific re-
gion increases its employment density, it may attract high-quality labor and capital from
adjacent areas, leading to a drain of productive factors in neighboring regions, often re-
ferred to as the “backwash effect” in regional science.

H2a. Manufacturing employment density significantly promotes local technological performance.

Geographic proximity between high-skilled workers accelerates the diffusion of in-
novative ideas and technical know-how. The concentration of manufacturing firms also
creates a competitive environment that incentivizes firms to invest in R&D and process
innovations to maintain market share. However, this effect may depend on complemen-
tary conditions such as R&D inputs and institutional support.

H2b. Manufacturing employment density creates a significant negative spillover effect on neigh-
boring regions’ technological performance, reflecting a technology siphoning effect.

Core regions with high employment density often act as innovation poles that absorb
scientific resources and R&D talent from the periphery. This polarization restricts the in-
novation capacity of surrounding areas, as knowledge tends to “stick” to dense hubs ra-
ther than diffusing freely across administrative boundaries.

H3a. Manufacturing employment density achieves a significant positive improvement in local car-
bon efficiency.

Agglomeration allows for the centralized treatment of industrial pollutants and the
sharing of green infrastructure, lowering the per-unit cost of environmental compliance.
Furthermore, the concentration of firms facilitates the development of circular economy
links, where waste from one process becomes an input for another, thus reducing total
carbon intensity.

H3b. Manufacturing employment density creates a significant negative spillover effect on neigh-
boring regions’ carbon efficiency.

This pattern may stem from the “pollution haven” effect within regional industrial
chains. As high-density regions upgrade their industrial structures toward high-value,
low-carbon manufacturing, pollution-intensive production stages may be outsourced or
relocated to neighboring regions with lower environmental thresholds or less integrated
governance, leading to a spatial displacement of carbon emissions.

To strengthen the economic interpretation, the empirical analysis and Discussion ex-
plicitly link these hypothesized channels (matching/sharing/learning, siphoning, and pol-
lution transfer) to the estimated direct and spillover effects, while accounting for key con-
ditioning factors (e.g., human capital and R&D inputs) included in the model.

3. Research Design

This study employs a Spatial Durbin Model (SDM) within a unified analytical frame-
work to systematically estimate the direct, indirect, and overall effects of employment
density on economic, technological, and carbon efficiency. This approach enables the sim-
ultaneous identification of spatial influences across different performance dimensions
[34,35]. From a spatial interaction perspective, this study examines the local effects and
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interprovincial spillover effects of employment density on manufacturing performance,
revealing the underlying logic governing their potential directional divergence. Existing
research indicates that differences in industrial structure, technological level, and factor
endowments across regions may cause increased employment density to boost local per-
formance while generating competitive or “crowding-out” effects on surrounding areas
[36]. By identifying this spatial heterogeneity, this paper contributes to understanding the
dynamic relationship between “local optimization” and “regional coordination” in man-
ufacturing within regional linkages.

This study utilizes extensive provincial panel data spanning 2008-2022, covering
multiple rounds of macroeconomic policy adjustments and external shocks (such notably
industrial transformation and upgrading, and the advancement of carbon neutrality and
carbon peaking policies). It also aligns with the latest micro-level evidence on the spatial
evolution of manufacturing. This design not only enhances the robustness and generali-
zability of the findings but also elevates the study’s practical and policy relevance.

To further clarify the choice of the study period, the starting year 2008 represents a
structural turning point for China’s manufacturing sector following the global financial
crisis, after which industrial upgrading, regional rebalancing, and environmental regula-
tion intensified. In addition, consistent and comparable provincial-level data on manufac-
turing employment, land use, and environmental indicators become more reliable from
this year onward. The end year, 2022, corresponds to the most recent year with complete
and publicly available provincial data at the time of this study, thereby avoiding potential
distortions caused by data revisions or reporting delays. The resulting fifteen-year period
provides a sufficiently longtime horizon to capture long-term spatial dynamics and spill-
over effects rather than short-term fluctuations.

The data used in this study were obtained from publicly available official sources.
Manufacturing employment and economic indicators were primarily collected from the
China Statistical Yearbook and the China Industrial Statistical Yearbook, published by the
National Bureau of Statistics of China. Environmental indicators were sourced from the
China Environmental Statistical Yearbook, released by the Ministry of Ecology and Envi-
ronment of China. Supplementary regional data were obtained from provincial statistical
yearbooks published by local statistical bureaus. All datasets are publicly accessible and
compiled by official government agencies.

The data integrity of the 15-year panel is high. To clarify the extent of data processing,
linear interpolation was applied to only 2.7% of the observations (representing 12 out of
450 province-year cells). These sparse missing values were scattered across different peri-
ods and were not concentrated in western provinces. This extremely low interpolation
rate ensures that the spatial variance and the resulting spillover coefficients are driven by
authentic observations rather than artificial smoothing, thereby maintaining the rigor of
the spatial econometric analysis.

Figure 1 presents the overall empirical workflow and the methodological framework
of this study, including data preparation, spatial weight specification, FE-SDM estimation,
effect decomposition, and robustness checks.
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Data & Variables

Sample: 30 provinces (2008-2022)
ED + EP/TP/CE + controls
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Global Moran’ s |/Robust LM/Hausman test (FE vs RE)
Weights: W_D (benchmark), W_E (robustness)

~Run three parallel models

—_  w/w/E)
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EP: TF: CE:
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! | |

EP Effecis: TP Effects: CE Effects:
Direct / Indirect / Total Direct / Indirect / Total Direct / Indirect / Total
EP Endogeneity TP Endogeneity CE Endogeneity

IV-FE-SDM (1980 instrument) IV-FE-SDM (1980 instrument) IV—FE-SDM {1980 instrument)
+ Effects + Effects + Effects

l

Robustness Checks
Replace W_D with W_E
Compare effects across matrices &
dimensions

|

Discussion— Conclusions and Recommendations

Figure 1. Empirical workflow and identification strategy.

3.1. Model Specification

Before detailing the model specifications, it is necessary to clarify the systematic spa-
tial econometric procedure and terminology used in this study. The term “Spatial” in our
methodology refers to a structured, step-by-step diagnostic and estimation process. First,
we use the Global Moran’s I index to test for Spatial Correlation, which determines
whether the manufacturing performance of a province is statistically dependent on its
geographic or economic neighbors. Second, we perform Spatial LM tests (Lagrange Mul-
tiplier tests) to diagnose the specific form of this spatial dependence —whether it resides
in the dependent variable or the error term. Finally, we adopt the Spatial Durbin Model
(SDM) as our primary tool. The SDM is a generalized spatial framework that incorporates
both the Spatial Lag of the performance outcomes (W) and the Spatial Lag of the explan-
atory variables (W), allowing us to capture the complex inter-regional spillovers that sim-
pler models might overlook.

To identify the direct effects and spatial spillover effects of employment density on
the multidimensional performance of manufacturing, this study employs a Spatial Durbin
Model (SDM). This model captures the spatial interdependence between both the depend-
ent and independent variables, making it suitable for analyzing the geographical and eco-
nomic interactions among provincial manufacturing sectors.

Let i denote the province and t denote the year. The model is set up as follows:

Yit = p WYit + Xitf + WXit® + pi + At + eit 1)
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Among these, Yit: Multidimensional Performance Indicators for Manufacturing (in-
cluding economic performance, technological performance, and carbon efficiency); Xit:
Core explanatory variable—Manufacturing Employment Density; W:Spatial weight ma-
trix, constructed based on a combination of geographic adjacency and economic distance;
p: The spatial lag coefficient, reflecting the intensity of influence exerted by neighboring
regions’ performance (WYit) on the performance of the local region (Yit); B: The coefficient
vector measuring the direct impact of the core explanatory variables (Xit) on the local de-
pendent variable (Yit); 8: The coefficient vector measuring the direct spatial impact of the
neighboring regions’ explanatory variables (WYit) on the local dependent variable (Yit);
pi, At: Representing province-specific fixed effects and year-specific fixed effects, respec-
tively; eit: Random error term.

Given that employment density simultaneously triggers positive externalities (e.g.,
matching and scale economies) and negative externalities (e.g., congestion and environ-
mental pressure), the estimated spatial coefficients in this study are interpreted as the net
equilibrium effect of these countervailing forces within a reduced-form framework.

3.2. Endogeneity Concerns and Identification Rationale

A potential challenge in identifying the causal impact of employment density on
manufacturing performance is reverse causality. While labor agglomeration facilitates
performance through knowledge spillovers and matching efficiency, high-performing re-
gions may also attract more labor, leading to higher density. Furthermore, omitted varia-
ble bias may arise if unobserved regional factors simultaneously influence both density
and performance. We address these endogeneity concerns through a rigorous multi-lay-
ered identification strategy:

Theoretical Justification (Structural Inertia): We argue that manufacturing employ-
ment density at the provincial level is a structural variable characterized by high path
dependence. Unlike the service sector, manufacturing spatial patterns are determined by
long-term land-use planning, industrial policy legacies, and heavy infrastructure invest-
ment (e.g., ports and industrial parks). These factors are largely predetermined and do
not respond instantaneously to annual fluctuations in economic or carbon efficiency,
thereby weakening the contemporaneous feedback loop.

Two-Way Fixed Effects (FE): Our model incorporates both province fixed effects and
year fixed effects. The province fixed effects absorb time-invariant regional heterogenei-
ties—such as geographical location, historical industrial bases, and institutional quality —
which are common drivers of both density and performance. By controlling for these un-
observed “common factors,” we significantly mitigate the risk of endogeneity arising from
omitted variables.

Instrumental Variable Approach (IV-SDM): To formally address potential bidirec-
tional causality and spatial simultaneity, we employ the Instrumental Variable Spatial
Durbin Model (IV-SDM). Instead of using time-lagged variables—which may not fully
capture the endogenous spatial interactions in a dynamic system —we utilize the manu-
facturing agglomeration level in 1980 as a historical instrumental variable.

This approach is superior in a spatial context because: (1) Relevance: It captures the
persistent path dependence of industrial clusters initiated during the early Reform and
Opening-up period. (2) Exogeneity: The 40-year temporal gap ensures that the historical
industrial layout is strictly exogenous to current manufacturing performance and modern
environmental regulations, thereby satisfying the exclusion restriction more rigorously
than short-term lagged variables.

Although more complex estimators can be considered, this study prioritizes a trans-
parent identification strategy that remains comparable across the three performance di-
mensions. We therefore rely on a two-way fixed-effects SDM complemented by an
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external historical instrument in an IV-S5DM framework, which directly targets reverse
causality and spatial simultaneity while maintaining clear policy interpretation. In addi-
tion, the robustness of the results is assessed using alternative spatial weight matrices (ge-
ographic and economic distance). The comprehensive empirical workflow, integrating
these identification strategies and diagnostic tests, is visualized in the methodological
flowchart (Figure 1).

3.3. Spatial Dependence Tests and Model Selection

To ensure the methodological rigor and robustness of the model specification, this
study first examines the spatial correlation of manufacturing performance variables.
Global Moran’s I indices are employed to test the spatial dependence of economic, tech-
nological, and carbon efficiency across provinces. After confirming spatial relevance, this
paper utilizes the Lagrange Multiplier (LM) test to identify the presence of spatial lag ef-
fects and spatial error effects.

Before conducting model estimation, this paper first examines the spatial depend-
ence of key variables. Global Moran’s I indices were calculated for economic performance
(EP), technological performance (TP), and carbon efficiency (CE) across China’s 30 prov-
inces from 2008 to 2022 to confirm the validity of employing a spatial econometric model.
The results are presented in Table 1.

Table 1. Moran’s I Index Test Results.

Year Mofal;’s I Significance Mojal:l’s I Significance =~ CE Moran’sI  Significance
2008 -0.0043 0.371 0.0265 0.0789 * -0.0183 0.6274
2009 0.0020 0.280 0.0313 0.0616 * -0.0155 0.5726
2010 0.0012 0.270 0.036 0.0446 ** -0.0158 0.5811
2011 0.0080 0.175 0.0364 0.0428 ** -0.0008 0.3237
2012 0.0305 0.042 ** 0.0411 0.0309 ** 0.0051 0.2462
2013 0.0283 0.052 * 0.0363 0.0428 ** 0.0106 0.1878
2014 0.0265 0.064 * 0.0306 0.0626 * 0.0164 0.1377
2015 0.0357 0.033 ** 0.0336 0.0506 * 0.0228 0.0944 *
2016 0.0351 0.037* 0.0276 0.0747 * 0.0257 0.0681 *
2017 0.0323 0.047 ** 0.0193 0.1217 0.0335 0.0428 **
2018 0.0359 0.038 ** 0.0189 0.1265 0.0298 0.0551 *
2019 0.0373 0.035 ** 0.0203 0.117 0.0445 0.0156 **
2020 0.0353 0.042 ** 0.0205 0.1161 0.0554 0.0095 **
2021 0.0443 0.022 ** 0.0267 0.0804 * 0.0541 0.0111 **
2022 0.0430 0.025 ** 0.0265 0.0822 * 0.0429 0.0256 **

Note. N =450 (30 panels over 15 years). Significance codes: ** p <0.05, * p <0.1.

Global Moran’s I indices were calculated for all three performance metrics (EP, TP,
and CE) across the 30 provinces from 2008 to 2022 to verify the necessity of spatial econo-
metric modeling. The results indicate that all three dimensions exhibit significant and in-
tensifying positive spatial autocorrelation over time, thereby supporting the study’s
premise of spatial linkage. Specifically, Economic Performance (EP) has demonstrated a
stable and growing positive Moran’s I since 2012, consistently significant at the 5% level,
which confirms strong regional economic clustering. Technological Performance (TP) has
stabilized in positive territory and passed significance tests multiple times post-2012, in-
dicating an established, albeit fluctuating, positive spatial dependence in manufacturing
innovation capabilities. Most notably, Carbon Efficiency (CE) transitioned from non-sig-
nificant (or slightly negative) in the early years to significantly positive values after 2015,
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suggesting a gradually strengthening regional correlation and movement toward syner-
gistic environmental governance. This overall trend of spatial dependency across eco-
nomic, technological, and environmental dimensions validates the use of the Spatial Dur-
bin Model for subsequent in-depth analysis.

Following the confirmation of spatial autocorrelation via Moran’s I test, we employ
the Lagrange Multiplier (LM) tests to formally determine the appropriate spatial model
specification. Table 2 presents the results.

Table 2. LM Test Results Table.

Performance Type Moran’s 1 LM-Error Robust LM-Error LM-Lag Robust LM-Lag
Economic Performance 2.829 ** 73.430 *** 3.850 * 95.351 *** 25.771 %
Technological Perfor- g5 . 72,999 *+* 65.784 *+* 39.428 *** 16.006 ***
mance
Carbon Efficiency 7.052 *** 484.512 *** 186.795 *** 313.251 *** 15.533 ***

Notes: Weight matrix specifications: Non-row-standardized binary matrix; Significance codes: *** p
<0.001, ** p <0.01, * p < 0.05; All tests were conducted with 1 degree of freedom (df =1).

The results indicate that both the LM-Error and LM-Lag statistics are highly signifi-
cant at the 1% level across all three performance categories. This finding confirms the sim-
ultaneous presence of both spatial error effects and spatial lag effects in the data. Further
analysis of the Robust LM statistics reveals an inconsistent pattern: the Robust LM-Lag is
more significant for economic and carbon efficiency, while the Robust LM-Error is
stronger for technological performance. This divergent evidence suggests that neither the
Spatial Autoregressive (SAR) model nor the Spatial Error Model (SEM) is fully adequate.
Consequently, the Spatial Durbin Model (SDM), which nests both the spatial lag of the
dependent variable and the spatial lag of the explanatory variables, is adopted as the op-
timal and most comprehensive estimation model to obtain robust inferential results.

To determine the appropriate form of panel effects for the Spatial Durbin Model
(SDM)—specifically, whether to adopt the Fixed Effects (FE) or the Random Effects (RE)
approach—this study performs the Hausman Specification Test [37]. The test evaluates
the null hypothesis (Hp) that the random effects estimator is consistent and efficient. If the
null hypothesis is rejected (i.e., the test statistic is significant), it implies a correlation be-
tween the unobserved individual effects and the explanatory variables. In such cases, the
Fixed Effects model, which controls for all time-invariant, unobserved heterogeneity,
must be selected to ensure the consistency and robustness of the coefficient estimates.

We conducted the Hausman test to determine the appropriate specification between
Fixed Effects (FE) and Random Effects (RE) for the Spatial Durbin Model (SDM); the re-
sults are reported in Table 3. The test results for both Economic Performance and Techno-
logical Performance were highly significant, strongly rejecting the null hypothesis that the
Random Effects model is consistent. This result mandates the use of the Fixed Effects
model for these two dimensions. Although the test for Carbon Efficiency resulted in a non-
significant p-value (statistically favoring the RE model), we adopt a unified Two-Way
Fixed Effects SDM across all three performance dimensions. This strategy is essential to
ensure estimation consistency across the multi-dimensional framework and, more criti-
cally, to robustly control for potential endogeneity arising from unobserved, time-invari-
ant provincial heterogeneity (e.g., geographical features or institutional history).
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Table 3. Panel Model Specification Test (Hausman Test) Results.

lusi 9
Dependent Variable = Null Hypothesis (Hy) X2Statistic  p-Value Cone :Zl‘?;)(at 5% Model Selection

Econ(:nmalrcml;erfor- Random Effects is preferred 20.485 0.001 Reject H, Fixed Effects (FE)

Technological Perfor-

mance Random Effects is preferred 61.546 0.000 Reject H, Fixed Effects (FE)

Random Effects
(RE)

Notes: The Hausman test is used to compare fixed-effects (FE) and random-effects (RE) settings in

Carbon Efficiency Random Effects is preferred ~ -153.123 1.000 Accept H,

panel models. The p-values for all models are significantly less than 0.05, thus strongly rejecting H,.

3.4. Variable Description

Table 4 presents the list of variables and their definitions. In alignment with China’s
dual carbon goals, this study primarily uses carbon intensity as the core proxy for Carbon
Efficiency (CE). Carbon dioxide is the dominant greenhouse gas driving climate change,
and its emission data offers better consistency at the provincial level. Accordingly,
throughout this manuscript, the environmental dimension should be interpreted as car-
bon-related performance (carbon efficiency), rather than a comprehensive multi-pollutant
sustainability index. We explicitly acknowledge that relying solely on carbon intensity
does not fully capture other forms of pollution; this limitation is addressed in the Conclu-
sion.

Table 4. List of Variables and Descriptions.

Variable Type Variable Code Definition/Measurement
total Manufacturing Output/Manufacturing Em-
ployment (economic)

Dependent variable Economic performance EP

Technological perfor- the number of effective invention patents (tech-

Dependent variable TP .
mance nical)
Dependent variable Carbon efficiency CE ratio of CO2 emissions to GDP (environment)
Independent variable Employment density ED The ratio of manufa.cturmg employment to indus-

trial land area

Control variable (1) level of human capital h level of human capital

Control variable (2) per capita GDP pgdp per capita gdp

1 -
Control variable (3) tota exp.orts/gross domes insti total exports/gross domestic product
tic product
Control variable (4)  foreign direct investment fdi foreign enterprise direct investment
Control variable (5) number of R&D personnel staff number of R&D personnel in manufacturing

in manufacturing

Control variable (6) volume of sc1er1.t1f1c e fund volume of scientific research funding
search funding

financial expenditure on
science and technology
environmental regulation Proportion of pollution control investment in total

Control variable (7) gov financial expenditure on science and technology

Control variable (8) . . regu .
intensity manufacturing output value
P ion of lation t ional -
Control variable (9) urbanization level citylevel roportion of urban popy ation to regional popu
lation
ital i t t -
Control variable (10) <*P" vesTment percap k capital investment per capita

ita
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To avoid over-interpreting employment density as a structural innovation determi-
nant, we explicitly control for key innovation inputs and policy support variables in the
technological performance specification, and interpret the estimated density effect as a
reduced-form spatial exposure capturing interaction intensity and congestion rather than
a direct innovation mechanism.

In alignment with China’s dual carbon goals (carbon peaking and carbon neutrality),
this study primarily utilizes carbon intensity (ratio of CO, emissions to GDP) as the core
proxy for carbon efficiency. This choice is substantiated by two factors. First, carbon diox-
ide is the dominant greenhouse gas driving climate change, making carbon reduction the
most strategically and politically relevant environmental objective for the Chinese manu-
facturing sector during the 2008-2022 study period. Second, compared to multi-pollutant
indices (e.g., CO,wastewater), CO, emission data offers better consistency and wider
availability at the provincial level, which is critical for robust spatial panel data analysis
across 30 provinces. We explicitly acknowledge that relying solely on carbon intensity
does not fully capture other forms of pollution (such as water or solid waste); this limita-
tion is addressed in the Conclusions and Recommendations (Section 6).

To provide an initial assessment of the dataset’s characteristics and the inherent level
of provincial heterogeneity, we present the descriptive statistics for all variables used in
the SDM estimation in Table 5. The balanced panel dataset covers 30 Chinese provinces
over a 15-year period (2008-2022), yielding a total of 450 total observations.

Table 5. Summary Statistics of Variables.

Code N Mean Std. Dev. Min Max
EP 450 2.912 5.855 0.079 57.452
TP 450 8.83 1.701 3.401 13.258
CE 450 0.004 0.005 0 0.035
ED 450 20.801 23.415 0.628 126.858

h 450 10.559 1.393 6.319 13.557

pgdp 450 10.718 0.551 9.18 12.155

insti 450 7.238 0.967 4.096 9.362
fdi 450 11.273 1.502 7.762 15.551

staff 450 10.559 1.393 6.319 13.557

fund 450 14.204 1.432 9.079 17.287
gov 450 4.199 1.113 1.56 7.065

regu 450 3.791 1.071 0.885 6.527

citylevel 450 0.582 0.130 0.291 0.896
k 450 -0.004 0.604 -3.772 5.166

Note: The panel data covers 30 provinces in China (excluding Hong Kong, Macao, Taiwan, and
Tibet) from 2008 to 2022, totaling 450 observations.

The descriptive statistics, presented in Table 5, decisively confirm significant inter-
provincial heterogeneity, thereby validating the application of a fixed-effects spatial panel
model. The core variable, Employment Density (ED), exhibits marked polarization, as
demonstrated by its standard deviation (23.415) exceeds its mean (20.801) and a vast range
(0.628 to 126.858), confirming the highly uneven distribution of manufacturing agglomer-
ation across provinces. Among dependent variables, Economic Performance (EP) shows
the greatest volatility (Std. Dev. = 5.855), reflecting substantial productivity disparities.
Technological Performance (TP) is relatively high and stable, while Carbon Efficiency (CE)
registers a very low mean (0.004), consistent with its carbon intensity measure. The sub-
stantial range and standard deviations across all variables (e.g., f{di, R&D funding) further
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underscore the necessity of employing province-specific fixed effects to rigorously ac-
count for inherent regional differences in the econometric analysis.

Before proceeding to the SDM estimation, we perform a Variance Inflation Factor
(VIF) test on all explanatory variables (including the core variable and all control varia-
bles) to detect potential issues of multicollinearity. Severe multicollinearity can lead to
unstable coefficient estimates and inflated standard errors. Generally, a VIF value greater
than 10 suggests a serious multicollinearity problem, while values below 5 are considered
highly favorable.

The VIF test results across all three performance models confirm that multicollinear-
ity is not a significant concern in our final model specifications. For the Economic Perfor-
mance model and the Carbon Efficiency model, all VIF values are well below 5 (Mean
VIFs are 2.730 and 1.169, respectively), indicating high independence among the explan-
atory variables. Although the Technical Performance model has a slightly higher Mean
VIF of 5.544, its maximum VIF value is 8.806, which is still comfortably below the critical
threshold of 10. Crucially, the VIF for our core explanatory variable, Employment Density
(ED), is exceptionally low across in all models (Max VIF of 2.775), thus ensuring the sta-
bility and unbiasedness of the core coefficient estimates.

3.5. Spatial Weight Matrix Construction

This study utilizes the Inverse Geographic Distance Matrix (Wp) as the primary spa-
tial weight matrix for the benchmark regression, as it better captures the continuous decay
of spatial interaction with distance compared to a binary matrix. The matrix is constructed
based on the linear geographic distance (d;;) between the capital cities of the 30 provinces
in mainland China (excluding Hong Kong, Macau, Taiwan, and Tibet). The weight Wj; is
defined as the inverse of this distance:

Wi] = 1/d1] fori # ] and Wii =0 (2)

Subsequently, the matrix is subjected to row normalization (%; W;; = 1). This matrix
effectively models the potential spatial linkages and spillover effects where influence di-
minishes as the physical distance between provinces increases.

4. Empirical Findings and Analysis
4.1. Identification Strategy and Endogeneity

We acknowledge that the relationship between employment density and manufac-
turing performance may be subject to endogeneity, primarily due to reverse causality and
omitted variable bias. High-performing regions may naturally attract more labor, leading
to higher density, while unobserved regional factors could simultaneously influence both
variables.

To address these concerns, we implement a multi-layered identification strategy:
Fixed Effects (FE): We incorporate both province and year fixed effects to control for time-
invariant regional characteristics (e.g., historical industrial base) and common macroeco-
nomic shocks.

Spatial Durbin Model (SDM): The SDM specification accounts for spatial dependence and
regional interdependence, mitigating bias from spatially correlated omitted variables.
Instrumental Variable Approach (IV-SDM): Recognizing that FE and SDM alone may not
fully eliminate bidirectional causality, we further employ an IV-SDM framework. Specif-
ically, we utilize the manufacturing agglomeration level in 1980 as a historical instrumen-
tal variable.

The choice of this historical IV is grounded in two conditions:
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Relevance: Due to the structural inertia and path dependence of industrial layouts,
historical agglomeration patterns significantly shape modern employment density (F-sta-
tistics > 10 in the first stage).

Exogeneity: The 40-year temporal gap ensures that the industrial layout in 1980 is
predetermined and exogenous to current manufacturing performance and modern envi-
ronmental regulations, satisfying the exclusion restriction.

4.2. Spatial Durbin Model Estimation Results

Following the model selection criteria established in Section 3, the two-way fixed ef-
fects Spatial Durbin Model (SDM), using the inverse geographic distance matrix as the
benchmark spatial weight, was estimated for the three performance dimensions. The co-
efficients of the SDM are decomposed into Direct, Indirect (Spillover), and Total Effects to
provide an accurate interpretation of marginal impacts, which are presented in Table 6.

Table 6. Estimation Results of Spatial Durbin Model for Economic, Technological, and Carbon Effi-

ciency.
Performance Dimension Variable Name Direct Effect Indirect Effect Total Effect
ED 0.271 *** (0.03) -0.291 * (0.124) -0.02 (0.133)
h 3.375 *** (0.612) 10.391 * (4.698) 13.766 ** (4.899)
Economic Performance pgdp —0.403 (1.918) 4.322 (3.327) 3.919 (3.032)
insti -0.521 (0.47) 1.069 (1.288) 0.549 (1.269)
fdi -0.969 ** (0.349) 4.098 *** (1.237) 3.129 * (1.286)
ED 0 (0.002) -0.009 (0.019) -0.009 (0.02)
h -0.03 (0.059) 0.021 (1.073) -0.009 (1.119)
Technological Performance staff —-0.044 (0.073) —2.260 ** (0.881) —-2.304 ** (0.908)
fund 0.493 *** (0.087) 2.182 % (1.181) 2.675 ** (1.224)
gov 0.100 **(0.048) 0.278 (0.684) 0.378 (0.705)
ED 0.0001 ** (0) -0.0002 ** (0.0001) -0.0001 (0.0001)
h 0.0033 *** (0.0004) -0.0042 (0.0029) -0.0009 (0.0030)
Carbon Efficiency regu 0.0000 (0.0002) 0.0003 (0.0005) 0.0004 (0.0005)
citylevel -0.0621 *** (0.0052) -0.0048 (0.0084) -0.0669 *** (0.0070)
k 0.0006 ** (0.0002) 0.0039 ** (0.0013) 0.0046 ** (0.0013)

Notes: Significance levels: *** p <0.001, ** p <0.01, * p < 0.05. All coefficients are estimated with robust

standard errors.

Table 6 presents the estimated results of the Spatial Durbin Model (SDM) for eco-
nomic performance, technological performance, and carbon efficiency, comprising three
components: direct effects, indirect effects (spatial spillover effects), and total effects. The
aggregate findings confirm a significant spatial interaction relationship between employ-
ment density (ED) and regional performance, with distinct differences in the influence
mechanisms across different performance dimensions.

The direct effect of employment density (ED) is significantly positive (0.271), indicat-
ing that increased employment density significantly promotes economic performance in
the region. This aligns with the urban economics conclusion that “agglomeration en-
hances productivity” [13]. However, its indirect effect is negative (-0.291), suggesting that
rising employment density in neighboring areas may generate “competitive” spatial spill-
over effects. These effects potentially crowd out resources and labor from surrounding
regions, thereby weakening their economic performance. Overall, the net effect is insig-
nificant, indicating that positive and negative spillovers largely offset each other.

Human capital levels (h) exert a significant positive effect on both local and neigh-
boring regional economic performance (direct effect 3.375, indirect effect 10.391),
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indicating that talent agglomeration not only drives local economic growth but also gen-
erates substantial regional spillover effects through knowledge and skill diffusion. For-
eign direct investment (fdi) exhibits a negative effect on the local economy (-0.969), yet its
spatial spillover effect is significantly positive (4.098). This suggests that while foreign in-
vestment may exert a “crowding-out effect” on the local economy, it generates positive
knowledge and capital spillovers across regions. The directional effects of institutional
quality (insti) and per capita GDP (pgdp) are insignificant, suggesting that spatial hetero-
geneity in economic performance is primarily driven by agglomeration and human capital
factors.

In the technological performance model, employment density (ED) exhibits no sig-
nificant impact on either local or neighboring regions, indicating that mere employment
agglomeration is insufficient to directly drive technological performance improvement. In
contrast, R&D funding (fund) and government support (gov) significantly bolster techno-
logical performance (fund direct effect 0.493; gov direct effect 0.100), demonstrating that
the key to innovation output lies in financial and policy-driven factors. Notably, the indi-
rect effect of the proportion of research staff is significantly negative (-2.260), indicating
that excessive concentration of research resources in a particular region may weaken the
R&D capabilities of surrounding areas, creating a “technology siphoning” effect. Overall,
the spatial correlation of technological performance manifests more as uneven diffusion
and regional competition rather than widespread collaborative spillovers.

Employment density (ED) exhibits a significant positive direct effect (+0.0001) on CE,
indicating that local manufacturing agglomeration increases local carbon intensity (wors-
ens environment). Simultaneously, it shows a significant negative indirect effect (—0.0002),
meaning that this local concentration improves the carbon efficiency of neighboring areas
(reduces their carbon intensity). This distinct pattern of “local environmental degrada-
tion—neighboring area improvement” suggests the possibility of cross-regional pollution
transfer or asymmetric regulatory responses. Examining control variables: The urbaniza-
tion level (citylevel) exerts a significant negative total impact (-0.0669) on CE, revealing
that higher urbanization levels contribute to regional environmental improvement (car-
bon reduction). Conversely, both human capital (h) and capital investment (k) exhibit sig-
nificant positive effects on CE (e.g., k total: +0.0046), reflecting that the current structure
of talent and capital input is associated with increased regional environmental burdens.

4.3. IV-SDM Estimation Results and Spatial Decomposition

To address the potential endogeneity discussed in Section 3.2, we employ the Instru-
mental Variable Spatial Durbin Model (IV-SDM). By using the 1980 historical manufac-
turing agglomeration as an instrument, we isolate the exogenous variation in employment
density. Table 7 reports the estimation results and the decomposition of spatial effects for
the three performance dimensions.

Table 7. IV-SDM Estimates of Employment Density on Manufacturing Performance.

Variables Economic Technological Environmental
Main (Direct)
Employment Density 0.271 * 0.0000 0.000 ***
Effect Decomposition
Direct Effect 0.271 *** 0.000 0.000 ***
Indirect Effect -0.292 -0.009 -0.000 ***
Total Effect -0.021 -0.009 -0.000 ***
First-stage F-stat 13.09 14.39 11.65
R? (Within) 0.439 0.946 0.762

Notes: Significance codes: *** p <0.01; All models include province and year fixed effects.
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First, in terms of economic performance, the results reveal a coexistence of local
growth dividends and spatial siphoning effects. The IV-SDM estimates indicate that man-
ufacturing employment density exerts a significantly positive direct effect on local eco-
nomic performance (0.271, p <0.01). This confirms the positive role of agglomeration econ-
omies, where the geographic concentration of labor enhances local productivity through
improved labor matching, sharing of intermediate inputs, and fostering informal
knowledge exchange. However, the indirect effect is negative (-0.292), unveiling a distinct
“Siphoning Effect”: as a province’s agglomeration level rises, it leverages stronger econo-
mies of scale to attract capital, technology, and high-skilled labor from surrounding areas,
thereby exerting a restrictive impact on the economic performance of neighboring prov-
inces. Since the positive and negative effects offset each other, the total effect is insignifi-
cant, suggesting that manufacturing agglomeration manifests as strong spatial competi-
tion across regions from a geographical distance perspective.

Second, regarding technological performance, there is a clear decoupling between
scale expansion and innovation spillovers. Unlike the economic dimension, the impact of
employment density on technological performance is insignificant across direct, indirect,
and total effects. This finding carries important policy implications, suggesting that the
current stage of manufacturing agglomeration in China is primarily in a “scale expansion”
phase based on labor density, rather than a “knowledge deepening” phase. The mere in-
crease in employment density does not automatically translate into technological progress
or cross-regional innovation spillovers. This indicates that the technological performance
of manufacturing may depend more on non-density factors such as R&D investment, the
quality of foreign direct investment, or the institutional environment. This “density-inno-
vation decoupling” implies that relying solely on expanding employment scale is insuffi-
cient for upgrading the manufacturing sector; the “quality” of agglomeration is more crit-
ical than “quantity” in driving technological progress.

Third, for carbon efficiency, the results exhibit a robust spatial mechanism of local
governance optimization and spatial pollution transfer. The direct effect is significantly
positive (0.000, p < 0.01), showing that agglomeration facilitates a “scale effect of govern-
ance.” This means that through the shared use of environmental infrastructure, improved
energy efficiency, and more stringent centralized environmental regulation, local carbon
efficiency is enhanced. However, both the indirect and total effects are significantly nega-
tive (-0.000, p < 0.1), revealing a potential “Pollution Haven Effect.” While the core ag-
glomeration areas achieve green transformation, it may be accompanied by the relocation
of pollution-intensive production stages to surrounding regions. Although local environ-
ments improve, from a regional perspective, this adjustment in spatial distribution does
not yield substantial environmental gains and even causes environmental pressure in
neighboring areas due to the diffusion of pollution, characterized by a “local gain, neigh-
bor loss” structural pattern.

To further explore whether these spatial externalities are driven by geographic prox-
imity or economic linkages, we perform a robustness check using an Economic Distance
Matrix in the following section.

4.4. Robustness Checks

To ensure the stability of the core findings derived from the benchmark Inverse Ge-
ographic Distance Matrix (Wp), we conduct a robustness check by re-estimating the SDM
using an Economic Distance Matrix (Wg). This alternative matrix, constructed based on
the absolute difference in per capita GDP, tests whether the spatial effects are driven by
economic similarity and interdependence rather than purely by physical distance (Table
8).
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This section compares to compare the results of the benchmark Spatial Durbin Model
(SDM) (using the Inverse Geographic Distance Matrix Wp) with the robustness check re-
sults (using the Economic Distance Matrix Wg). This comparison assesses the stability of
the core findings and provides insight into whether the spatial effects are primarily driven
by geographical proximity or economic similarity. To facilitate this comparison, the spa-
tial effects decomposition for the core variable, Manufacturing Employment Density, is
summarized below:

Table 8. Comparison of Spatial Effects Decomposition for Manufacturing Agglomeration on Three

Types of Performance (Wp vs. WE).

Performance Indicator Matrix Type Direct Effect Indirect Effect  Total Effect
Economic Performance (EP) VV\\//Z ((izr};i:t?lrst)) 8§Z 1 :: __(? 125941 ; 601 gg
Technological Performance (TP) \\//VVZ ((]Isiec;l)cl:tnnil:sl;)) _0'(())01 :8883 :88(1)?
oty

Note: ** p <0.001, ** p <0.01, * p < 0.05. The core variable is Manufacturing Employment Density.

The local agglomeration gain (Direct Effect) stemming from manufacturing agglom-
eration is highly robust and significantly positive under both the geographic distance ma-
trix (Wp) and the economic distance matrix (Wg), reconfirming the stability of local bene-
fits. The spatial competition effect (Indirect Effect) is also significantly negative under both
matrices. Crucially, the Total Effect exhibits a dramatic shift: it is negative (-0.02) under
the geographic matrix (Wp), but positive (0.108) under the economic matrix (Wg). This
strongly indicates that the net economic impact of agglomeration on the region is heavily
dependent on how “neighbor” is defined and the resulting strength of spatial competition.

Interpretation of Matrix Sensitivity: This divergence is not a statistical inconsistency,
but rather reflects the dual-channel nature of spatial interactions. The geographic matrix
primarily captures “proximity-driven spillovers” such as face-to-face knowledge diffu-
sion and labor matching. In contrast, the economic matrix identifies “connectivity-driven
interactions,” such as industrial chain competition and strategic policy mimicking among
economically similar regions. The divergence in results —where Wg yields a more posi-
tive total effect —suggests that while physical proximity among immediate neighbors may
trigger a dominant “siphoning effect” or zero-sum factor competition, economic similarity
fosters a “Value Chain Synergy” that transcends physical distance. This sensitivity high-
lights the complexity of regional manufacturing networks where spatial distance and eco-
nomic hierarchy play distinct roles.

All effects for Technological Performance (Direct, Indirect, and Total Effects) are in-
significant and negligible under both the geographic matrix (Wp) and the economic matrix
(WE). This result demonstrates high robustness, firmly confirming the core finding of this
study: manufacturing agglomeration measured by density is not a significant factor driv-
ing technological performance at the margin. Technological performance is likely driven
more by non-density indicators, such as human capital accumulation and targeted inno-
vation policies.

Carbon Efficiency exhibits the most persistent spatial effect pattern: the “Local Dete-
rioration (Positive Direct Effect)/Neighbor Improvement (Negative Indirect Effect)” trade-
off mechanism is highly robust and significant under both matrices, confirming a struc-
tural spatial mechanism that transcends the limitations of geographical or economic sim-
ilarity. Simultaneously, the Total Effect remains close to zero and insignificant under both
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matrices. This suggests that the local increase in pollution is structurally offset at the re-
gional level by spillovers (e.g., policy diffusion or industrial transfer).

This study successfully executed a robustness check on manufacturing agglomera-
tion’s spatial effects by benchmarking results under the Geographic Distance Matrix (Wp)
and the Economic Distance Matrix (Wg). The findings confirm the high stability of local
economic gain but reveal a critical sensitivity: the regional net economic effect reverses
direction between the two matrices, indicating that net benefits are highly dependent on
the definition of spatial proximity. Furthermore, the effects on Technological Performance
were robustly insignificant, establishing that scale agglomeration is not the primary driver
of technological progress. Most conclusively, the Carbon Efficiency exhibits the most ro-
bust finding: the “local pollution/neighbor improvement” structural mechanism is signif-
icantly established regardless of the matrix used, confirming a stable mechanism where
the regional total effect consistently approaches zero.

Interpretation of Matrix Sensitivity: In our robustness tests, we observed variations
in the economic efficiency coefficients when switching between geographic and economic
weight matrices. This is not a statistical inconsistency, but rather reflects the dual-channel
nature of spatial interactions. The geographic matrix primarily captures “proximity-
driven spillovers” such as face-to-face knowledge diffusion and labor matching. In con-
trast, the economic matrix identifies “connectivity-driven interactions,” such as industrial
chain competition and strategic policy mimicking among economically similar regions.
The divergence in results suggests that while physical proximity facilitates positive eco-
nomic externalities, economic similarity may amplify the “siphoning effect” and market
competition, potentially offsetting local gains. This sensitivity highlights the complexity
of regional manufacturing networks where spatial distance and economic hierarchy play
distinct roles.

5. Discussion

This study provides a spatial and multidimensional assessment of how employment
density affects manufacturing performance. The findings reinforce recent empirical evi-
dence on industrial agglomeration, green total factor productivity, and spatial spillovers.
A comprehensive interpretation requires distinguishing local effects from spillover ef-
fects. Therefore, a comprehensive understanding requires decomposing direct and indi-
rect effects from a spatial perspective [38].

Mechanism-based interpretation. From an economic standpoint, employment den-
sity is unlikely to affect performance outcomes directly; instead, it operates through inter-
mediate mechanisms. To strengthen the economic interpretation, we link each estimated
spatial pattern to a specific, testable channel. In this sense, employment density is treated
as an exposure variable capturing spatial interaction intensity and potential congestion,
rather than a structural innovation-system determinant. Accordingly, our estimates can
be read as net effects operating through (i) matching/sharing vs. congestion and factor
competition, (ii) absorptive-capacity constraints in regional innovation systems, and (iii)
scale governance vs. industrial relocation along regional production networks. The impli-
cations below are stated as mechanism-consistent hypotheses that future work can test
more directly with channel variables.

In terms of economic performance, higher employment density significantly im-
proves local outcomes. This reflects factor matching and economies of scale. At the same
time, negative spillover effects in neighboring provinces indicate stronger factor competi-
tion and market crowding. This combination of “positive local effects + negative spillo-
vers” aligns with recent empirical findings: existing research indicates that manufactur-
ing/industrial agglomeration can enhance regional productivity and efficiency, while
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other studies emphasize that when congestion, costs, and competition rise, surrounding
areas may be squeezed out of growth opportunities, leading to negative spillovers [39].

Mechanism (matching vs. congestion): the positive direct effect is consistent with la-
bor-market matching, input sharing, and localized learning, whereas the negative indirect
effect is consistent with congestion costs and factor reallocation toward the core (a “si-
phoning/competition” channel). A testable implication is that the negative spillover
should be stronger where interprovincial labor mobility and market integration are
higher, and weaker where capacity constraints (land/transport/energy) are less binding.

Regarding technological performance, the results indicate that employment density
alone does not automatically generate technological upgrading. Its influence depends on
complementary conditions, such as R&D investment, human capital, and institutional
support. The spatial concentration of scientific resources also generates a “technology si-
phoning effect.” Innovation benefits tend to accumulate in core regions, while diffusion
to surrounding regions remains limited. Recent studies using Chinese city/provincial
samples also indicate that industrial co-location or agglomeration can promote green in-
novation and GTFP, but its innovation spillovers exhibit significant unevenness and de-
pend on local innovation foundations and policy environments [40] This implies that den-
sity-based development strategies need to be paired with policies that support innovation
inputs and diffusion channels. Importantly, employment density is not intended to repre-
sent a structural determinant of regional innovation systems. Rather, it is used as a labor-
based proxy for spatial interaction intensity and congestion that may condition innovation
outcomes. This interpretation is consistent with our evidence that technological perfor-
mance is more closely linked to innovation inputs and institutional support than to den-
sity per se. By including key structural determinants (e.g., R&D inputs and human capital)
as controls in the spatial models, we account for major components of regional innovation
capacity and focus on the incremental spatial externalities associated with labor concen-
tration.

Mechanism (absorptive-capacity constraint): the weak/insignificant density effect is
consistent with the view that density is not sufficient for innovation unless a region has
adequate absorptive capacity (e.g., R&D inputs, skilled labor, and supportive institutions).
A testable implication is that the density effect on technological performance should be
more positive in regions with higher R&D intensity, stronger universities/industry link-
ages, or better innovation governance, and closer to zero where these conditions are weak.

With respect to carbon efficiency, this study reveals a spatial pattern of “local im-
provement-neighborhood deterioration.” High-density regions may achieve local envi-
ronmental gains through efficiency improvements and green technology adoption. Mean-
while, surrounding regions may face greater environmental pressure due to the relocation
of pollution-intensive activities and spillover effects. This pattern is consistent with recent
studies emphasizing dual and threshold effects of agglomeration on green performance.
Furthermore, spatial spillover effects show significant variations across different regions
[41].

Mechanism (scale governance vs. relocation): the local improvement is consistent
with scale economies in environmental governance (shared abatement infrastructure,
stricter monitoring, and cleaner technology adoption), while the neighborhood deteriora-
tion is consistent with industrial-chain relocation or “pollution transfer” toward less reg-
ulated areas. A testable implication is that negative spillovers should be stronger where
regulatory gaps across neighboring provinces are larger and where industrial chain frag-
mentation makes relocation easier.

Overall, the results demonstrate that employment density acts as a double-edged
sword in regional development. It can enhance local economic efficiency, innovation, and
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carbon efficiency, but it may also generate spatial competition, innovation polarization,
and environmental spillovers across regions.

Regarding the spatial aggregation level, the provincial scale adopted in this study
has distinct implications for the identification and magnitude of these spillovers. At this
macro level, the identified technological spillovers reflect long-range knowledge diffusion
and strategic industrial chain linkages rather than within-city matching. Similarly, for car-
bon efficiency, provincial aggregation captures the spatial redistribution of pollution-in-
tensive industries and the net effect of provincial policy mandates in China. While finer-
grained data (e.g., city-level) might yield different local point estimates, the provincial
scale smooths short-run local volatility and provides a stable basis for evaluating macro-
regional trade-offs and informing national manufacturing policy. In mechanism terms,
this aggregation level is particularly suited to capturing cross-provincial factor flows, pol-
icy competition, and industrial-chain reallocation, which are central to the spillover chan-
nels discussed above.

6. Conclusions and Recommendations

Overall, based on provincial panel data from 2008 to 2022 and spatial econometric
analysis, this study confirms that employment density exhibits significant spatial effects
and heterogeneity across economic, technological, and carbon efficiency dimensions.

At the level of economic performance, employment density exerts a significant posi-
tive local effect, reflecting factor matching and economies of scale arising from agglomer-
ation. Simultaneously, its negative indirect effect on neighboring provinces suggests fac-
tor competition or market crowding (“agglomeration promotion—competition suppres-
sion”).

Regarding technological performance, employment density does not always directly
improve technological performance. Innovation outcomes depend on intermediary fac-
tors such as R&D funding, talent, and institutional support. In addition, the spatial con-
centration of scientific resources generates a “technology siphoning effect,” which limits
the diffusion of innovation benefits to surrounding regions.

In terms of carbon efficiency, the results reveal a spatial differentiation pattern of “lo-
cal improvement—neighborhood deterioration.” High-density areas may achieve local
gains through efficiency improvement and green technology adoption, but surrounding
areas may face increased environmental pressure due to pollution-intensive activity relo-
cation and spillover effects.

Taken together, employment density delivers local benefits but also creates cross-
regional spillovers and trade-offs. A sole pursuit of agglomeration is therefore insufficient
for balanced and sustainable development. Policies should incorporate spatial coordina-
tion across regions.

Recommendations follow directly from these findings. First, governments should
guide the rational spatial allocation of industries and population to prevent excessive con-
centration in core areas and reduce crowding-out effects on neighboring regions. Second,
interregional innovation collaboration should be strengthened through cross-regional
R&D platforms, talent circulation mechanisms, and digital infrastructure that lowers bar-
riers to knowledge diffusion. Third, coordinated ecological governance should be en-
hanced to curb pollution transfer, including joint prevention and control mechanisms and
cross-regional market-based instruments (e.g., emissions and pollutant permit trading).
Fourth, human capital development and mobility efficiency should be improved through
targeted education and training, skill certification, and institutional arrangements that fa-
cilitate mobility and equal access to public services. Finally, a unified spatial monitoring
and evaluation system should be established to support dynamic assessment and timely
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policy adjustment by integrating GIS, remote sensing, big data analytics, and spatial econ-
ometric tools.

Finally, it is important to recognize the scope of this research. This study acknowl-
edges a measurement limitation regarding carbon efficiency. While carbon intensity was
selected as the core proxy due to its strategic alignment with China’s “Dual Carbon” goals
and its high data consistency for spatial panel analysis, it may not fully account for other
industrial pollutants such as wastewater or solid waste. Future research could extend this
framework by constructing a multidimensional environmental index to explore potential
trade-offs or synergies between carbon reduction and broader waste management within
manufacturing agglomerations.
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