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Abstract: An understanding of how land use efficiency and industrial clusters interact helps one to 

make informed decisions that balance economic benefits with sustainable urban development. The 

emergence of industrial clusters is a result of market behavior, while the determination of adminis-

trative boundaries is a result of government behavior. When these two are not consistent, it can lead 

to distortions in the allocation of land resources. However, current research on industrial develop-

ment and land use efficiency is based on agglomeration within administrative regions rather than 

on industrial clusters. This study addresses this gap by identifying industrial clusters based on the 

spatial distribution of enterprises and analyzing their impact on land use efficiency. This study uses 

the density-based spatial clustering of applications with noise (DBSCAN) algorithm to identify in-

dustrial clusters, the convex hull algorithm to study their morphology, and spatial econometrics to 

measure the relationship between land use efficiency and the scale of industrial clusters. The results 

indicate the following: (1) the density of manufacturing industry (MI) clusters is significantly higher 

than that of information technology industry (ITI) clusters, and larger industrial clusters tend to be 

more circular in shape; (2) there is a positive correlation between the scale of industrial clusters and 

land use efficiency, and industrial clusters with varying levels of land use efficiency are interspersed 

throughout; (3) significant differences exist between the boundaries of industrial clusters and ad-

ministrative regions, which could lead to biases when analyzing land use efficiency based on ad-

ministrative regions. This study provides theoretical support for government policies on improving 

land use efficiency in China. 
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1. Introduction 

The relationship between land use and industrial clusters is a key issue in urban 

planning and economic geography [1–3]. This dynamic relationship shapes how cities 

grow economically and spatially, impacting both environmental and economic activities. 

Urban planners and local governments implement land use policies to steer economic de-

velopment toward certain areas, forming business hubs or districts that cluster similar 

enterprises to foster synergies [4,5]. However, since each administrative region has its 

own development goals, this can result in local protectionism and market segmentation, 

impeding coordinated regional development [6,7]. From the perspective of enterprise lo-

cation choice behavior, enterprises tend to cluster spatially due to shared labor markets, 

intermediate goods markets, and knowledge spillovers [8]. Ongoing improvements in in-

frastructure and advancements in technology have led to closer economic connections be-

tween administrative regions, significantly changing the spatial patterns of regional eco-

nomic development. This has also resulted in the possibility of clustering occurring in any 
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area, such as large cities, small towns, and rural areas [9,10]. Unlike administrative re-

gions, industrial clusters are relatively flexible. When changes in administrative bounda-

ries cannot accommodate changes in industrial clusters, they can lead to distortions in the 

land market and reduced efficiency in land use. 

In analyzing land use efficiency, many studies use administrative regions as the units 

for analyzing industrial clusters or agglomerations [11–14]. Although using administra-

tive regions as spatial units can make more statistical data available, it can also introduce 

statistical bias due to the modifiable areal unit problem (MAUP), which arises from the 

discrepancy between administrative boundaries and industrial cluster boundaries [15–

18]. MAUP refers to variations in the analytical results that depend on the spatial units 

used, directly affecting the quantitative outcomes [19]. In Table 1, the numbers represent 

the density of enterprises within a grid. When the original enterprise distribution is as 

shown in Table 1(A), the overall mean of and variance in the grid are 3.75 and 2.60, respec-

tively. When grids are merged, as in Table 1(B), although the mean remains unchanged, 

the variance drops to 0. When grids are merged, as in Table 1(C), both the mean of and 

variance in the grid change. Thus, the effectiveness of evaluating land use efficiency re-

sults depends on the characteristics and definitions of the basic spatial units in the data. 

Table 1. The impact of the MAUP on the quantitative results. 

A B C 

2 4 6 1 
3.75 3.75 

4 1 

3 6 3 5 

4 3.67 1 5 4 2 
3.75 3.75 

5 4 5 4 

Mean: 3.75 Variance: 2.60 Mean: 3.75 Variance: 0 Mean: 3.17 Variance: 2.11 

Table 1(A) represents the original state of enterprise distribution. Table 1(B) and Table 1(C) show the 

results obtained by aggregating Table 1(A) in different ways. 

Many current studies analyze land use efficiency based on administrative regions. 

Previous research suggests that the choice of administrative regions for analysis may stem 

from the fact that the selection of basic areal units (BSUs) for analysis and ‘scaling up’ is 

often arbitrary or dictated by the resolution of available data [19,20]. Additionally, ‘City 

size-related MAUP biases are particularly difficult to address [18,21],’ which leads current 

research to often overlook the biases arising from discrepancies between the use of ad-

ministrative regions and industrial clusters. To address this gap, machine learning meth-

ods and micro-enterprise data were employed to identify national industrial clusters. 

Then, an attempt was made to analyze the characteristics of industrial clusters and the 

relationships between them. Finally, the study’s aim was aim to identify potential bias 

when using administrative regions as spatial units to evaluate land use efficiency. The 

following two questions are answered in this paper: (1) What are the differences between 

the boundaries of administrative regions and those of industrial clusters? Answering this 

question helps us to understand industrial cluster distribution patterns. (2) How does the 

scale of industrial clusters affect land use efficiency? Answering this question helps us to 

understand knowledge spillover and spatial connections between clusters, thereby aiding 

in the exploration of strategies to enhance land use efficiency. Therefore, the contributions 

of this paper are threefold: First, this paper proposes an analytical framework to address 

the MAUP caused by sample selection bias during land use efficiency analysis. Second, 

industrial clusters are identified across China, and their spatial morphology along with 

the interconnections between these clusters are analyzed. Third, strategies and recommen-

dations are advanced to enhance land use efficiency both within cities and across cities. 
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2. Literature Review 

Industry clusters are crucial drivers of urban innovation; the agglomeration of enter-

prises not only establishes the principal platforms for population but also provides labor, 

capital, and technology to enterprises [22]. External economies are considered to be the 

primary causes of industrial clusters, with many models based on agglomeration econo-

mies [23,24] and external economies [25]. Clustering creates an innovative environment 

that constitutes research into the characteristics of ‘learning economies’, which sustain the 

continuous research and innovation necessary for the development of new products and 

markets [26]. Furthermore, spatial proximity facilitates a cooperative–competitive rela-

tionship among firms, where the most competitive find ways to collaborate even as they 

compete in product development and market expansion [27,28]. The renewed interest 

among mainstream economists in increasing returns is due to modeling advances that 

allow for more rigorous and consistent treatment [29]. New growth theory suggests that 

a comparative advantage established in a region or country, perhaps by accident or due 

to the distribution of natural resources, is significant [30]. 

The current research into the relationship between land use and industry primarily 

focuses on industrial land use efficiency. However, endowment differences mean that 

countries prioritize different aspects of enhancing industrial land use efficiency. For in-

stance, Western countries have focused more on the redevelopment of industrial land, 

while China has attempted to reduce industrial land use in favor of the mixed use of land 

[31–34]. Due to the presence of negative externalities, land productivity is not the sole goal 

of land use; reasonable land use can also help reduce industrial emissions [35–37]. 

Through the construction of indicators of land use, this approach emphasizes maximizing 

comprehensive benefits to the economy, society, and environment [38]. Therefore, it is 

crucial not only to minimize the undesirable outputs but also to maximize the economic 

outputs. In quantitative analysis, the ratio of industrial added value to industrial land area 

is used to reflect the industrial land use efficiency [39,40]. In multivariable analysis, some 

scholars have constructed indicator systems while others have used non-parametric meth-

ods [41–43]. 

The development of industries is dynamic, as evidenced by the internal mechanisms 

of their evolution over time and space, which indicate that the formation of industrial land 

characteristics is closely linked to economic development, social changes, and institutional 

constraints [44,45]. The nature of clusters is to eliminate market barriers and promote the 

formation of a unified market, primarily through moderate industrial agglomeration and 

land use [46]. This is primarily manifested in the fact that, as the level of agglomeration 

increases, the labor productivity of industrial clusters also rises [47,48]. The current re-

search on the connections between industrial clusters, spatial structure, and economic 

growth has predominantly focused on a single-region scale, such as cities or provinces 

[34,49–51]. The research on OECD countries [52] and Europe [53,54] reveals that while a 

centralized urban structure improves economic performance on a smaller scale, polycen-

tric spatial structures tend to have a detrimental impact on labor productivity in larger 

cities. Research conducted in China has shown that a monocentric urban spatial structure 

can promote regional economic efficiency [55,56]. 

This review of the literature reveals a clear conflict between the dynamics of indus-

trial development and the fixed nature of administrative boundaries. The studies are 

based on administrative boundaries, implying that each administrative district is an in-

dustrial cluster or that only within these districts do enterprises interrelate. However, the 

current research does not adequately address the validity of this assumption, suggesting 

that land use policies based on administrative regions may risk being ineffective. 
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3. Materials and Methods 

3.1. Analytical Framework 

Since enterprises tend to group together geographically, benefiting from shared labor 

markets, intermediate goods markets, and knowledge spillovers, density is an important 

criterion used to define industrial clusters [57–60]. Therefore, the density-based spatial 

clustering of applications with noise (DBSCAN) algorithm was employed to identify in-

dustrial clusters. Because DBSCAN is a density-based clustering method, under the prem-

ise of set density, there is a significant positive correlation between the scale of industrial 

clusters and the area of industrial land use, which facilitates our analysis of industrial 

clusters and land use efficiency. Firstly, DBSCAN clusters, based on firms’ location selec-

tion behaviors, analyze land use efficiency in relation to economic activities, whereas ad-

ministrative regions analyze land use efficiency based on government management prac-

tices. Thus, this study not only provides a new dimension for analyzing land use efficiency 

but also helps in examining the spatial site selection preferences and distribution charac-

teristics of different types of industries. Secondly, the potential bias caused by using ad-

ministrative regions as spatial units for analyzing land use efficiency can be explored by 

comparing the boundaries of industrial clusters with administrative boundaries. Lastly, 

since industrial clusters are crucial carriers of business production, evaluating land use 

efficiency based on industrial clusters is more meaningful. This not only allows for the 

examination of theories related to aggregation by discussing the relationship between the 

scale of industrial clusters and labor productivity, but also enables the quantification of 

spatial distribution characteristics and knowledge spillovers between clusters. 

The research framework of this study is depicted in Figure 1. Firstly, through a re-

view of the literature, it was found that using administrative regions as research units may 

introduce errors. Secondly, machine learning techniques were utilized to identify indus-

trial clusters across China. Thirdly, the convex hull algorithm was employed to validate 

the identification results against classic economic theories, and the differences between 

administrative boundaries and industrial cluster boundaries were compared through spa-

tial statistical analysis. Finally, the spatial connections among industrial clusters were ex-

amined, and spatial econometric regression and data envelopment analysis were used to 

analyze the relationship between land use efficiency and industrial clusters. 
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Figure 1. Road map of empirical analysis. 

This paper presents several innovations: Firstly, it explores land use efficiency based 

on micro-level enterprise location behaviors, helping to avoid the modifiable areal unit 

problem (MAUP) associated with using administrative regions as spatial units. Secondly, 

it analyzes land use efficiency through industrial clusters, which exclude many outlier 

enterprises and non-agglomerated areas. Thirdly, it identifies industrial clusters based on 

density, offering a new perspective for analyzing land use efficiency. When using admin-

istrative regions as research units, land area is assumed constant while analyzing density 

changes, whereas using industrial clusters as research units assumes constant density 

while analyzing land area changes. Lastly, the study examines land use efficiency from 

both macro and micro perspectives. From a micro perspective, if enterprises cluster to 

minimize distances within the cluster, it results in high-density land use [61]. From a 

macro perspective, a positive correlation between cluster size and input–output produc-

tivity indicates that larger industrial clusters are associated with higher land use effi-

ciency. 

3.2. Study Area and Data 

This study analyzed industrial clusters across China, as shown in Figure 2. Since 

China’s economic reform and opening up, the economy has developed rapidly, and the 

relationships between regions have become increasingly interconnected [62]. China has 

also introduced a large number of policies to promote coordinated regional development. 

In particular, with the emergence of megacities such as Beijing, Shanghai, Guangzhou, 

and Shenzhen, many industries have relocated from the core areas of cities. To accommo-

date these enterprises, the surrounding areas have constructed industrial parks at the bor-

ders between cities, leading to a growing pattern of cross-border industrial clusters [63]. 
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The study of cross-administrative district industrial clusters has attracted increasing at-

tention from scholars [64–66]. However, these studies mainly rely on case analyses and 

lack quantitative descriptions. Therefore, exploring the quantitative relationship between 

China’s administrative regions and industrial clusters holds significant practical im-

portance. 

This paper conducts an analysis of industrial clusters using micro-level enterprise 

data. The available sources of micro-level enterprises data include the economic census 

database [67], the Chinese industrial enterprises database [68], and the business enterprise 

registration database [69]. Among these, the Chinese industrial enterprises database only 

compiles statistics for industrial enterprises above a designated scale, and the business 

enterprise registration database is not only challenging for obtaining variables like em-

ployment and company revenue but also cannot exclude deregistered enterprises. In com-

parison to the other two databases, the economic census database has clear time points, 

relatively consistent data calibers, and fewer missing values. Although the economic cen-

sus database is not a full-sample data set, it represents a stratified sampling survey at a 

ratio of 10% and can reflect the spatial distribution of enterprises, aligning with the rele-

vant theoretical assumptions of industrial clusters. Therefore, this paper selects the 2014 

economic census database as the source of research data for this paper. The manufacturing 

industry (MI) and information technology industry (ITI) were selected based on the ‘In-

dustrial Classification for National Economic Activities.’ The 2-digit sector codes for MI 

are 35–42, while ITI includes all the 2-digit sector codes for information transmission, com-

puter services, and software. 

To visually illustrate the potential bias arising from using administrative regions as 

the spatial unit for analyzing land use efficiency, the Beijing–Tianjin–Hebei urban agglom-

eration was selected as the demonstration area, and python 3.9 is used for data processing 

and visualization. A spatial distribution map of enterprises was created using the basic 

software development industry (industry code 6511) as an example (Figure 2). As depicted 

in Figure 2A, enterprises are not evenly distributed in space but exhibit characteristics of 

spatial clustering. There are two major clusters, one under the jurisdiction of Beijing and 

the other under Tianjin, indicating a significant correlation between industrial clusters and 

administrative regions. Upon introducing provincial boundaries into the map, as illus-

trated in Figure 2B, it was observed that, although there is a higher density of enterprises 

in the Tianjin cluster, the number in Hebei reaches 3869, surpassing the number in Tianjin 

(1021). As a result, when considering provincial administrative regions as spatial units, 

the quantitative results show that industries are more concentrated in Hebei. Further, the 

incorporation of municipal boundaries into the map, as seen in Figure 2C, reveals that 

selecting municipal boundaries as the spatial unit results in a greater number of industrial 

clusters that span administrative borders compared to provincial boundaries. 
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Figure 2. The spatial distribution of Enterprises. (A) shows the spatial distribution characteristics of 

businesses when administrative boundaries do not exist. (B,C) depict the inclusion of administrative 

boundaries in (A). If the administrative boundaries are chosen inappropriately, there will be bias in 

the quantified results of land use efficiency, corresponding to Table 1. 

3.3. Methodology 

3.3.1. DBSCAN 

DBSCAN is a clustering algorithm used in machine learning and data analysis. Ag-

glomeration refers to the significant spatial proximity of enterprises [16]. However, in the 

process of choosing locations, some enterprises may not be influenced by agglomeration 

effects. For example, in China, many township enterprises select their locations based pri-

marily on regional endowments and resources [70,71]. As a result, these enterprises do 

not appear in the form of spatial clusters and may be isolated points on a map, similar to 

noise in an image. DBSCAN identifies clusters based on the density of data points, which 

makes it particularly useful for discovering clusters of arbitrary shape within spatial data 

that may include noise. This method not only aids in identifying the spatial characteristics 

of industrial distribution but also helps in eliminating enterprises for which agglomera-

tion effects are not significant during the location selection process. The method classifies 

points into three categories: core points, borders, and noise. Core points are data points 

that have a specified number of other points (𝑀𝑖𝑛𝑃𝑡𝑠) within a given radius (𝜀). The user 

sets the 𝑀𝑖𝑛𝑃𝑡𝑠  and 𝜀  parameters and determines what is considered a dense region. 

The points within the 𝜀 neighborhood of a core point that are not core points themselves 

are considered border points. All other points that are not core points or border points are 

considered noise. Noise can be recognized as entities that do not belong to any cluster. 

The DBSCAN algorithm is outlined in Algorithm 1. Enterprises can be divided into three 

categories: those within industrial clusters, those on the cluster borders, and those not 

belonging to any industrial clusters. 
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Algorithm 1 DBSCAN algorithm 

 Input: DB: Database 

 Input: 𝜀: Radius 

 Input: 𝑀𝑖𝑛𝑃𝑡𝑠: Density threshold 

 Input: dist: Distance function 

 Data: label: Point labels, initially undefined 

1 foreach point p in database DB do 

2     if label(p) ≠ undefined then continue 

3     Neighbors N ← RangeQuery(DB, dist, p, 𝜀) 

4     if |N| < 𝑀𝑖𝑛𝑃𝑡𝑠 then 

5         label(p) ← Noise 

6         continue 

7     c ← next cluster label 

8     label(p) ← c 

9     Seed set S ← N\{p} 

10     foreach q in S do 

11         if label(q) = Noise then label(q) ← c 

12         if label(q) ≠ undefined then continue 

13         Neighbors N ← RangeQuery(DB, dist, q, 𝜀) 

14         label(q) ← c 

15         if |N| < 𝑀𝑖𝑛𝑃𝑡𝑠 then continue 

16 S ← S ∪ N 

The Calinski–Harabasz Index (CHI), also known as the variance ratio criterion, was 

employed to determine the 𝑀𝑖𝑛𝑃𝑡𝑠 and 𝜀. The CHI is defined as the ratio of the sum of 

between-cluster dispersion and of within-cluster dispersion for all clusters, where disper-

sion is the sum of squares distance. Specifically, the between-group dispersion is the sum 

of the squared differences between the cluster centroids and the overall cluster centroid, 

multiplied by the number of points in a cluster. The within-cluster dispersion is the sum 

of the squared distances between the data points and their respective cluster centroid. The 

calculation method is as follows: 

𝐶𝐻𝐼 = 𝑡𝑟(𝐵𝑘)/𝑡𝑟(𝑊𝑘) ∗ (𝑛𝐸 − 𝑘)/(𝑘 − 1) (1) 

𝑊𝑘 = ∑ ∑(𝑥 − 𝑐𝑄)(𝑥 − 𝑐𝑄)𝑇  (2) 

𝐵𝑘 = ∑ 𝑛𝑞(𝑐𝑄 − 𝑐𝐸)(𝑐𝑄 − 𝑐𝐸)𝑇 (3) 

where 𝑡𝑟(𝐵𝑘) is the trace of the within-cluster dispersion matrix; 𝑡𝑟(𝑊𝑘) is the trace of 

the between-group dispersion matrix; 𝑛𝐸  is the number of points; 𝑘  is the number of 

clusters; 𝑐𝑄 is the cluster centroids of 𝑄; and 𝑐𝐸 is the cluster centroids of all data. 

3.3.2. Identification of the Spatial Form of Industrial Cluster 

Firstly, the convex hull of industrial clusters was addressed. The convex hull of a set 

of points is a concept from computational geometry that refers to the smallest convex 

shape that encloses all of the points in the set. A set or shape is convex if, for any two 

points within the shape, the line segment connecting them lies entirely within the shape. 

For a given set of points, there is only one convex hull, and a convex shape bulges outward 

rather than inward, with no indentations or hollows. All original points of the set are ei-

ther on the boundary of the convex hull or inside it. Visualizing the convex hull can pro-

vide insights into the structure of clusters, it simplifies complex shapes into a simpler pol-

ygon or polyhedron, and this facilitates the comparison of different industrial clusters. 
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The Graham’s scan algorithm is used to identify the convex hull of industrial clusters. The 

convex hull is efficiently built by the Graham’s scan algorithm through the use of angular 

sorting and a stack-based mechanism to add or remove points based on the direction of 

the turn they create with the hull being formed. The algorithm works in three main steps: 

sorting the points, building the lower hull, and building the upper hull. It is relatively 

simple and has a computational complexity of 𝑂(𝑛𝑙𝑜𝑔𝑛) , primarily due to the sorting 

step. 

Next, an ellipse was fitted to the points on the convex hull, and then the eccentricity 

was calculated based on the fitting results. The smaller the eccentricity, the closer the spa-

tial form of the industrial cluster is to a circle. In this study, the method known as the 

direct least squares fitting of ellipses, which involves minimizing the algebraic distance 

between the points and the ellipse, was used. An ellipse can be represented algebraically 

by the general quadratic equation 

𝐴𝑥2 + 𝐵𝑥𝑦 + 𝐶𝑦2 + 𝐷𝑥 + 𝐸𝑦 + 𝐹 = 0 (4) 

where 𝐴, 𝐵, 𝐶, 𝐷, 𝐸, and 𝐹 are the coefficients that define the ellipse. For a set of points 

(𝑥𝑖 , 𝑦𝑖) , the goal is to find the coefficients 𝐴, 𝐵, 𝐶, 𝐷, 𝐸 , and 𝐹  such that the sum of the 

squared distances (algebraic distances) from these points to the ellipse is minimized. This 

can be set up as a linear least squares problem. This method provides a good balance be-

tween computational efficiency and accuracy for most practical applications where an el-

lipse needs to be fitted to a set of data points. This method was used to verify whether the 

industrial clusters conformed to the circular assumption in classic location theory, such as 

the ‘Thünen rings’ in classic agricultural location theory [72,73], the hexagonal ‘honey-

comb’ model in central place theory [74,75], and the symmetry assumption of a monocen-

tric city in mathematical models of urban spatial structures [76]. 

3.3.3. Data Envelopment Analysis (DEA) 

DEA is the primary method used to evaluate land use efficiency and agglomeration 

[77–81]. Since the identification of industrial clusters is based on density, with a set density 

threshold, there is a positive correlation between the scale of industrial clusters and the 

land area used for these clusters. When there is an agglomeration effect, and the scale of 

the industrial cluster is positively correlated with labor productivity [82], it means that 

larger industrial clusters have higher land use efficiency. Therefore, we use the input–

output efficiency of the industrial cluster to represent land use efficiency. The labor force 

and capital within the industrial cluster are used as inputs, and the output value of the 

enterprises is used as the output to calculate the land use efficiency within an industrial 

cluster. For a given set of 𝑛 DMU, each with 𝑚 inputs and 𝑠 outputs, the basic form of 

the data envelopment analysis (DEA) model for a particular cluster can be represented as 

follows: 

Maximize 𝑧0 =
∑ 𝑢𝑟𝑦𝑟0

𝑠
𝑟=1

∑ 𝑣𝑖𝑥𝑖0
𝑚
𝑖=1

 (5) 

subject to 

∑ 𝑢𝑟𝑦𝑟𝑗
𝑠
𝑟=1

∑ 𝑣𝑖𝑥𝑖𝑗
𝑚
𝑖=1

≤ 1,   𝑗 = 1, … , 𝑛 (6) 

𝑢𝑟 , 𝑣𝑖 > 0,   𝑟 = 1, … , 𝑠; 𝑖 = 1, … , 𝑚 (7) 

where 𝑧0  is the efficiency score of 𝐷𝑀𝑈0 ; 𝑦𝑟𝑗   is the amount of output 𝑟  produced by 

𝐷𝑀𝑈𝑗 ; 𝑥𝑖𝑗  is the amount of input 𝑖 used by 𝐷𝑀𝑈𝑗; 𝑢𝑟 is the weight given to output 𝑟; 

and 𝑣𝑖 is the weight given to input 𝑖. 

3.3.4. Spatial Correlation Analysis between Clusters 
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This paper utilized Moran’s I index to analyze the spatial distribution of industrial 

clusters of different scales. Moran’s I index is a statistical measure used to assess spatial 

autocorrelation [83,84], which is the degree to which neighboring observations in a dataset 

are similar to each other. It is commonly used in spatial analysis, geography, and related 

fields to detect patterns of spatial clustering, dispersion, or randomness in data, as shown 

in Figure 3. The value range of Moran’s I index is (−1, 1). The calculation method for Mo-

ran’s I index is shown in Formula (8), 

Moran's I =
𝑛

𝑊
 
∑ ∑ 𝑤𝑖𝑗(𝑦𝑖 − 𝑦)(𝑦𝑗 − 𝑦)𝑗𝑖

𝑆2
 (8) 

where 𝑛 is the sample size (number of data points); 𝑤𝑖𝑗  is the spatial weight between 

data points; 𝑊 is the total weight in the weight matrix; and 𝑦̅ and 𝑆2 represent the mean 

and variance, respectively, as shown in Formulas (9) and (10); 

𝑦 = ∑ 𝑦𝑖/𝑛

𝑛

𝑖=0

 (9) 

𝑆2 = ∑(𝑦𝑖 − 𝑦)/𝑛

𝑛

𝑖=0

 (10) 

W = ∑ ∑ 𝑤𝑖𝑗

𝑗𝑖

 (11) 

 

A B 

  

Figure 3. Spatial representation of Moran’s I index. Where the industrial clusters are represented in 

black for high productivity and white for low productivity. (A) indicates that when Moran’s I index 

is less than 0, the high-productivity and low-productivity industrial clusters are spatially inter-

spersed, showing a ‘checkerboard pattern’. (B) indicates that when Moran’s I index is greater than 

0, there is a spatial correlation between the high-productivity industrial clusters and high-produc-

tivity industrial clusters, and between the low-productivity industrial clusters and low-productivity 

industrial clusters, showing a ‘bipolar pattern’. 

3.3.5. Spatial Error Model 

A spatial error model (SEM) is a type of regression model used in spatial economet-

rics to account for spatial autocorrelation in the error terms of a regression equation. Spa-

tial autocorrelation occurs when the residuals (error terms) from a regression model are 

correlated across space, meaning that the error terms at one location are influenced by the 

error terms at nearby locations. 

The spatial error model modifies the standard regression model by incorporating a 

spatially lagged error term. The basic form of the spatial error model is 

𝑦 = 𝑋𝛽 + 𝜀 (12) 
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𝜀 = 𝜆𝑊𝜀 + 𝑢 (13) 

 

where 𝑦 is the vector of dependent variable; 𝑋 is a matrix of explanatory variables; 𝛽 is 

a vector of coefficients; 𝜀 is the vector of the error terms; 𝜆 is a coefficient representing the 

strength of the spatial auto-correlation; 𝑊 is a spatial weights matrix that defines the spa-

tial structure; and 𝑢 is a vector of independent and identically distributed error terms. 

The inclusion of 𝜆𝑊𝜀 in the error term accounts for the spatial dependence, correct-

ing for the bias and inefficiency that would otherwise arise in standard regression models 

due to the spatial autocorrelation. 

3.3.6. Spatial Autoregressive Model 

A spatial autoregressive model (SAR) is a type of spatial econometric model that ac-

counts for spatial dependence in the dependent variable. In other words, it considers that 

the value of the dependent variable in one location may be influenced by the values of the 

dependent variable in neighboring locations. This model is used to analyze and predict 

spatial data, where observations are influenced by their spatial context. 

The standard form of a spatial lag model can be expressed as 

𝑦 = 𝜌𝑊𝑦 + 𝑋𝛽 + 𝜀 (14) 

 

where 𝑦 is the vector of dependent variable; 𝜌 is the spatial autoregressive coefficient, 

measuring the influence of neighboring values of the dependent variable; 𝑋 is a matrix of 

explanatory variables; 𝛽 is a vector of coefficients; 𝑊 is a spatial weights matrix that de-

fines the spatial structure; and 𝜀 is the vector of the error terms. 

The spatial lag model is a powerful tool for analyzing spatial data, allowing research-

ers to understand and quantify the influence of spatial relationships on the dependent 

variable. 

4. Results 

4.1. Identification of Industrial Clusters 

First, industrial clusters of MI and ITI were identified across China. In line with prior 

research, it is assumed that a cluster must include at least 10 companies [15], and the scal-

ing parameter for DBSCAN was set at 2.22 km. As illustrated in Figure 4, the optimal 

radius for MI is 3 times the scaling parameter, whereas for ITI, it is 7 times the scaling 

parameter. The clusters obtained using the optimal clustering radius are shown in Table 

2. There were 1383 MI clusters, with the largest cluster encompassing 219,697 enterprises, 

and the average size of clusters was 381 enterprises. There were 571 ITI clusters, with the 

largest cluster comprising 95,303 enterprises, and the average cluster size was 456 enter-

prises. 

Table 2. Statistical description of industrial clusters. 

 MI Clusters ITI Clusters 

Quantity 1383 571 

Mean 380 455 

Standard Deviation 6152 4422 

Minimum Value 10 10 

Maximum Value 219,697 95,303 

Note: MI and ITI respectively represent the manufacturing industry and the information technology 

industry. 
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Figure 4. CHI under different radii. CHI stands for the Calinski–Harabasz index, while the term 

‘radii’ represents multiples of the scaling parameter (2.22 km). 

Using administrative regions as the spatial units for analyzing industrial clusters im-

plies the following assumptions. There is only one non-cross-regional cluster within each 

administrative region. Therefore, using administrative regions as spatial units may lead 

to the following errors. In cases where multiple industrial clusters exist within an admin-

istrative region, using administrative regions as spatial units will aggregate the clusters 

within that region. In cases where there is a cluster that crosses administrative regions, the 

cluster will be divided. To analyze the relationship between industrial clusters and ad-

ministrative regions, industrial clusters were categorized into three types: type I clusters, 

which refer to clusters where enterprises within a cluster come from multiple administra-

tive regions; type II clusters, which refer to cases where there is only one cluster within an 

administrative region, and it is not a type I cluster; and type III clusters refer to instances 

where there are two or more clusters within an administrative region that are not classi-

fied as type I clusters. 

Based on these groupings, the clusters were classified as shown in Table 3. The num-

ber of type II clusters within provinces (or cities) was the lowest, followed by type I clus-

ters, and the highest number was type III clusters. Specifically, when using provinces as 

the spatial units, the number of type II clusters was 0; meanwhile, when using cities as the 

spatial units, the number of type II clusters was 1. This indicates that when using admin-

istrative regions as spatial units for land use efficiency analysis, over 99% of the samples 

may have potential bias. When provincial-level administrative units are used, the number 

of type I clusters in MI and ITI are 45 and 33, respectively, accounting for less than 6% of 

all industrial clusters. Therefore, using provincial-level administrative units for land use 

efficiency analysis introduces bias due to the aggregation of clusters. When city-level ad-

ministrative units are used, the number of type I clusters of MI and ITI significantly in-

creased, accounting for 12.5% and 19.6%, respectively. This indicates that further subdivi-

sion of administrative regions will lead to more clusters crossing administrative regions. 

This is because type I clusters do not change with the adoption of smaller administrative 

units, and at the same time, type II and III clusters may transform into type I clusters. 

Therefore, subdividing administrative regions will result in more type I clusters. 

Table 3. Spatial statistical analysis of industrial clusters. 

  MI ITI 

  Quantity Percentage Quantity Percentage 
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provincial 

boundaries 

type I 45 3.3% 33 5.8% 

type II 0 0.0% 0 0.0% 

type III 1338 96.7% 538 94.2% 

city 

boundaries 

type I 173 12.5% 112 19.6% 

type II 1 0.1% 0 0.0% 

type III 1209 87.4% 459 80.4% 

Note: MI and ITI respectively represent the manufacturing industry and the information technology 

industry. 

On a two-dimensional plane, a convex hull can be understood as a convex polygon 

that connects the outermost points. Through application of the convex hull algorithm to 

identify the outermost points of industrial clusters and subsequently fitting ellipses to 

these points, the eccentricity can be calculated based on these fitted ellipses (as shown in 

Figure 5). A smaller eccentricity indicates that the spatial form of the industrial cluster is 

closer to a circle. It can be found that, as the number of enterprises increases, the spatial 

form of the enterprise agglomeration area becomes closer to a circular shape. 

 

Figure 5. Relationship between the ellipticity and scale of an industrial cluster. MI and ITI represent 

the manufacturing industry and the information technology industry, respectively. 

4.2. The Efficiency of Input and Output in Industrial Clusters and Land Use 

When there is no correlation between the scale of industrial clusters and land use 

efficiency, using administrative regions as the spatial unit does not introduce bias. How-

ever, when there is a correlation between the scale of industrial clusters and input–output 

efficiency, using administrative regions might lead to inestimable bias. For instance, con-

sidering Hebei Province and Tianjin, as shown in Figure 2, if provincial administrative 

regions are used as the analysis units, the conclusion would be that the scale of industrial 

clusters in Hebei Province is larger than in Tianjin, but land use efficiency is lower than in 

Tianjin. Therefore, the spatial correlation of the industrial clusters must first be verified, 

and then the relationship between the scale of the industrial clusters and their land use 

efficiency should be analyzed. 

In this section, the focus is on examining whether land use efficiency is affected by 

the scale of industrial clusters. It is widely accepted in economic theory that clustering can 
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enhance labor productivity [12,85]. To validate the model’s effectiveness, the input–output 

efficiency of industrial clusters is used as the dependent variable, and the scale of indus-

trial clusters is used as the core explanatory variable to test this conclusion. In many cur-

rent studies on land use efficiency, land is introduced into the DEA model as an input 

variable, being just one of many production factors [41,86]. Unlike previous studies, more 

emphasis is placed on the scale of clusters since industrial clusters are identified based on 

density. The scale of the cluster is directly reflected in the land area, which can be under-

stood as the input–output efficiency on land of different sizes. Therefore, compared to 

previous studies, the DEA method is considered more suitable for measuring land use 

efficiency in this paper. Given that a new research unit is being used, spatial econometric 

methods are employed to analyze the significance of spatial correlation, and different 

DEA methods are used to perform robustness checks on the results. 

The calculation of Moran’s I index for the input–output efficiency of industrial clus-

ters, shown in Table 4, reveals significant spatial correlations in the land use efficiency of 

these clusters, with Moran’s I index being notably negative. This supports the satellite city 

theory [87], indicating the existence of low-productivity industrial clusters surrounding 

high-productivity ones. In Table 5, two types of spatial regression models for MI and ITI 

are reported, where the scale of the industrial clusters is significantly positive in the mod-

els, suggesting that the scale of industrial clusters has a significant positive impact on the 

productivity of those industrial clusters. However, the spatial lag parameter and spatial 

error parameter are not significant, which may be due to the small values of Moran’s I 

index. Therefore, we no longer use the spatial Durbin model for estimation. 

Table 4. Moran’s I index. 

 MI ITI 

Moran’s I −0.002 * −0.016 *** 

Z statistic −1.819 −6.319 

Note: *** and * represent significant levels at 1% and 10%, respectively. MI and ITI represent the 

manufacturing industry and the information technology industry, respectively. 

Table 5. The regression results for the spatial econometric model. 

 MI ITI 

 SEM SAR SEM SAR 

Scale of industrial 

clusters 

0.0200 ***  

(7.3182) 

0.0200 ***  

(7.2825) 

0.0432 ***  

(6.6154) 

0.0433 ***  

(6.5883) 

Spatial lag parameter λ  
0.2869 

(0.7604) 
 

0.1140  

(0.2758) 

Spatial error parameter ρ 
0.3801  

(1.1008) 
 

0.2014  

(0.5015) 
 

Constant 
0.0286 ***  

(3.0786) 

0.0017  

(0.479) 

0.0312  

(1.5725) 

−0.0123  

(−0.1811) 

𝑅2 0.0366 0.0365 0.0707 0.0708 

Observations 1383 1383 571 571 

Note: *** represent significant levels at 1%. MI and ITI represent the manufacturing industry and 

the information technology industry, respectively; z statistic in brackets. 

Robustness tests on the previously mentioned conclusions were conducted by sub-

stituting independent variables, dependent variables, and estimation methods, with the 

results displayed in Tables 6 and 7. First, we used MaxDEA(8.22) software to calculate 

land use efficiency using DEA-SBM and DEA-EBM. At the same time, we employed SEM 

for model estimation because the significance of the scale of industrial clusters parameter 

was higher in the SEM estimations of MI and ITI in Table 5. The results are shown in Table 
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6: the explanatory power of the model and the significance of the parameters were both 

improved, indicating that different methods of calculating land use efficiency yield con-

sistent conclusions. Second, marginal productivity theory posits that the price of produc-

tion factors is determined by their marginal productivity [88]. The substitutive effect be-

tween labor and capital can be understood by analyzing their respective marginal produc-

tivities. When capital becomes cheaper relative to labor, firms may substitute more capital 

for labor, and vice versa. To minimize the impact of factors such as wages on the scale of 

labor, the total assets of enterprises within clusters were used as a proxy for cluster size. 

As shown in Table 7, although the regression coefficients for MI and ITI decreased, they 

remained significantly positive, indicating that the results are still significant after replac-

ing the explanatory variables. Third, although Moran’s I index is significantly negative, 

its absolute value is relatively small, indicating that the spatial spillover effect is also rela-

tively small. Therefore, the model was estimated using the ordinary least squares (OLS) 

method (Table 7), and it was found that both the regression coefficients and their signifi-

cance levels did not change significantly [89]. These results confirm that the conclusions 

are robust. These results confirm that our conclusions are robust. Finally, we use a non-

spatial model to test both spatial lag and spatial error using the Lagrange multiplier (LM) 

test (specific-to-general approach). The Wald test is used to determine whether specific 

coefficients in the model are significantly different from zero. The likelihood ratio (LR) 

test is used to compare the goodness-of-fit between a nested model (a simpler model) and 

a full model (a more complex model). As shown in Table 8, although there are differences 

in the significance of the LM test for MI and ITI, both the Wald test and the LR test are not 

significant, indicating that the SEM is sufficient to explain the data. 

Table 6. The regression results for the spatial autoregressive model. 

 MI ITI 

 DEA-SBM DEA-EBM DEA-SBM DEA-EBM 

Scale of industrial 

clusters 

0.0350 *** 0.0308 *** 0.0524 *** 0.0562 *** 

(14.0934) (11.4187) (15.1020) (15.4485) 

Spatial error parameter ρ 
−1.0 * −1.0 * −0.0846 −0.05327 

(−1.7822) (−1.7822) (−0.1821) (−0.116) 

Constant 
−0.0806 *** −0.0067 −0.1826 *** −0.1634 *** 

(−4.3408) (−0.3335) (−7.7319) (−6.5898) 

𝑅2 0.1226 0.0833 0.2866 0.2955 

Observations 1383 1383 571 571 

Note: *** and * represent significant levels at 1% and 10%, respectively. MI and ITI respectively rep-

resent the manufacturing industry and the information technology industry. z statistic in brackets. 

Table 7. The results of the robustness tests for the regression. 

 SEM OLS 

MI 

Scale of industrial clusters 
0.0166 *** 0.0197 *** 

(7.2467) (7.209) 

Spatial error parameter ρ 
0.2857 

 
(0.7523) 

Constant 
0.0003 0.0283 *** 

(−0.0197) (3.152) 

𝑅2 0.0363 0.0360 

Observations 1383 1383 

ITI Scale of industrial clusters 
0.0411 *** 0.0426 *** 

(11.0239) (6.521) 
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Spatial error parameter ρ 
0.1225  

 
(0.2901) 

Constant 
−0.0504 *** 0.0311 

(−2.5925) (1.599) 

𝑅2 0.1753 0.0690 

Observations 571 571 

Note: *** represent significant levels at 1%. MI and ITI respectively represent the manufacturing 

industry and the information technology industry. OLS stands for ordinary least squares. Values in 

brackets in SEM represent z statistic; values in brackets in OLS represent t statistic. 

Table 8. Testing the applicability of the spatial Durbin model. 

 MI ITI 

LM spatial lag 0.9539 14.985 *** 

LM spatial error 0.0075 17.7269 *** 

Robust LM spatial lag 3.1896 * 1.806 

Robust LM spatial error 2.2433 4.5479 ** 

Wald test spatial error 2.1098 0.6051 

LR test spatial error −38221.6852 −1048.1255 

Note: ***, **, and * represent significant levels at 1%, 5%, and 10%, respectively. 

5. Discussion 

5.1. Characteristics of Industrial Clusters 

5.1.1. Density of Industrial Clusters 

The type of industry affects how enterprises are distributed spatially, which in turn 

impacts their geographic distribution and density [90]. In comparison to the ITI, the MI 

has a smaller neighborhood radius, indicating that within a certain area, there are more 

manufacturing enterprises than IT enterprises. This is because the MI benefits not only 

from knowledge spillovers and shared labor markets but also from shared intermediate 

goods markets [91,92]. While the ITI focuses mainly on knowledge sharing and techno-

logical exchanges, although physical proximity can enhance the knowledge and technol-

ogy dissemination in the ITI, it can also operate effectively through online platforms and 

video conferencing [93]. Conversely, the MI incurs substantial logistic costs, requiring 

face-to-face interactions, and fixed locations; therefore, geographical proximity further re-

duces the production and operational costs for manufacturing enterprises, resulting in a 

higher enterprise density in the MI compared to the ITI [94–96]. 

5.1.2. Spatial Form of Industrial Clusters 

As industrial clusters grow in scale, their spatial form tends to assume a circular 

shape. This observation aligns with classic location theory [72–76]. Since externalities and 

distance have an inverse relationship, enterprises tend to locate closer to other firms [16]. 

Whether or not a core area exists within the industrial cluster, as the cluster expands, new 

enterprises will spread outward around this zone. Therefore, trying to minimize the dis-

tance to other enterprises within the cluster leads to the circular shape of the clustered 

area [61]. 

5.2. Industrial Clusters, Knowledge Spillover and Land Use Efficiency 

A larger industrial cluster can achieve economies of scale and improve land use effi-

ciency [97]. Since the identification method of industrial clusters is based on density, it can 

be understood that, under a certain density threshold, clusters of different scales exhibit 

varying production efficiencies. The larger the area of the industrial cluster, the higher the 

input–output efficiency within the cluster, and also per unit area of land. The enterprises 
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within them can more efficiently utilize resources such as labor, machinery, and technol-

ogy [98]. Industrial clusters often foster environments conducive to innovation and 

knowledge sharing among businesses. The proximity to other enterprises allows for the 

easier exchange of ideas, technologies, and best practices [85,99]. This collaborative atmos-

phere can lead to more innovative approaches and improvements in production pro-

cesses, which enhance land use efficiency [100]. At the same time, being part of a larger 

cluster allows firms to manage their supply chains more effectively and reduces transpor-

tation costs, leading to faster turnaround times and reduced idle time for workers, thus 

improving labor productivity [101]. Additionally, larger clusters typically attract more 

competition, which can drive firms to improve efficiency and productivity as a means of 

maintaining competitive advantage [102]. This competitive pressure can lead to innova-

tion and operational improvements that consequently increase land use efficiency. 

Clusters with different levels of input–output efficiency are interspersed. Due to the 

presence of negative externalities, such as increased costs of production, enterprises with 

lower productivity may be motivated to relocate [103]. However, moving away from in-

dustrial clusters means losing the benefits of agglomeration, including access to suppliers, 

customers, skilled labor, and potential collaboration opportunities [104]. They will prior-

itize relocating to the vicinity of industrial clusters; hence, there is the emergence of 

smaller, less efficient industrial clusters around large ones [87]. 

5.3. Bias in Land Use Efficiency Analysis Based on Administrative Regions 

The boundaries between administrative regions and industrial clusters clearly differ, 

and analyzing land use efficiency using administrative regions introduces inestimable 

bias. In particular, using metrics like the number of enterprises and employees to repre-

sent land use can lead to a more pronounced bias because it completely overlooks the 

internal differences within an administrative region. Such assumptions inevitably lead to 

the occurrence of MAUP. Although clusters with varying levels of labor productivity are 

interspersed, the spatial spillover between industries is not very significant. When smaller 

administrative regions are used, enterprises with spatial connections are separated. Con-

versely, using larger administrative regions will group together unrelated enterprises. In 

addition, using larger administrative regions as research units increases the bias caused 

by spatial heterogeneity, such as differences in natural resource endowments and culture. 

Variation in industrial structure leads to differences in land use efficiency across ad-

ministrative regions. This may also result in biases in the measurement of land use effi-

ciency when administrative regions are used as spatial units. Firstly, our research results 

have already highlighted significant differences in the density of various industries. The 

types of land used may also vary across different industries; for instance, manufacturing 

demands considerable amounts of industrial land and logistics storage space [105,106], 

while IT industries mainly need commercial land [107]. Secondly, differences in produc-

tion methods across industries also result in variations in land use efficiency. IT industries 

not only generate higher value-adds but also produce less pollution [108], whereas man-

ufacturing provides essential goods necessary for daily life and production, and there is 

no substitutive effect between the products of these two industries. Moreover, the policy 

directions and land planning of different administrative regions also affect land use effi-

ciency [20,109]. 

6. Conclusions and Policy Recommendations 

This paper employed DBSCAN to identify national industrial clusters based on the 

spatial distribution of enterprises. Potential bias was also examined in the analysis of land 

use efficiency when administrative regions were used. The findings of this paper include 

the following: first, there are significant spatial differences between administrative bound-

aries and industrial cluster boundaries; therefore, using administrative regions as analysis 

units lead to MAUP; second, as industrial clusters expand, industrial clusters increasingly 

approximate a circular shape; third, there is a positive correlation between the scale of 
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industrial clusters and land use efficiency; fourth, industrial clusters with varying labor 

productivity are interspersed. 

The results of this paper provide the following policy implications for improving 

land use efficiency. First, the existence of numerous cross-city boundary industrial clusters 

has been discovered. Therefore, inter-administrative regional land use policies and fiscal 

policies should be coordinated to ensure consistency within the same industrial cluster, 

thereby avoiding harmful competition among enterprises from different administrative 

regions within the same cluster. Additionally, fewer cross-provincial clusters were identi-

fied, indicating that cooperation between provincial administrative regions needs further 

strengthening. To mitigate the reduction in land use efficiency caused by administrative 

boundary barriers, infrastructure connections at borders should be enhanced, and unified 

industrial development plans should be formulated to foster cross-regional industrial 

clusters. Second, the negative spatial correlation of productivity among industrial clusters 

indicates that high-productivity and low-productivity clusters are distributed in a check-

erboard pattern. Therefore, a labor-sharing platform should be created among industrial 

clusters. Knowledge spillover and a shared labor market can benefit innovation and 

productivity. Moreover, as the spatial differences in nearby industrial clusters are small, 

the migration costs caused by labor mobility are also low. Third, due to the need to share 

intermediates, MI is influenced by infrastructure such as logistics and transportation, 

which is reflected by a higher enterprise density within these areas. The infrastructure 

within MI clusters should be improved. Improving infrastructure helps to increase the 

neighborhood radius and scale of the industrial clusters. Fourth, the GDP competition 

among local governments plays a crucial role in supporting China’s growth miracle [110]. 

However, this competition may also cause long-term damage [111]. Therefore, incorpo-

rating the industrial development levels of neighboring regions into the regional develop-

ment evaluation process can help strengthen industrial cooperation and integration be-

tween regions. 

There are some shortcomings in this study that can be addressed in future research. 

Firstly, only the relationship within a single industry was analyzed, and the diversity of 

agglomeration was not considered. Secondly, the industries were not further segmented; 

different manufacturing industries may also face different proximity radii. Finally, spatial 

characteristics and regional endowments, which can influence business location decisions, 

were not considered in this paper. 
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