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Abstract

Industrial land bias is a persistent outcome of China’s land allocation system, but why its
efficiency penalty differs across cities remains insufficiently explained. This study exam-
ines this unevenness by linking land allocation, population density, and city type hetero-
geneity within a unified framework. Using panel data for 281 prefecture-level and above
cities in China from 2010 to 2022, we combine two-way fixed effects estimation with ro-
bustness checks, dynamic panel analysis, transmission channel tests, subsample compar-
ison, and interaction models. Results show that industrial land bias significantly reduces
urban land economic efficiency, with the strongest penalty after a one-year lag. Population
density is an important spatial transmission channel: industrial land bias lowers density
mainly by expanding built-up land faster than population concentration. The penalty is
the largest in border cities, smaller in coastal cities, and statistically insignificant in general
cities. The negative effect weakens as the secondary industry share increases, suggesting
that local production capacity helps absorb industrial land expansion. The contribution of
this study is to explain why the same industrial land bias generates uneven efficiency pen-
alties across coastal, general, and border cities, providing evidence for place-sensitive land
supply policies.

Keywords: urban land economic efficiency; land resource misallocation; population
density; urban land expansion; agglomeration economies; industrial structure; land
governance

1. Introduction

Urban land allocation is a major instrument through which local governments shape
economic development. This role is especially pronounced in China, where public own-
ership of urban land and local control over land use rights make land supply closely con-
nected with infrastructure financing, investment attraction, industrial expansion, and ur-
ban spatial development [1]. A persistent outcome is a dual-track land supply pattern.
Industrial land is often supplied at relatively low prices to attract manufacturing invest-
ment, while commercial and residential land is more tightly supplied and priced at higher
levels to generate fiscal revenue [2,3]. This arrangement helped support rapid industrial-
ization, but it also created an efficiency problem. When scarce urban construction land is
allocated disproportionately to industrial use, the relevant question is not only how much
investment is attracted, but how much economic output is generated per unit of urban
land.
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The efficiency cost of distorted land allocation is now well documented. At broader
urban and regional scales, land resource misallocation reduces productivity by distorting
factor allocation, weakening innovation incentives, and slowing structural upgrading,
with consequences for green total factor productivity, inclusive green growth efficiency,
and industrial transformation [4-6]. Within the industrial land system, low-priced indus-
trial land and industrial land dependence reduce efficiency by encouraging land-exten-
sive expansion, weakening the disciplining role of land prices, and allowing less produc-
tive land users to remain in place [7-9]. These studies establish the average efficiency loss
associated with land distortion. They also point to an unresolved issue: the magnitude of
this loss varies with land market institutions, regional conditions, industrial structures,
city types, and stages of development [10-12]. Yet this variation is often treated as a sup-
plementary heterogeneity result. Less is known about why a specific and persistent form
of land distortion—industrial land bias—is converted into different levels of economic
efficiency loss across cities.

Explaining this unevenness requires attention to how industrial land is absorbed by
the urban economy. Industrial land becomes productive only when it is effectively taken
up by the local economy. Its economic return depends on the presence of firms, jobs, in-
frastructure, services, market demand, population concentration, and production linkages
that can support its effective use. More broadly, the socioeconomic effects of land use
change are shaped by regional functions, policy orientations, factor flows, and spatial link-
ages [13]. Where such absorptive capacity is weak, industrial land expansion may trans-
late more into spatial expansion than into economic concentration. The efficiency cost of
industrial land bias is therefore shaped not only by the industrial land share itself, but also
by the spatial development context in which this land is converted into productive urban
capacity.

The coastal-border contrast provides a useful setting for examining this issue.
Coastal cities have long served as the main spatial carriers of China’s export-oriented in-
dustrialization, port-based growth, global market integration, and market-oriented urban
development. They have also been central to studies of land finance, industrial land sup-
ply, and urban land efficiency. Border cities have received less attention, although they
occupy an important position in national spatial governance. They are not only local econ-
omies, but also nodes of land border opening, cross-border exchange, ethnic region devel-
opment, territorial security, and regional coordination. Their strategic functions may jus-
tify infrastructure investment, land preparation, and industrial platform construction.
However, strategic importance does not necessarily create thick local markets, stable pop-
ulation concentration, or strong productive absorption. Border cities therefore provide a
critical setting for examining when industrial land supply becomes productive urban ca-
pacity and when it becomes an efficiency burden.

This study examines the effect of industrial land bias on urban land economic effi-
ciency across coastal, general, and border cities in China. The comparison is designed to
capture how the same land supply bias operates under different spatial development con-
texts. Coastal cities represent market-integrated and agglomeration-based openness; bor-
der cities represent land border openness and strategic spatial functions; general cities
provide a broader reference group with more mixed development trajectories. Using
panel data for 281 prefecture-level and above cities from 2010 to 2022, the analysis first
estimates the average efficiency penalty of industrial land bias, then examines population
density as a spatial transmission channel, and finally compares how this penalty varies
across city types and industrial structure conditions.

This study contributes to the literature in three ways. First, it moves the analysis of
industrial land bias beyond the estimation of an average efficiency effect and treats the
unevenness of this effect as the main object of explanation. Second, it links land allocation
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Institutional Logic

Why does industrial land bias arise?

State Control of Land Supply

Local governments control primary
land supply

Land allocation serves growth and
fiscal goals

Dual-track Land Supply

Industrial land: preferential supply,
low price

Residential/commercial land:
tighter supply, higher price

These arrangements produce
industrial land bias.

to the spatial organization of urban activity by examining population density as a trans-
mission channel between industrial land bias and urban land economic efficiency. Third,
it places coastal, general, and border cities in a unified framework, showing how the effi-
ciency penalty of industrial land bias is differentiated by spatial development contexts
and bringing border cities into the study of industrial land governance.

2. Theoretical Analysis and Research Hypotheses

Land allocation affects urban economic efficiency because urban land is scarce and
its productivity depends on how firms, workers, infrastructure, and market interactions
are organized within limited space. This section develops the theoretical analysis in three
steps. Section 2.1 explains why a land allocation pattern biased toward industrial uses
may reduce urban land economic efficiency. Section 2.2 explains why population density
can serve as a spatial transmission channel. Section 2.3 explains why this penalty may
differ across coastal, general, and border cities. Figure 1 summarizes the conceptual frame-
work.

Operates under different city-type contexts

Core Causal Chain

Industrial Land Bias Border Cities

Agglomeration base: weaker
Industrial absorption: lower
Expected penalty: largest

Allocation Distortion Density Suppression

Built-up land grows faster
than population
Population concentration
weakens

absorptive demand
Residential, commercial, and
service uses are crowded out

1
1
1
Industrial land exceeds local 1
1
|
‘ Coastal Cities
I
1

Agglomeration base: stronger
Industrial absorption: higher
Expected penalty: smaller

Agglomeration Economies Weakened General Cities

* Sharing | * Matching | < Spillovers |

Agglomeration base: mixed
Industrial absorption: varied
Expected penalty: weaker / less
systematic

urban land economic efficiency.

H1: Industrial land bias negatively affects

H3:
city types: Border > Coastal > General.

H2: Population density transmits part of the negative effect of industrial The negative effect varies across

land bias on urban land economic efficiency.

Figure 1. Theoretical framework. Solid arrows indicate hypothesized directional pathways among
the main analytical components. Downward arrows (|) indicate expected decreases in the corre-
sponding variables or mechanisms. The dashed arrow indicates that the proposed pathways oper-

ate under different city-type contexts. Source: drawn by the authors.

2.1. Industrial Land Bias and Urban Land Economic Efficiency

Urban land economic efficiency is first an allocation problem. Since construction land
is scarce and different urban functions compete for locations, the economic return to land
depends on whether valuable urban space is occupied by activities that can make produc-
tive use of accessibility, infrastructure, labor markets, suppliers, consumers, and other lo-
cation-specific advantages. In a price-mediated land market, land rents capitalize these
advantages and help allocate scarce space toward higher-valued uses [14].

This allocative discipline is weakened when land supply is shaped by administrative
and fiscal incentives. In China, local governments control the primary market for urban
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land use rights and use land supply to attract investment, support industrialization, fi-
nance infrastructure, and sustain local growth. Low-priced industrial land and develop-
ment zone construction have long been part of interjurisdictional competition for manu-
facturing investment [15]. Land finance further connects land leasing, infrastructure
spending, local borrowing, and urban expansion into a self-reinforcing development cycle
[1]. Industrial land transfers therefore reflect firms” demand for production space, but they
are also shaped by fiscal incentives, land price gaps, budget arrangements, and local de-
velopment strategies [16].

Industrial land can raise land productivity when it is absorbed by productive firms
and supported by supplier networks, skilled labor, capital investment, and technological
spillovers. In this case, industrial agglomeration may improve urban land use efficiency
through labor market pooling, input sharing, capital externalities, and knowledge diffu-
sion [17]. The efficiency problem begins when industrial land supply grows beyond the
local economy’s capacity to convert it into output, employment, and production linkages.
Low-priced or administratively allocated industrial land can lower land use costs for land-
extensive activities, weaken market selection, and allow low-productivity firms or low-
end industries to occupy scarce urban space [6,18].

Industrial land bias may therefore reduce urban land economic efficiency by creating
a mismatch between land allocation and productive demand. Construction land commit-
ted to weakly absorbed industrial uses is less available for residential, commercial, service,
innovation, or mixed urban functions that may generate stronger economic interactions
and higher returns. The penalty is larger where construction land is scarce and alternative
uses have greater economic value. A more market-oriented industrial land allocation can
partly restore price-based selection and improve land use efficiency, further indicating
that biased industrial land supply may impose an allocative penalty [19]. This logic yields
Hypothesis 1:

H1. Industrial land bias has a negative effect on urban land economic efficiency.

2.2. Population Density as a Spatial Transmission Channel

Industrial land bias may reduce land economic efficiency through the intensity with
which urban space is used. A land use structure tilted toward industrial space often ex-
pands through development zones, industrial parks, and fringe area growth. These areas
can support production, but they usually require large parcels and may remain weakly
connected to housing, services, local consumption, and everyday urban interactions.
When industrial land expansion does not generate comparable employment growth, res-
idential settlement, or service provision, the urban land base expands faster than the con-
centration of people and activities.

This mechanism links industrial land bias to population density. Land use structures
differ in their capacity to accommodate residents, jobs, services, and consumption, so
changes in land use composition can reshape density dynamics [20]. Urban land expan-
sion that outpaces population growth turns land growth into spatial dilution rather than
urban concentration [21]. This issue is particularly relevant in China, where land con-
sumption has often grown faster than population and land population coordination has
become central to urban sustainability [22]. Density decline is closely tied to the relative
growth of urban land, population, and economic activity, while land financialization can
further encourage spatial expansion without equivalent population urbanization [23,24].

Population density matters because proximity is a condition under which agglomer-
ation economies operate. Concentrated people and activities allow infrastructure and in-
termediate inputs to be shared more efficiently, deepen labor and supplier markets, im-
prove matching, and facilitate knowledge transmission [25,26]. These mechanisms help
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convert urban concentration into productivity gains, although their magnitude varies
across places and sectors [27]. If industrial land bias enlarges built-up space without gen-
erating comparable population and activity concentration, it weakens the density condi-
tions that support land productivity.

Population density therefore provides a spatial channel linking industrial land bias
to urban land economic efficiency. Industrial land bias may lower density by expanding
the construction land base and by reducing the relative space available for land uses that
support residence, services, and local interaction. Lower density can then weaken the ag-
glomeration basis of land productivity. This spatial logic yields Hypothesis 2:

H2. Population density constitutes a spatial transmission channel linking industrial land bias to
lower urban land economic efficiency.

2.3. Uneven Efficiency Penalties Across City Types

The efficiency penalty of industrial land bias depends on the spatial development
context in which land allocation takes place. Industrial land can generate high economic
returns when it is supported by labor markets, supplier networks, infrastructure, capital
investment, and sustained demand. Its efficiency cost increases when land supply ex-
pands faster than the local economy’s capacity to transform industrial space into output,
employment, production linkages, and population concentration.

This variation is closely related to the uneven strength of agglomeration economies.
Urban concentration raises productivity through sharing, matching, and learning, yet the
return to concentration changes with city size, industrial composition, firm characteristics,
city hierarchy, and development zone conditions [28-30]. Cities with stronger labor pools,
thicker markets, and denser production networks are better able to convert industrial land
into operating economic activity. Cities with weaker agglomeration foundations face a
greater risk that industrial expansion enlarges the built-up land base without forming
comparable concentration of firms, workers, services, and local demand. In such settings,
the efficiency loss comes from both land being tied to weakly productive uses and the
erosion of the spatial concentration that supports urban productivity.

Industrial structure further shapes the strength of this penalty. Industrial land per-
forms better when it is embedded in a production base capable of generating output, em-
ployment, supplier interaction, capital accumulation, and technological spillovers. When
local industry is land-intensive, weakly diversified, or poorly connected to wider produc-
tion networks, additional industrial land is more likely to remain weakly absorbed. The
economic return to industrial land therefore depends on the local production structure
and on the ability of the city to integrate land supply with industrial activity [17,31,32].

Coastal cities generally have stronger market access, larger labor pools, more devel-
oped production networks, and better infrastructure. These conditions strengthen their
capacity to absorb industrial land into productive systems. At the same time, high land
values increase the opportunity cost of excessive industrial land when it competes with
residential, commercial, service, and innovation-related functions. Industrial land bias is
therefore expected to impose an efficiency penalty in coastal cities, although their stronger
agglomeration foundations may limit the magnitude of this penalty.

Border cities face a more constrained development context. Their strategic functions
in land border opening, cross-border exchange, regional coordination, and territorial con-
nectivity can encourage land preparation and industrial platform development. Yet many
border cities have thinner markets, weaker population concentration, and narrower in-
dustrial bases. Industrial land expansion in these cities is more likely to precede the for-
mation of firms, workers, services, and local demand. Under these conditions, additional
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industrial land may enlarge urban space without creating sufficient productive concen-
tration, leading to a stronger efficiency penalty.

General cities are more internally diverse. Some are increasingly connected to ex-
panding metropolitan regions and have improving industrial foundations, while others
experience slower population growth, weaker market access, or land expansion ahead of
economic activity. These mixed trajectories may offset one another in the average relation-
ship, making the efficiency penalty weaker or less systematic than in coastal or border
contexts. This reasoning leads to the following hypothesis:

H3. The negative effect of industrial land bias on urban land economic efficiency varies across city
types, with the largest estimated penalty expected in border cities, a smaller penalty in coastal cities,
and a weaker or less systematic penalty in general cities.

3. Research Design
3.1. Study Area and City Type Classification

This study uses prefecture-level and above cities in mainland China as the unit of
analysis. To examine whether the efficiency penalty of industrial land bias varies across
spatial development contexts, we distinguish three city types: coastal, general, and border
cities.

The classification is based on official administrative standards. Coastal cities are iden-
tified according to HY/T 094—2022, Coastal Administrative Areas Classification and
Codes, which provides the official classification of coastal administrative areas in China
[33]. Border cities are identified from the official list of China’s land border counties, ban-
ners, county-level cities, and municipal districts [34]. General cities are defined as the re-
maining cities that are neither included in the coastal classification nor identified as border
cities under this procedure.

A small number of prefecture-level cities have both coastal and land border attributes.
To maintain a mutually exclusive classification, these cities are assigned according to their
dominant spatial development orientation. Dandong and Fangchenggang are coded as
coastal cities because they are included in HY/T 094—2022 and their development condi-
tions are strongly linked to sea access, port functions, coastal logistics, and marine-ori-
ented industrial activity [33]. Accordingly, the border city category refers to cities whose
development context is shaped primarily by land border location.

Figure 2 maps the final estimation sample by city type.

3.2. Variable Definition and Measurement

The theoretical framework motivates four key empirical measures: urban land eco-
nomic efficiency, industrial land share, population density, and secondary industry share.
This section defines these variables and explains how they are constructed from city-level
statistical data. Detailed construction procedures, transformations, data sources, and de-
scriptive statistics are reported in Table 1.

Table 1. Construction process and descriptive statistics of variables.

Variable Variable Name Mean Star-lde!rd Maximum Minimum Construction and Data Source
Type Deviation
Real GDP (deflated to 2010 prices) di-
Dependent Urban land eco- vided by urban construction land area.
variable nomic efficiency  2.719 0.529 4.049 1.189  Winsorized at the 1st and 99th percen-

(ULEE)

tiles, then take natural logarithm. Data
from the China City Statistical Yearbook

https://doi.org/10.3390/land 15071160



Land 2026, 15, 1160

7 of 27

and China Urban Construction Statistical
Yearbook.

Industrial land area divided by urban

Core explana-  Industrial construction land area, expressed as a
tory land share 18.087 8.458 39.109 1.850 percentage. Winsorized at the 1st and
variable (ILS) 99th percentiles. Data from the China
Urban Construction Statistical Yearbook.
Number of foreign-invested enterprises.
Openness Winsorized at the 1st and 99th percen-
(OPEN) 2:9%5 1642 7.134 0.000 tiles, then take natural logarithm. Data
from the China City Statistical Yearbook.
Local government general budget ex-
Government in- penditure divided by regional GDP.
. 0.205 0.108 0.693 0.077  Winsorized at the 1st and 99th percen-
tervention (GI) . . ) y
tiles. Data from the China City Statistical
Yearbook.
Total retail sales of consumer goods di-
Consumption vi- vided by regional GDP, expressed as a
tality (CV) 37.687 10.657 68.972 13.937  percentage. Winsorized at the 1st and
99th percentiles. Data from the China
City Statistical Yearbook.
Urban population plus 1, take natural
City logarithm. Winsorized at the 1st and
size (CS) 4191 0887 7.083 2545 99th percentiles. Data from the China
Urban Construction Statistical Yearbook.
Control Number of students enrolled in higher
variables education institutions divided by urban
Human population, expressed as a percentage.
capital 8.098 5.830 28.687 0.407  Winsorized at the 1st and 99th percen-
(HO) tiles. Data from the China City Statistical
Yearbook and China Urban Construction
Statistical Yearbook.
Year-end loan balances of financial insti-
Financial tutions divided by regional GDP, ex-
development 105.355  59.591 341.405 33.323  pressed as a percentage. Winsorized at
(FD) the 1st and 99th percentiles. Data from
the China City Statistical Yearbook.
. Number of mobile phone subscribers
Digital . .
cconomy 594423 344546 1990771 146879 Per 100 persons. Winsorized at the 1st
(DE) and 9?th pgrcentll'es.. Data from the
China City Statistical Yearbook.
Transport infra- P?r Capita.road. area, take natural loga-
structure  2.823 0426 741 1475 ithm. Winsorized at the Ist and 99th
(TD) percentiles. pata from Fhe China Urban
Construction Statistical Yearbook.
Urban population divided by built-up
Transmission Population den- area. Winsorized at the 1st and 99th per-
channel indi- -0.361 0.313 0.354 -1.336

cator sity (PD)

centiles, then take natural logarithm.
Data from the China Urban Construction
Statistical Yearbook.
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Moderating

variable Share)

Real value added of secondary industry

Secondary indus- divided by real GDP, expressed as a
try share (Sec-  45.210 11.054 72.230 16.270  percentage. Winsorized at the 1st and

99th percentiles. Data from the China
City Statistical Yearbook.

Legend

- Coastal cities
- General cities
- Border cities
I:I Non-studied cities

0 500 1000 KM :
I I |

Figure 2. Final estimation sample and city type classification. Cities included in the estimation sam-

ple are classified as coastal, general, or border cities. Excluded cities are shown separately because
they do not meet the data completeness and temporal continuity requirements. Source: drawn by

the authors.

3.2.1. Dependent Variable: Urban Land Economic Efficiency (ULEE)

The dependent variable is urban land economic efficiency (ULEE), measured as real
GDP per unit of urban construction land area [11,35,36]. This indicator links city-level
economic output to the stock of urban construction land and captures the economic return
generated by each unit of construction land. Throughout the empirical analysis, ULEE
refers to the economic output intensity of urban construction land.

3.2.2. Core Explanatory Variable: Industrial Land Share (ILS)

The core explanatory variable is industrial land share (ILS), calculated as industrial
land area divided by total urban construction land area [31]. It measures the share of con-
struction land allocated to industrial use. A higher ILS indicates a more industrial-ori-
ented land use structure and captures industrial land bias in the allocation of urban con-
struction land.
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The China Urban Construction Statistical Yearbook reports industrial land as a distinct
category within urban construction land. The dataset distinguishes industrial land from
other construction land categories, including residential land, commercial and service
land, public facilities, roads, green space, logistics and warehousing land, and municipal
utilities. The industrial land category itself is reported as an aggregate item and is not
further disaggregated by industrial sector, technology intensity, pollution intensity, clean
industry composition, or output generated on industrial land. In the empirical analysis,
ILS is used to measure the share of construction land allocated to industrial use.

3.2.3. Transmission Channel Indicator: Population Density (PD)

Population density (PD) is measured as urban population per unit of built-up area.
It captures the demographic intensity of built-up urban space and describes population
concentration within the urban land base. Population density is commonly used to exam-
ine the relationship among demographic urbanization, urban land expansion, and land
use structure [20]. Itis also closely related to local demand, service provision, firm location,
and density economies [37].

Since PD reflects both population scale and built-up land area, the density channel
analysis further separates its population and land area components.

3.2.4. Moderating Variable: Secondary Industry Share (SecShare)

Secondary industry share (SecShare) is defined as the value added of the secondary
industry divided by GDP. It measures the relative weight of secondary sector activity in
the local economy. Production structures differ in land requirements, factor combinations,
and output capacity, and these differences are closely associated with urban land use per-
formance [38].

SecShare enters the interaction model to examine whether the estimated effect of ILS
on ULEE varies with the relative weight of secondary industry. The variable captures the
aggregate economic weight of secondary sector activity.

3.2.5. Control Variables

The benchmark regressions include city-level controls that may affect the economic
productivity of urban construction land. These controls capture differences in market ac-
cess, fiscal and institutional conditions, local demand, population scale, factor supply, fi-
nancial resources, digital connectivity, and transport accessibility across cities [37,39].

Openness (OPEN) captures external economic connection. Government intervention
(GI) reflects public expenditure relative to the size of the local economy. Consumption
vitality (CV) captures local demand conditions. City size (CS) controls for population scale.
Human capital (HC) captures the supply of higher-educated labor. Financial development
(FD) reflects the availability of local financial resources. Digital economy (DE) captures
the penetration of digital infrastructure, and transport infrastructure (TI) controls for in-
tra-urban road provision.

3.2.6. Descriptive Statistics

Table 1 summarizes the variables used in the empirical analysis, including their def-
initions, construction procedures, data sources, and summary statistics.

Table 2 compares the initial conditions of coastal, general, and border cities in 2010.
It reports group means and p-values from Welch'’s t-tests for pairwise differences. The
comparison shows that the three city types differ in several baseline characteristics, re-
flecting their distinct positions in China’s urban system and providing descriptive support
for the subsequent city type heterogeneity analysis.
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Table 2. Baseline characteristics by city type in 2010.

1) 2) (3)
Variable Coastal vs. General General vs. Border Coastal vs. Border
Mean Mean Mean Mean (Bor- Mean Mean (Bor-

(Coastal) (General) p-Value (General) der) p-Value (Coastal) der) p-Value

ULEE 2.596 2.560 0.681 2.560 2.391 0.243 2.596 2.391 0.202
ILS 22.354 19.613 0.022 ** 19.613 15.409 0.014 ** 22.354 15.409 0.001 ***

PD -0.308 -0.195 0.041 ** -0.195 -0.323 0.095 * -0.308 -0.323 0.870
OPEN 5.009 2.902 0.000 *** 2.902 1.993 0.001 *** 5.009 1.993 0.000 ***
GI 0.117 0.178 0.000 *** 0.178 0.237 0.016 ** 0.117 0.237 0.000 ***
Ccv 36.451 33.735 0.089 * 33.735 28.517 0.006 *** 36.451 28.517 0.001 ***
CS 4423 4.019 0.005 *** 4.019 3.481 0.003 *** 4423 3.481 0.000 ***
HC 7.391 7.520 0.866 7.520 4.858 0.016 ** 7.391 4.858 0.036 **
FD 85.532 78.381 0.274 78.381 63.054 0.004 *** 85.532 63.054 0.001 ***

DE 498.877 468.280 0.490 468.280 470.659 0.974 498.877 470.659 0.721
TI 2.727 2.570 0.014 ** 2.570 2.394 0.034 ** 2.727 2.394 0.001 ***
SecShare 50.109 51.180 0.449 51.180 42.980 0.006 *** 50.109 42.980 0.019 **

Note: This table reports the mean values of variables for coastal, general, and border cities in 2010.
The p-values are obtained from pairwise Welch's t-tests between city types. Welch’s -test is used
because it is more robust than the conventional two-sample t-test when group sizes are uneven and
variances may differ across groups. ¥, **, and *** denote significance at the 10%, 5%, and 1% levels,

respectively.

3.3. Model Specification

The empirical analysis follows the three hypotheses developed in Section 2. We first
estimate the average effect of ILS on ULEE and then examine whether this effect is robust
to alternative measurement, sample adjustment and dynamic panel estimation. We next
examine PD as a spatial transmission channel and further separate this channel into its
population and land area components. Finally, we assess whether the estimated effect
varies across city types and whether it changes with the relative weight of secondary in-
dustry.

Throughout the empirical analysis, i and t index cities and years, respectively. In fol-
lowing equations, ULEE, and ILS, denote city-year observations of ULEE and ILS.
and X, denotes the vector of previously defined control variables, while X; denotes
the reduced control set used in the density channel specifications. The fixed-effects speci-
fications include city and year effects, denoted by u, and A,, respectively. Standard er-

rors are clustered at the city level.

3.3.1. Benchmark Model
To test Hypothesis 1, we begin with a two-way fixed effects model:
ULEE, =B,+B,ILS, W,Xit T A ey (1)

The coefficient of interestis J, . It estimates how ULEE changes with ILS within cities

after controlling for city fixed effects, year fixed effects, and time-varying city characteris-
tics. Since ULEE is log-transformed and ILS is measured in percentage points, B, gives
the approximate percentage change in ULEE associated with a one-percentage-point in-
crease in ILS. A negative estimate of B, would be consistent with Hypothesis 1.
Industrial land may affect land economic efficiency with a delay, because supplied
industrial land takes time to be developed, occupied by firms, and translated into produc-
tion outcomes. We therefore replace current ILS with its one-, two-, and three-year lagged
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values to examine whether the estimated effect appears immediately or with a delay [40].
Year-specific marginal effects are further estimated by interacting ILS with year indica-
tors.

3.3.2. Robustness and Dynamic Panel Checks

We conduct two robustness checks before addressing potential dynamic panel con-
cerns. First, the dependent variable is replaced by real non-agricultural GDP per unit of
built-up area, which changes both the output numerator and the land denominator [41].
Second, Beijing, Shanghai, Tianjin, and Chonggqing are excluded from the sample to re-
duce the influence of potentially influential observations associated with centrally admin-
istered municipalities.

Potential endogeneity may arise if urban land economic efficiency is persistent over
time, or if previous efficiency conditions influence subsequent industrial land allocation.

To mitigate these concerns, we estimate a dynamic panel model using system GMM:
ULEE, =8,+5,ULEE, 8, ILS, +y’X 11, +4, +C, (2)

i1

The lagged dependent variable captures the dynamic adjustment of ULEE, while in-
ternal instruments generated from the panel structure are used to mitigate concerns about
persistence and potential reverse causality. We report the Arellano-Bond tests for AR(1)
and AR(2) serial correlation and the Hansen ] test for instrument validity.

3.3.3. Population Density Channel

Hypothesis 2 proposes PD as a spatial transmission channel linking ILS to ULEE. The
channel analysis proceeds in three steps. First, Equation (1) is re-estimated using the re-
duced control set X, so that the main effect is evaluated under the same control struc-

it 7
ture used in the density channel specifications. Second, we estimate whether ILS affects
PD:

PD, =m, +mILS, + X} +1, + A, +u, (3)
Third, PD is added to the ULEE equation:
ULEE, =, +®,ILS, +®,PD, +&'X} +u, +A, +&, (4)

The channel interpretation focuses on =, in Equation (3) and ®, in Equation (4). A
negative estimate of m, indicates that ILS is associated with lower PD, while a positive
estimate of ®, indicates that higher PD is associated with higher ULEE after controlling

for ILS and the reduced control set. When PD is added to the ULEE equation, the coeffi-
cient on ILS captures the remaining effect after accounting for PD. This specification pro-
vides evidence on whether the empirical pattern is consistent with a density-based trans-
mission channel.

Because PD is constructed from population and built-up area, we further separate
the density response into its population-side and land area-side components. The compo-
nent regressions are specified as:

BUA,

Y, =p, +p,ILS, +p,Xi[1) +; +A +e, Y, €{CS i»SMD,; } @)

it 2
where BUA, denotes log-transformed built-up area. SMD, is defined as:

SMD, =BUA, —CS, (6)

Since both BUA and CS are log-transformed, SMD measures the relative expansion

of built-up area over population size. A larger SMD indicates that built-up urban space
expands more strongly than the urban population, implying a lower degree of population
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concentration within the built-up land base. This decomposition helps identify whether
the density response is driven mainly by population change or by built-up area expansion.

3.3.4. City Type Heterogeneity

To test Hypothesis 3, the benchmark model is estimated separately for coastal, gen-
eral, and border cities:

ULEE, =B,, +B,ILS, +7,X, +1, +A, +¢&, i€ g, ge {coastal, general border} 7)

The subsample estimates allow the coefficient on ILS and the effects of the control
variables to vary across city types. This specification is used to compare how the estimated
efficiency penalty of ILS appears under different spatial development contexts. As an ad-
ditional check within each city type, we also interact year indicators with selected 2010
city characteristics to examine whether the subsample estimates are sensitive to group-
specific initial condition paths.

We further examine whether the density channel pattern differs across city types.
Equation (3) is estimated separately for coastal, general, and border cities to assess the
response of PD to ILS within each subsample. We also estimate component regressions
for CS and BUA by city type, which helps distinguish whether the density response is
driven mainly by population change or by built-up area expansion. SMD is used in the
full-sample decomposition as a compact summary of the relative movement between
built-up area and population size, while the city type analysis reports CS, BUA, and PD
directly.

3.3.5. The Role of Secondary Industry Share

SecShare is used to examine whether the estimated effect of ILS changes with the
relative weight of secondary sector activity. Before constructing the interaction term, Sec-
Share is mean-centered:

SecShare{ = SecShare, —SecShare (8)

The interaction model is specified as:

ULEE, = o, +o,ILS, + o, SecShare;, + o, (ILS, XSecShare;, ) +0'X, +1, + A, +€, 9)

With mean-centered SecShare, o, represents the estimated effect of ILS when Sec-
Share is at its sample mean. The interaction coefficient o, indicates how the estimated

effect of ILS changes with SecShare. The conditional marginal effect of ILS is:
JULEE,
dILS,

A positive estimate of «, indicates that the negative effect of ILS becomes weaker

= o, +0,SecShare;, (10)

as SecShare increases. To reduce concerns about contemporaneous correlation, we also
replace current SecShare with its one-year lagged value.
Finally, PD and the ILS-SecShare interaction are included in the same specification:

ULEE, =1, +1,ILS, +1, SecShare +1,(ILS, XSecShare{ )+ T,PD, + X} + 1, + A, +¢€, (11)

This integrated specification places PD and the ILS-SecShare interaction in the same
model to examine whether the conditional effect of ILS with respect to SecShare remains
after accounting for the density channel. This helps distinguish the density-based trans-
mission channel from the sectoral condition under which the efficiency penalty varies.
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3.4. Data Sources and Processing

The data are compiled from the China City Statistical Yearbook and the China Urban
Construction Statistical Yearbook. The former provides city-level socioeconomic indicators,
while the latter provides urban construction, land use, built-up area, population, and in-
frastructure indicators. The two yearbook series are matched at the prefecture-level city-
year level.

The sample covers 20102022, the period for which the variables required in the em-
pirical analysis can be most consistently matched across the two yearbook series. Earlier
years contain more missing observations for several urban construction and land use in-
dicators, while post-2022 data do not yet provide comparable coverage for the full estima-
tion sample. This sample window therefore provides the most complete and continuous
panel for the empirical specifications used in this study.

The final sample includes 281 prefecture-level and above cities. Cities with severe
missing values or major administrative boundary adjustments during the sample period
are excluded to maintain temporal consistency. Nominal GDP and other monetary varia-
bles are converted to 2010 constant prices using provincial CPI indices. Short gaps in the
data are filled by linear interpolation when adjacent observations are available. Continu-
ous variables are winsorized at the 1st and 99th percentiles to reduce the influence of ex-
treme values. The variable-level implementation of these procedures, including the trans-
formations applied to each variable, is reported in Table 1.

4. Empirical Results
4.1. Benchmark Estimates

Table 3 reports the benchmark estimates from the two-way fixed effects specifica-
tions. Column (1) uses contemporaneous ILS. The coefficient on ILS is negative and statis-
tically significant (-0.0031, p <0.05), indicating a negative estimated effect of ILS on ULEE
after controlling for city fixed effects, year fixed effects, and time-varying city characteris-
tics.

Columns (2)—(4) replace contemporaneous ILS with its one-, two-, and three-year
lagged values. The coefficients remain negative and statistically significant across all lag
specifications. The largest point estimate appears for the one-year lag (—0.0034, p < 0.01),
followed by the two-year lag (-0.0031, p < 0.01) and the three-year lag (-0.0024, p < 0.05).

Table 3. Benchmark estimates of the effect of industrial land share on urban land economic effi-

ciency.
)] @) ©)] @
Variable Current Lag1l Lag 2 Lag3
ILS -0.0031 **
(-1.97)
L.ILS -0.0034 ***
(-2.67)
L2.ILS -0.0031 ***
(-2.63)
L3.ILS -0.0024 **
(-2.17)
OPEN 0.0941 *** 0.0866 *** 0.0782 *** 0.0637 ***
(3.73) (3.38) (3.04) (2.63)
GI -1.7260 *** —1.8388 *** —1.7928 *** -1.7592 ***
(-5.47) (-5.35) (-4.95) (—4.53)
cv -0.0038 *** -0.0031 *** -0.0023 *** -0.0013
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Marginal effect of ILS on ULEE

—-0.010

(-3.64) (-3.35) (-2.72) (-1.60)
cs -0.1531 ** ~0.1455 * -0.1544 * ~0.1481 *
(-2.10) (-1.88) (-1.86) (-1.71)
HC ~0.0044 -0.0042 -0.0028 -0.0019
(-1.25) (-1.14) (-0.75) (-0.51)
FD -0.0011 ** -0.0012 ** -0.0014 *** ~0.0017 ***
(-2.51) (-2.47) (-3.12) (-4.21)
DE 0.0002 ** 0.0001 * 0.0001 0.0001
(2.21) (1.91) (1.39) (1.07)
TI ~0.1137 ** -0.1208 *** ~0.1288 *** -0.1243 **
(-3.07) (-3.31) (-3.47) (-3.23)
City FE YES YES YES YES
Year FE YES YES YES YES
N 3607 3329 3051 2773
R-squared 0.257 0.224 0.215 0.226

0.000 - O_(\f
>/<>\/<

—0.005

Note: Test statistics are reported in parentheses. *, **, and *** denote significance at the 10%, 5%, and
1% levels, respectively. The same reporting convention applies to subsequent tables unless other-

wise noted.

Figure 3 reports the year-specific marginal effects of ILS on ULEE. The estimates are
close to zero and statistically insignificant in 2010 and 2011. They become negative from
2012 onward and are consistently negative and statistically significant from 2016 to 2022.
The year-specific estimates therefore show a more stable negative pattern in the later years
of the sample. These results support Hypothesis 1, which predicts a negative effect of in-
dustrial land bias on ULEE.

T T T T T T T

2010 2012 2014 2016 2018 2020 2022
Year

Figure 3. Year-specific marginal effects of industrial land share on urban land economic efficiency,
2010-2022. The figure reports the estimated marginal effects of ILS on ULEE by year, based on a
two-way fixed effects model with year-specific ILS interactions. Vertical bars and the shaded band
indicate 95% confidence intervals. Filled markers denote estimates statistically significant at the 5%
level, while hollow markers denote estimates not statistically significant at the 5% level. The dashed

horizontal line marks zero. Source: drawn by the authors.
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4.2. Robustness Checks and Dynamic Panel Estimates

Table 4 reports the robustness and endogeneity checks. Columns (1) and (2) show the
results after changing the outcome measure and adjusting the sample composition. Col-
umn (1) replaces the benchmark ULEE measure with real non-agricultural GDP per unit
of built-up area. The coefficient on ILS remains negative and statistically significant
(-0.0028, p < 0.05). Column (2) excludes Beijing, Shanghai, Tianjin, and Chongqing, and
the coefficient remains negative (-0.0030, p < 0.10).

Column (3) reports the system GMM estimate. The coefficient on lagged ULEE is
positive and statistically significant, showing strong persistence in ULEE. The coefficient
on ILS remains negative and statistically significant (-0.0025, p <0.05). The Arellano-Bond
tests indicate first-order but not second-order serial correlation, and the Hansen J test does
not reject the validity of the instruments. Overall, the negative estimated effect of ILS is
retained across alternative measurement, sample adjustment, and dynamic panel estima-
tion.

Table 4. Robustness checks and dynamic panel estimates.

(1) (2) (3)
Variable Alternative ULEE  Dxcluding Munici- g oMM
palities
ILS —-0.0028 ** —0.0030 * —0.0025 **
(-2.16) (-1.89) (-2.30)
L.ULEE 0.8473 ***
(19.35)
AR(1) —5.44 [0.000]
AR(2) 0.14 [0.885]
Hansen | 88.95 [0.147]
Control YES YES YES
variables
City FE YES YES YES
Year FE YES YES YES
N 3607 3558 3327
R-squared 0.350 0.252

Note: p-values for diagnostic tests are reported in brackets. Test statistics are reported in parentheses.

*, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively.

4.3. Population Density Channel

Table 5 reports the population density channel estimates. Column (1) re-estimates the
ULEE equation using the reduced control set. The coefficient on ILS remains negative and
statistically significant (-0.0033, p < 0.05). Column (2) uses PD as the dependent variable.
The coefficient on ILS is negative and statistically significant (—0.0026, p < 0.01). Column
(3) adds PD to the ULEE equation. PD is positively associated with ULEE (0.5074, p <0.01),
while the coefficient on ILS becomes smaller in absolute value and statistically insignifi-
cant.

Table 5. Population density channel estimates.

. (1) (2) (3)
Variable ULEE PD ULEE
ILS ~0.0033 ** ~0.0026 *** ~0.0020
(-2.04) (-2.70) (-1.41)
PD 0.5074 ***
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(8.29)

Control variables YES YES YES
City FE YES YES YES
Year FE YES YES YES

N 3607 3607 3607
R-squared 0.242 0.394 0.317

Note: CS and TI are excluded from the control variables in all columns. Test statistics are reported

in parentheses. **, and *** denote significance at the 5% and 1% levels, respectively.

Table 6 separates the density response into population and land area components.
The coefficient on ILS is not statistically significant when CS is used as the dependent
variable. By contrast, ILS is positively associated with built-up area (0.0030, p < 0.01) and
SMD (0.0027, p < 0.01). The component estimates therefore point more clearly to the land
area side than to the population size side. Taken together, the density channel and com-
ponent estimates support Hypothesis 2.

Table 6. Components of the population density channel.

. 1 (2) (3)
Variable -
CS Built-Up Area SMD
ILS 0.0003 0.0030 *** 0.0027 ***
(0.32) (2.60) (2.78)
Control variables YES YES YES
City FE YES YES YES
Year FE YES YES YES
N 3607 3607 3607
R-squared 0.587 0.621 0.392

Note: BUA is calculated by taking the natural logarithm of the original built-up area. SMD is defined
as BUA minus CS, and therefore captures built-up area scale relative to urban population size. Test

statistics are reported in parentheses. *** denote significance at the 1% levels.

4.4. Subgroup Estimates by City Type

Table 7 reports the estimates by city type. In the benchmark subsample estimates, the
coefficient on ILS is negative and statistically significant for coastal cities (-0.0058, p < 0.05)
and border cities (-0.0149, p < 0.05), but statistically insignificant for general cities. After
adding initial condition paths within each city type subsample, the coefficient remains
negative and statistically significant for coastal cities (-0.0057, p < 0.05) and border cities
(-0.0168, p < 0.05), while the estimate for general cities remains statistically insignificant.
Across both specifications, the point estimate is largest in absolute value for border cities.
These subsample estimates support Hypothesis 3. The negative effect of industrial land
bias is largest in border cities, smaller in coastal cities, and statistically insignificant in
general cities. The subsample estimates support the city type ordering predicted in Hy-
pothesis 3.

Table 7. City type estimates of the effect of industrial land share on urban land economic efficiency.

Coastal Cities General Cities Border Cities
(1) (2) (3) 4) (5) (6)
Variable Initial- Initial- Initial-
Benchmark Condition Benchmark Condition Benchmark Condition
Paths Paths Paths
ILS -0.0058 ** -0.0057 ** -0.0017 -0.0021 -0.0149 ** -0.0168 **
(-2.06) (-2.10) (-0.99) (-1.18) (-2.22) (-2.37)
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Control variables YES YES YES YES YES YES
City FE YES YES YES YES YES YES
Year FE YES YES YES YES YES YES
Initial condition paths NO YES NO YES NO YES
N 689 689 2666 2653 252 247
R-squared 0.306 0.428 0.282 0.322 0.461 0.701

Note: Columns (2), (4), and (6) additionally interact year indicators with selected 2010 city charac-
teristics within each city type subsample. Test statistics are reported in parentheses. ** denote sig-

nificance at the 5% levels.

Table 8 reports the density channel estimates by city type. For coastal cities, ILS is
positively associated with built-up area and negatively associated with PD, while its co-
efficient on CS is statistically insignificant. For general cities, only the coefficient on built-
up area is weakly significant. For border cities, ILS is negatively associated with PD, while
its coefficients on CS and built-up area are statistically insignificant. The estimates show
different density response patterns across the three city type subsamples.

Table 8. Components of the density channel by city type.

1) (2) (3)
Variable Coastal Cities General Cities Border Cities
CS -0.0002 0.0005 -0.0014
(-0.15) (0.55) (-0.68)
Built-up area 0.0043 *** 0.0024 * 0.0043
(2.88) (1.73) (1.36)
PD -0.0047 ** -0.0015 —-0.0072 ***
(-2.18) (-1.50) (-3.39)
Control variables YES YES YES
City FE YES YES YES
Year FE YES YES YES
N 689 2666 252

Note: The dependent variable for each row is specified in the first column. Each entry reports the
coefficient on ILS from a separate two-way fixed effects regression estimated within the correspond-
ing city type subsample. The same reduced control set as in Table 5 is used. Test statistics are re-

ported in parentheses. *, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively.

4.5. Moderating Role of Secondary Industry Share

Table 9 examines whether the estimated effect of ILS changes with SecShare. Because
SecShare is mean-centered before constructing the interaction term, the coefficient on ILS
refers to the estimated effect when SecShare is at its sample mean. Column (1) uses con-
temporaneous SecShare. The interaction term is positive and statistically significant
(0.0004, p < 0.01). Column (2) replaces SecShare with its one-year lagged value, and the
interaction term remains positive and statistically significant (0.0003, p <0.01). Column (3)
further includes PD. The interaction term remains positive and statistically significant
(0.0002, p <0.05), and PD is also positively associated with ULEE. The sign and significance
of the interaction term are retained across the three specifications.

Table 9. Interaction between industrial land share and secondary industry share.

(1) (2) 3)
Variable SecShare L.SecShare L.SecShare with PD
ILS -0.0042 *** -0.0039 ** -0.0026 *
(-2.83) (-2.39) (-1.83)
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0.005

0.000

—0.005

—0.010

Marginal effect of ILS on ULEE

—0.015

SecShare_c 0.0064 ***
(2.80)
ILS x SecShare_c 0.0004 ***
(3.97)
L.SecShare_c 0.0056 ** 0.0072 ***
(2.38) (3.33)
ILS x L.SecShare_c 0.0003 *** 0.0002 **
(3.37) (2.25)
PD 0.5077 ***
(8.64)
Control variables YES YES YES
City FE YES YES YES
Year FE YES YES YES
N 3607 3327 3327
R-squared 0.313 0.270 0.332

Note: SecShare_c denotes mean-centered SecShare, and L.SecShare_c denotes mean-centered one-
year lagged SecShare. Column (3) includes PD and uses the reduced control set excluding CS and
TI. Test statistics are reported in parentheses. *, **, and *** denote significance at the 10%, 5%, and

1% levels, respectively.

Figure 4 plots the conditional marginal effect of ILS across the observed range of Sec-
Share and compares the distribution of SecShare across city types. The estimated effect is
negative and statistically significant when SecShare is below 52.5%, statistically insignifi-
cant between 52.5% and 62.2%, and positive and statistically significant above 62.2%. Bor-
der cities are more concentrated in the lower range of SecShare, whereas coastal and gen-
eral cities extend further into the intermediate and upper ranges.

52.5

1
|
| 62.2
|

Coastal Cities

General Cities

Border Cities

T T T T T
20 30 40 50 60
SecShare (%)

20 30 40 50 60
SecShare (%)
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Figure 4. Marginal effect of industrial land share across secondary industry share. The marginal
effect plot reports the estimated marginal effect of ILS on ULEE from the interaction model with
mean-centered SecShare, with SecShare displayed in its original percentage scale. The shaded area
indicates the 95% confidence interval. The vertical dashed lines indicate the Johnson-Neyman
thresholds of 52.5% and 62.2%. The distribution plot shows city-year observations and boxplots of
SecShare by city type. Source: drawn by the authors.

Table 10 places PD and the ILS-SecShare interaction in the same model. Column (1)
reports the main effect estimate using the reduced control set. Column (2) adds PD; the
coefficient on PD is positive and statistically significant, while the coefficient on ILS be-
comes smaller and statistically insignificant. Column (3) includes the ILS-SecShare inter-
action, which is positive and statistically significant. Column (4) includes both PD and the
interaction term. PD remains positive and statistically significant (0.4830, p <0.01), and the
interaction term remains positive and statistically significant (0.0002, p < 0.05). The coeffi-
cient on ILS remains negative and statistically significant (-0.0029, p < 0.05).

Table 10. Integrated estimates with population density and secondary industry share moderation.

@ 2 (3) @

Variable Benchmark Adding PD Adding Interaction Adding PD and Interaction
ILS -0.0033 ** -0.0020 —-0.0043 *** -0.0029 **
(-2.04) (-1.41) (-2.87) (-2.25)
PD 0.5074 *** 0.4830 ***
(8.29) (8.19)
SecShare_c 0.0068 *** 0.0081 ***
(3.03) (3.94)
ILS x SecShare_c 0.0003 *** 0.0002 **
(3.52) (2.58)
Control variables YES YES YES YES
City FE YES YES YES YES
Year FE YES YES YES YES
N 3607 3607 3607 3607
R-squared 0.242 0.317 0.297 0.364

Note: All columns use the reduced control set excluding CS and TI. SecShare_c denotes mean-cen-
tered SecShare. Column (4) includes both PD and the ILS x SecShare interaction. Test statistics are

reported in parentheses. **, and *** denote significance at the 5%, and 1% levels, respectively.

5. Discussion
5.1. From Average Effects to Uneven Efficiency Penalties

At the average level, the results are in line with a broad literature on land misalloca-
tion. Existing studies have traced land misallocation to local government incentives and
distorted land pricing [2,3] and have shown that it can constrain industrial upgrading and
green productivity [4,6]. Our estimates give this conclusion a direct land economic read-
ing: industrial land bias reduces the economic output generated by each unit of urban
construction land.

A more distinctive issue is the unevenness of this penalty. Prior work has examined
how industrial land use efficiency and land misallocation effects vary by region, city size,
resource dependence, and land market conditions [9,42-43]. This study brings a less ex-
amined spatial background into the discussion by comparing coastal, general, and border
cities. This classification links heterogeneity to cities’ positions in China’s urban develop-
ment system, where market access, policy functions, and development conditions shape
how industrial land supply is absorbed.
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This interpretation connects the average efficiency loss, the density channel, and city
type heterogeneity within a single explanation. The benchmark result establishes the av-
erage penalty of industrial land bias; the subsequent analyses show how this penalty op-
erates through population density and why it differs across city types. The paper therefore
moves from identifying an average efficiency loss to explaining the uneven penalties gen-
erated by the same land allocation bias.

5.2. Interpreting the Density Transmission Channel

The density results clarify what kind of efficiency penalty is being observed. The ev-
idence does not suggest that industrial land bias lowers ULEE by reducing urban popu-
lation size. The component tests point instead to the land side of the density ratio: ILS is
not significantly associated with urban population size, but it is positively associated with
built-up area and with built-up area scale relative to population size. The efficiency loss is
therefore better understood as a process of spatial dilution. Industrial land bias enlarges
the construction land base without a parallel increase in the concentration of people and
economic activity, thereby lowering the economic output generated by each unit of urban
construction land.

This interpretation adds a land use structure explanation to a broader pattern docu-
mented in the urban expansion literature. Existing studies have shown that urban land in
China and other rapidly urbanizing contexts has often expanded faster than population,
producing density decline and weakening land use performance [21-23,44]. Those studies
establish the prevalence of land population mismatch. The present results identify one
land allocation pathway through which such mismatch can arise. When construction land
is increasingly directed toward industrial uses, urban space may expand in a form that
does not generate comparable residential concentration, service demand, or local market
thickness. The mismatch is thus not only a matter of how fast cities expand, but also of
what kinds of land uses drive that expansion.

The result also qualifies the role of agglomeration economies in the interpretation of
industrial land policy. Agglomeration theory emphasizes that density can raise produc-
tivity through labor market matching, input sharing, knowledge spillovers, and other
forms of interaction [25-27]. These mechanisms, however, are not generated by land ex-
pansion itself. They depend on whether firms, workers, services, suppliers, and consum-
ers are sufficiently concentrated within urban space. Industrial land bias can weaken this
condition when it produces a larger but thinner built-up area. In this sense, density is not
merely a background urban characteristic; it is a spatial condition through which land
allocation decisions shape the productivity of urban land.

This spatial reading extends the existing literature on land misallocation by showing
that density change is an important spatial process linking land allocation distortions to
urban land economic efficiency. Prior studies have mainly explained the costs of land mis-
allocation through distorted land prices, factor misallocation, industrial upgrading, inno-
vation, green total factor productivity, and sustainable development [2,4,6]. The evidence
in this study points to a more immediate spatial step in this process. Before industrial land
bias is reflected in innovation performance, industrial upgrading, or green productivity,
it can reduce ULEE by expanding the land denominator without generating a correspond-
ing concentration of people and economic activity. For this reason, population density is
treated here as a spatial transmission channel rather than as a strict mediation mechanism
in a narrow causal sense.

5.3. Interpreting the Coastal-General-Border Pattern

Once the density channel is understood as spatial dilution, the city-type results can
be interpreted more directly. The larger penalty in border cities does not imply that border
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location is intrinsically inefficient. Rather, it suggests that industrial land bias becomes
more costly when land expansion runs ahead of the local economy’s capacity to absord it.
In such contexts, additional industrial land is less likely to be converted smoothly into
firms, employment, service demand, and productive linkages, and more likely to dilute
the density conditions that support urban productivity. Density loss therefore helps ex-
plain the larger penalty in border cities, but it should be understood as part of a broader
absorption problem. The key issue is not industrial land expansion itself, but whether the
city has sufficient economic concentration and production capacity to turn that expansion
into productive urban space.

The border city result is best understood through the gap between strategic land sup-
ply and local absorption capacity. Border cities often require port facilities, industrial plat-
forms, and transport infrastructure to support land border opening, cross-border ex-
change, and territorial connectivity. These investments can expand the physical space for
development, but they do not by themselves create productive urban density. Industrial
land becomes economically effective only when port functions, industrial demand, urban
services, and labor markets reinforce one another within the same local economy [45]. In
many border regions, cross-border linkages remain selective and uneven, with stronger
connections concentrated around a limited number of nodes [46]. Under these conditions,
additional industrial land may increase the built-up area before firms, workers, suppliers,
and services are sufficiently anchored.

The difficulty of absorption in border cities can be understood from three connected
conditions. The first is a demand constraint. Many border cities have limited domestic
market size and are relatively distant from major regional centers. Even when industrial
platforms are connected to border ports or transport corridors, the surrounding producer-
service base, supplier networks, and local consumption demand are often too thin to sup-
port rapid industrial occupation. The second is a factor mobility constraint. Population
outflow, aging, and slower inflows of skilled labor and capital weaken the labor market
pooling, service demand, and everyday urban interactions through which industrial land
is converted into productive activity. The third is a cross-border uncertainty constraint.
Cross-border openness may expand development opportunities, but trade flows are often
affected by policy changes, customs procedures, geopolitical conditions, and demand
fluctuations on both sides of the border. These three conditions mean that industrial land
supply in border cities is more likely to be anticipatory rather than demand-led. Land,
infrastructure, and industrial platforms may be prepared for strategic connectivity before
firm occupation, employment density, supplier linkages, and urban services are fully in
place. The larger penalty in border cities therefore does not reflect a simple disadvantage
of border location. It reflects a conversion problem: strategic land preparation is more dif-
ficult to turn into dense, stable, and locally embedded economic activity.

The SecShare results add a production-side condition to this explanation. The posi-
tive interaction between ILS and SecShare indicates that the penalty of industrial land bias
weakens where secondary industry has a stronger local weight. This does not imply that
a higher secondary industry share is necessarily more advanced or more desirable. Rather,
it suggests that industrial land is less costly when it is more closely aligned with the exist-
ing production base. Where the secondary sector is thinner, additional industrial land is
more likely to be supplied ahead of effective demand and less likely to be converted into
output-intensive use. Border cities are more exposed to this problem because many of
them combine lower population density, weaker market thickness, and a less developed
production base. Their larger penalty therefore reflects two connected forms of mismatch:
built-up land expands faster than population concentration, and industrial land supply
expands faster than the local production system can productively absorb.
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The coastal result points to a different configuration. Coastal cities generally have
deeper labor markets, stronger industrial networks, better infrastructure, and more diver-
sified urban functions. These conditions help convert industrial land into output and ex-
plain why the estimated penalty is smaller than in border cities. Yet this should not be
read as evidence that industrial land bias is harmless in coastal areas. Land scarcity and
stronger competition among industrial, residential, commercial, service, and innovation
uses raise the opportunity cost of allocating scarce construction land to industrial pur-
poses [47]. The coastal case therefore reveals a different form of land allocation tension:
stronger absorption capacity reduces the observed efficiency penalty, while higher land
scarcity raises the cost of using scarce urban space for land-extensive industrial functions.

The insignificant estimate for general cities should also be interpreted cautiously.
General cities are a broad residual category rather than a homogeneous spatial type. Some
may have sufficient demographic and industrial bases to absorb additional industrial land,
while others may experience land-extensive growth closer to the border city pattern.
These divergent trajectories can offset one another in the average estimate. The result
therefore does not show that industrial land bias is irrelevant in general cities. It shows
that the penalty depends on whether industrial land expansion is accompanied by density
formation, production system absorption, and productive urban functions.

Taken together, the coastal-general-border pattern refines the meaning of industrial
land bias. The problem is not industrial land per se, but the conditions under which in-
dustrial land is supplied and absorbed. Industrial land bias becomes most costly where it
expands the built-up urban base without generating the population concentration, pro-
duction linkages, and urban functions needed to support land productivity. This place-
sensitive interpretation extends existing studies on land misallocation by showing not
only that industrial land bias reduces efficiency, but also why the same bias produces un-
even penalties across different urban settings.

5.4. Policy Implications for Industrial Land Governance

The empirical results narrow the policy question. Industrial land bias becomes costly
when industrial land expansion is weakly absorbed by local firms, workers, services, and
production networks. Since this penalty varies across coastal, general, and border cities,
industrial land policy should move beyond aggregate quotas or uniform price adjustment.
The key margin is how land price, tenure, performance requirements, and renewal rules
shape the conversion of industrial land into realized economic output and spatial value.

Industrial land pricing is the first point of adjustment. In China’s land finance system,
low-priced industrial land has often supported investment attraction, while commercial
and residential land has carried more fiscal returns [1,2]. This weakens price screening
and allows land-extensive projects to obtain space before their productivity and local link-
ages are tested. Correcting excessive underpricing can strengthen land use efficiency, alt-
hough the effect varies by city and weakens beyond certain thresholds [8]. Price reform
should therefore work as a screening device, not as a uniform increase in industrial land
prices. It should raise the cost of extensive land occupation while using flexible tenure to
reduce the initial payment burden of firms with credible production and upgrading po-
tential.

Recent supply reforms provide the complementary governance tools. Long-term
leasing, lease-before-transfer, flexible-term transfer, and standard land transfer make in-
dustrial land supply more conditional [48,49]. Their main value is to reduce premature
lock-in. Leasing and shorter tenure create an observation period before long-term land
use rights are granted; standard land transfer specifies performance conditions at the
point of supply. Investment intensity, output per unit of land, employment creation, tax
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contribution, innovation performance, energy use, environmental standards, and con-
struction progress can then become enforceable conditions rather than formal indicators.
This directly responds to the empirical pattern identified in this study: the efficiency cost
emerges when expected investment is not converted into actual density and productivity.

The city type results indicate how this policy package should be applied. Border cities
require the strongest ex ante demand test and the strictest staged allocation. Their larger
efficiency penalty suggests that industrial platforms can expand faster than firms, labor
markets, and urban services. For these cities, new industrial land should be supplied in
smaller phases, preferably through leasing or lease-before-transfer, and conversion to
longer-term land use rights should depend on verified firm occupation, employment den-
sity, land output intensity, labor retention, cross-border demand stability, and links with
ports, logistics, and urban services. Industrial land prepared for strategic functions should
not be evaluated only by its planned platform scale or connectivity role. It should also be
assessed by whether it can generate sustained firm operation, local employment, service
demand, and production linkages. Idle platform land, weakly occupied parks, and pro-
jects with low job creation should face delayed transfer, shortened tenure, performance-
based adjustment, or withdrawal.

Coastal cities need a different discipline. Their stronger absorption capacity helps ex-
plain the smaller estimated penalty, but land scarcity makes every industrial parcel more
costly in opportunity terms. Industrial land competes with housing, producer services,
innovation space, public facilities, and ecological uses, and price gaps between industrial
and commercial residential land can further distort land allocation under debt and scar-
city constraints [47]. Policy should therefore focus on the existing stock. Low-output in-
dustrial parcels should be identified through regular performance audits; parcels that no
longer meet land output, employment, innovation, or environmental standards should be
renewed, consolidated, converted to higher-value industrial functions, or released for
compatible urban uses. In coastal cities, industrial land governance is less about adding
new industrial space than about ensuring that scarce industrial land remains occupied by
firms whose productivity justifies its urban location.

General cities require internal sorting. The insignificant average effect does not pro-
vide a basis for a single policy rule. Some general cities still have active manufacturing
demand, stable population support, and room for agglomeration; others retain industrial
land from earlier expansion cycles with weak density and limited production linkages.
The first group can use flexible tenure and standard land transfer to support upgrading
firms while keeping performance conditions explicit. The second group should place new
industrial land supply under stricter review and shift policy effort toward stock renewal,
low-efficiency land redevelopment, and exit mechanisms [50-52]. A practical criterion is
whether existing industrial land is already generating employment, output, and local link-
ages. Where it is not, additional industrial land supply is likely to reproduce the same
efficiency loss.

The policy implication of this study is therefore a differentiated discipline of indus-
trial land use. Border cities need demand verification before long-term allocation; coastal
cities need opportunity cost control and stock renewal; general cities need diagnosis be-
fore expansion. Across these settings, industrial land should remain in productive use
only when its occupation continues to generate economic output, employment, and spa-
tial value within the urban system.

5.5. Limitations and Future Research

This study has several limitations that point to directions for future research.
First, the dependent variable captures the economic output intensity of urban con-
struction land. By measuring ULEE as real GDP per unit of urban construction land, the
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analysis focuses on the economic productivity of scarce urban space. This choice is con-
sistent with the land economic efficiency perspective of the paper, but it does not directly
measure ecological performance, carbon emissions, social welfare, or inclusive growth.
These dimensions are important components of sustainable land use, but they are not
captured by the ULEE measure used here. Future research could incorporate undesirable
outputs, green total factor productivity, carbon intensity, or distributional indicators to
examine whether the uneven penalties identified in this paper also appear in broader as-
sessments of sustainable urban development.

Second, ILS is measured as the share of urban construction land allocated to indus-
trial use. This indicator captures the spatial bias of land allocation, but it cannot distin-
guish among different types and qualities of industrial land. Industrial parcels may differ
in industrial composition, technological intensity, environmental performance, firm qual-
ity, operating status, and actual land use intensity. This limitation largely reflects the avail-
ability and comparability of city-level land use data. Future studies could link land use
records with parcel-level transactions, firm-level output and employment, patent data,
energy use, and emissions data to examine whether the efficiency penalty varies with the
type, quality, and actual utilization of industrial land.

Third, the density channel is examined at the city level. While the component tests
help distinguish the land and population components of density, they cannot reveal the
intra-urban forms through which industrial land bias reshapes spatial intensity. Future
research could use parcel-level industrial land data, gridded population data, building
footprints, commuting flows, and public service accessibility measures to examine
whether this process operates through industrial parks, fragmented development, jobs—
housing separation, or the delayed redevelopment of old industrial parcels.

Fourth, the empirical strategy helps mitigate potential endogeneity concerns through
fixed effects, lagged specifications, robustness checks, and dynamic panel estimation.
These approaches strengthen the credibility of the results, although they do not fully re-
place identification based on clearly defined policy shocks. Such policy-based identifica-
tion is difficult to implement in the present setting because many industrial land govern-
ance reforms have been introduced gradually, implemented with considerable local dis-
cretion, and observed over relatively short post-reform periods. Future research could ex-
ploit more mature policy settings, where implementation timing, treatment intensity, and
pre-treatment trends can be observed more clearly, to provide stronger causal evidence
on how industrial land allocation affects ULEE and population density.

Finally, the generalizability of the findings is shaped by China’s land governance sys-
tem. The mechanisms examined in this study arise in a setting where local governments
control the primary land market and have long used industrial land as an instrument for
investment attraction, industrial development, and local growth. The results are therefore
most directly relevant to institutional contexts in which public authorities play an active
role in land allocation and industrial spatial planning. Comparative research across dif-
ferent land tenure regimes, fiscal systems, and planning institutions would help assess
whether similar mechanisms operate beyond China.

6. Conclusions

This paper examines how industrial land bias affects the economic efficiency of urban
construction land and why this effect differs across coastal, general, and border cities in
China. Using panel data for 281 prefecture-level and above cities from 2010 to 2022, the
results show that a higher share of industrial land is associated with lower urban land
economic efficiency. The estimated penalty is most pronounced after a one-year lag and
varies substantially across city types. It is the largest in border cities, smaller in coastal
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cities, and weaker or less systematic in general cities. These findings indicate that the effi-
ciency cost of industrial land bias cannot be fully understood from the average effect alone.

The density results help explain this uneven pattern. Industrial land bias is associated
with lower population density, and the component analysis shows that this relationship
is driven more by built-up area expansion than by population decline. The central issue is
therefore spatial dilution: industrial land expansion enlarges the urban land base without
generating a comparable concentration of people, firms, services, and economic activity.
The interaction results further suggest that the penalty is weaker where industrial land is
more closely aligned with the existing production structure. Taken together, these find-
ings refine the interpretation of industrial land bias. Its economic cost depends not only
on how much land is allocated to industrial use, but also on whether that land can be
absorbed into a functioning urban and industrial system.

The results point to a more selective approach to industrial land governance. Indus-
trial land supply should be evaluated by its subsequent use, economic return, and contri-
bution to productive urban concentration, rather than by expansion targets alone. Border
cities require stricter demand verification and closer coordination between land prepara-
tion, firm entry, employment creation, and urban service provision. Coastal cities should
place greater weight on land opportunity costs and the redevelopment of low-efficiency
industrial sites. General cities require more differentiated diagnosis before further expan-
sion or restriction. Future research could combine city-level land use data with parcel rec-
ords, firm-level production and employment data, population mobility, and environmen-
tal indicators to examine whether the uneven economic penalties identified here also ex-
tend to broader sustainable land use outcomes.
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