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Construction land expansion and use efficiency are tied to the promotion of

sustainable cities and communities. This article explores how and why the

spatiotemporal variation of construction land use efficiency (CLUE) evolved in

the Yangtze River Delta (YRD), China between 2000 and 2020. Our descriptive

results show that county-level regions with higher CLUE are concentrated

in major cities in the core YRD, as well as ecologically sensitive regions

in the peripheral YRD. Although CLUE improvement in peripheral regions

has been more remarkable since the early 2010s, the efficiency gap in

construction land use between the core YRD (central cities) and the peripheral

YRD (suburban counties) has doubled. The modeling results indicate the

temporally and spatially heterogeneous impacts of various factors related

to economic incentives and eco-environmental constraints on the uneven

CLUE. Economic level and ecological sensitivity are positively associated

with regional CLUE. The continuing growth of service industries and the

spatial agglomeration of knowledge-intensive and foreign-invested firms are

increasingly vital for CLUE improvement in the core YRD, while the prosperity

of manufacturing industries is more important for the peripheral YRD. The

“crowding out effect” of environmental pollution on CLUE could be proved

in the peripheral rather than the core YRD. Our findings suggest that proper

policies should be tailored to specific places to coordinate construction land

use, economic growth, and eco-environmental sustainability.
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Introduction

Global construction land (i.e., built-up area) has experienced
a rapid increase in the last century, largely resulting from
population urbanization and economic agglomeration
(Lambin and Meyfroidt, 2011; Liu et al., 2020; Mahtta
et al., 2022). Unordered land sprawl and inefficient land use,
meanwhile, generated various negative impacts including
eco-environmental degradation and cultivated land shrinking
at multiple spatial scales (Estoque et al., 2021). An increasingly
intensive contradiction between land shortage and inefficient
use was observed worldwide, especially in the Global South
and developing economies (Liu et al., 2014; Fetzel et al., 2016).
Rational and efficient land use become the key to achieving
sustainable cities and communities (UN-Habitat, 2016; Akuraju
et al., 2020; Rahman and Szabó, 2021). The spatiotemporal
variations and determinants of construction land-use efficiency
(CLUE) have attracted much attention from scholars and
policy-makers.

A large body of literature has focused on the driving forces
of uneven CLUE from the perspective of locally socioeconomic
and institutional contexts (Wu et al., 2017; Masini et al.,
2019). The impacts of economic incentives, such as income
growth, technical progress, and industrial upgrading, on CLUE
have been well-studied empirically (Koroso et al., 2020; Yue
et al., 2022; Zhang et al., 2022). To our knowledge, the
aggregate movements of the economy at the macro-level
are mainly driven by firm-specific changes (Capasso et al.,
2015). However, attempts to address the influences of firm
heterogeneities, including firm size, industrial attribute, and
ownership structure, at the micro-level on CLUE are thin
on the ground. In addition, following the social-ecological
systems framework, land-use practices should be viewed as
the feedback of changes in ecosystem goods and services
(Lambin and Meyfroidt, 2010). There is a vast literature focusing
on the implications of land-use transition (e.g., efficiency
improvement) for global and regional eco-environmental status
(Lambin and Meyfroidt, 2010; Searchinger et al., 2018). In
contrast, with few exceptions (Peng et al., 2017; Wang K.
et al., 2021), researches on the driving mechanisms of eco-
environmental constraints behind land-use efficiency are quite
limited.

China’s rapid urbanization and industrialization provide
a rich context. The high-growth and resource-intensive
developmental trajectory that China pursued has led to a
series of eco-environmental issues related to the irrational use
of construction land (Liu et al., 2014; Dong et al., 2020),
especially in socioeconomically developed metropolises and
urban agglomerations (Gao et al., 2020; Ning et al., 2022). This
forces the Chinese government to further strengthen natural
resource supervision and pay more attention to sustainable use.
Therefore, construction land expansion has been increasingly
restricted by local eco-environment and relevant regulations
(Xie et al., 2021). Promoting industrial agglomeration and

upgrading has become an important measure for the intensive
use of construction land (Liu J. et al., 2021; Zhang et al., 2022).
The investigation and interpretation of geographically uneven
CLUE in China need to take local eco-environmental constraints
and industrial dynamics into account, however, the number
of empirical researches on relevant issues, particularly at finer
spatial scales, is still small.

To fill the aforementioned research gaps, this article aims to
examine the spatiotemporal variation of CLUE and its driving
forces in regional China, with particular attention given to local
eco-environmental constraints and economic incentives. Taking
the Yangtze River Delta (YRD), one of the emerging global city-
region in China, as a case study, we focus on two interrelated
research questions: (1) How have the spatiotemporal patterns of
CLUE changed between 2000 and 2020? (2) What factors drive
the changes in CLUE, and how has the relative importance of
driving forces differed across regions and changed over time?
Regional corporate demography, namely the range, structure,
and diversity of corporate organizations in a specific place
(Carroll and Hannan, 2000), and spatial dynamics of firms are
used to measure economic incentives at the micro-level in this
study. Empirical results will advance our understanding of the
uneven CLUE under different eco-environmental systems and
socioeconomic contexts at regional or local scale. Our findings
on the changes in the economic performance of construction
land use in regional China can generate policy implications
for sustainable land use and urbanization in other emerging
economies.

Literature review and conceptual
framework

Given the importance of CLUE improvement in achieving
sustainable cities and communities, the definition and
measurement of CLUE have been profoundly discussed in
the literature from the perspective of “input-output system”
(Chen et al., 2019; Masini et al., 2019; Zhu et al., 2019). CLUE
is usually defined as the economic output or population carried
by built-up areas (Wu et al., 2017; He et al., 2020; Koroso
et al., 2020; Estoque et al., 2021). Inputs (e.g., labor and capital)
in addition to land, as well as unexpected outputs including
environmental pollution and ecological degradation, have
been increasingly considered in the calculation of CLUE (Yu
et al., 2019; Liu S. et al., 2021; Zhang et al., 2021). Previous
studies demonstrated that construction land use practices
and efficiency significantly differ across continents, countries,
regions, and cities (He et al., 2020; Jiao et al., 2020; Estoque
et al., 2021; Schiavina et al., 2022). Scholars largely attributed
this phenomenon to place-specific disparities in socioeconomic
contexts and eco-environmental conditions. Based on seminal
works and the Chinese contexts, we develop a conceptual
framework to explain spatiotemporal variations of CLUE at
a finer geographical scale, with particular attention given to
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the effects of microeconomic incentives, eco-environmental
constraints, and relevant regulations (see Figure 1).

Socioeconomic contexts, corporate
demography, and land use efficiency

A large body of literature has examined the impacts of
socioeconomic contexts on changing spatial patterns of CLUE
across places (Masini et al., 2019; He et al., 2020; Zhang
et al., 2022). There is a consensus that regional differences
in construction land use performance are tightly associated
with economic incentives, such as population agglomeration,
industrial structure optimization, and technological progress
(Chen et al., 2018; Mahtta et al., 2022). Better economic
performance of construction land use tends to be observed
in places with higher income level and stronger innovative
capability (Masini et al., 2019). Industrial transformation and
relocation, especially the exit of traditional manufacturing and
the entry of high-tech industries, play a vital role in improving
CLUE (Liu J. et al., 2021; Yue et al., 2022). Existing studies
mainly examined the effects of economic incentives at the
macro-level, however, the relationship between microeconomic
incentives (e.g., firm-specific changes) and CLUE has been
largely ignored in the literature.

The unique transitional contexts, including globalization,
marketization, decentralization, and urbanization (Gao et al.,
2014; Wu et al., 2017), should be taken into account to
understand better China’s construction land use. Particularly,
China’s developmental model has been gradually shifting from
high-growth and resource-intensive to high-quality oriented
and innovation-driven (Chen et al., 2016; Wu et al., 2016). China
tends to be more active in promoting efficient and intensive
utilization of land resources. For instance, policy instruments
related to technical innovation and industrial upgrading have
been issued by Chinese central and local governments to
improve CLUE, and relevant research largely confirmed the
positive effects of these policies (Peng et al., 2017; Wu et al.,
2017; Li J. et al., 2021). To our knowledge, economic transition,
industrial restructuring, and technical progress largely result
from firm-specific changes (Capasso et al., 2015). Research on
the relationship between economic incentives and uneven CLUE
should consider regional corporate demography or spatial
dynamics of firms.

To be specific, the spatial agglomeration of corporate
organizations and their businesses is tightly associated with
economic density and land use efficiency, and variegated
features such as size, industrial attribute, and ownership
structure of firms matter. Compared with middle and
small-sized enterprises (SMEs), large firms with advanced
technologies and value-added businesses are capable of
using resources efficiently. Land use performance of the
“new economy,” especially producer service and knowledge-
intensive industries, may be better than that of traditional
manufacturing. Moreover, foreign-invested enterprises

(FIEs) are more likely to show superior performance in
land use than domestic enterprises in China due to their
advanced technologies and management experiences (Yue et al.,
2022).

Eco-environmental conditions, regulations,
and land use efficiency

Seminal works based on the social-ecological system
framework indicated that regional eco-environmental systems
and regulatory policies are important for understanding land-
use transition (Lambin and Meyfroidt, 2010, 2011). Land use
practices, especially urban land expansion, are severely confined
by natural resources endowment, and eco-environmental
capacity at regional or local scale (Bryan et al., 2015; Liu
et al., 2017; Yang et al., 2022). Relationships between eco-
environmental constraints and CLUE have received particular
attention in the literature (Lu et al., 2018; Tang et al., 2021;
Zhang et al., 2021). Environmental pollution and deterioration
may have a significant “crowding out effect” on CLUE (Peng
et al., 2017), and CLUE improvement would contribute to
pollution reduction (Dong et al., 2020; Li et al., 2021). Relevant
institutional settings and policies also matter (Tu et al., 2014;
Wang Q. et al., 2021). The implementation of more strict
natural resources supervision and environmental regulation
would improve CLUE (Wang K. et al., 2021; Zhang et al., 2021).
However, attempts to examine the potential impacts of regional
eco-environmental conditions and regulations, by contrast with
socioeconomic variables, on CLUE are quite limited.

Eco-environmental carrying capacity, territorial exploiting
suitability, and regulatory policies significantly vary across
the Chinese regions. This largely leads to regional disparities
in construction land expansion and use efficiency. On the
one hand, land resources available for industrialization and
urbanization are even scarcer in China. By implementing
rigid zoning plans and regulations, the protection of natural
cover and ecological space has taken priority over urban
and industrial expansion, especially in ecologically sensitive
regions. This enforces local governments to pay more attention
to facilitating efficient use of existing construction land to
stabilize economic growth. On the other hand, environmental
pollution and degeneration in China partly attribute to
rapid expansion and inefficient use of construction land. In
addition to environmental laws and regulations, optimizing
land use practice and performance is also an effective means
to solve pollution problems under China’s low-carbon or
sustainable developmental strategies. It should be noted that
the demand for CLUE improvement in metropolises or
developed regions where eco-environmental constraints and
agglomeration diseconomies presented earlier is more urgent. In
contrast, socioeconomic development in lower-tier cities or less-
developed regions relies more on cheaper productive elements
and looser environmental regulations, probably resulting in
inefficient use of land resources.
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FIGURE 1

Conceptual framework of construction land expansion and use efficiency in China.

Research materials and methodologies

Study area: The Yangtze River Delta
Located in eastern coastal China, the YRD is an emerging

global city-region around the world. With only 3.7% of
China’s territory, the YRD carries 16.7% of China’s population
and 24.1% of China’s gross domestic product (GDP) in
2020. The YRD is selected as the study area according
to the following considerations: First, as the epitome of
China’s industrialization and urbanization, the YRD has been
experiencing an unpredictable process of economic growth and

urban expansion, which resulted in serious eco-environmental
deterioration, since the start of Reform and Opening-Up. The
YRD accounts for 11.7% of COD emissions and 8.7% of
SO2 emissions in China in 2020. The contradiction between
urbanization, economic development, and eco-environmental
protection is more prominent in the YRD, forcing local
governments to become more active in promoting sustainable
and efficient utilization of natural resources (e.g., land). Second,
although the YRD has advantages in population, GDP, and
urban size, it still lags far behind the recognized global-
city-regions in the USA and Europe in terms of economic
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FIGURE 2

Location and construction land expansion of the study area.

efficiency and innovative capability. The growth trajectories and
predicaments of the YRD are more similar to those of emerging
economies. Third, the regional difference in eco-environmental
condition and socioeconomic development level is a vital feature
of the YRD, as in most emerging economies. Land use practice
and performance are no exception to that feature. Therefore, we
believe that the evidence from the YRD can serve as a strong
reference for China and a large number of emerging economies
(or global-city regions).

Figure 2 presents the location of the YRD, as well as
the spatial pattern of construction land expansion. The YRD
includes four province-level regions, namely Shanghai, Jiangsu,
Zhejiang, and Anhui. To examine the spatiotemporal variation
of CLUE at a finer geographical scale, we group the YRD
into core (central city) or peripheral (suburban) subregions
according to their administrative affiliations, eco-environmental
conditions, and socioeconomic levels. Urban districts are
merged and defined as the central city areas to distinguish
them from suburban counties. We find that the total area of

construction land in the YRD has increased from 30,498.8 km2

in 2000 to 39,425.8 km2 and 57,586.7 km2 in 2010 and 2020,
respectively. The expansion of construction land significantly
differed across regions and changed over time. The growth rate
of construction land area in the core YRD was higher than
that in the peripheral YRD during 2000–2010 and 2010–2020.
However, this gap has been narrowed due to the rapid expansion
of construction land in the peripheral YRD. The growth rates of
construction land area in the central cities and counties of the
peripheral YRD, respectively increased from 30.22 and 16.17%
during 2000–2010 to 51.23 and 38.08% during 2010–2020.

Data source and processing
Construction land and natural cover data for analysis are

drawn from Chinese 30 m GlobalLand30 datasets (2000, 2010,
and 2020). GlobalLand30 comprises datasets collected at 30-m
resolution, which are valuable for monitoring environmental
(or land use) changes and for resource management at multiple
spatial scales (Jun et al., 2014). GlobalLand30 is the first global
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geo-information public product provided by China to the
United Nations with extensive use1, and it can be obtained
online for free. Based on ten types of land cover in the
GlobalLand30 datasets, the artificial surface is regarded as
construction land or built-up area in this study.

In addition, the datasets of fine particulate matter (PM2.5)
originated from the Atmospheric Composition Analysis Group
(van Donkelaar et al., 2021). We acquire socioeconomic
developmental statistics, especially the total output value of
the secondary and tertiary industries, from the China City
Statistical Yearbook (CCSY) and published statistical materials
of relevant provinces or cities. The data relating to industrial
output value are calculated based on the year 2000 constant price
to eliminate the influences of currency inflation. We collect the
data on the size, industrial attributes, and ownership structures
of individual firms in a specific place from Qichacha, which is
one of the authoritative inquiry systems of corporate credit and
information in China.

Methodologies
Measurement of construction land-use efficiency

According to the existing literature, economic output per
unit of land is an effective or comparable indicator that can
directly estimates land-use performance (Wu et al., 2017;
Chen et al., 2018; Masini et al., 2019). Considering the non-
agricultural socioeconomic activities carried by built-up area, we
apply the total output value of secondary and tertiary industries
per hectare of construction land to measure CLUE:

CLUEit =
IOV it

CLAit
(1)

where, IOV it is the total output value of secondary and
tertiary industries of research unit i in year t.CLAit is the total
construction land area of research unit i in year t.

Spatial autocorrelation and clustering analysis

The Global Moran’s I (GMI) and the Local Moran’s I (LMIi),
which are used to investigate the spatial autocorrelation of CLUE
in the YRD, can be defined as equations (2) and (3), respectively.

GMI =
n
∑n

i = 1
∑n

j = 1 wi,j
(
Xi − X

) (
Xj − X

)
∑n

i = 1
∑n

j = 1 wi,j
∑n

i = 1
(
Xi − X

)2 (2)

LMIi =
(
Xi − X

)∑n
i = 1

(
Xi − X

)2

n∑
j = 1

wij
(
Xi − X

)
(3)

where, Xi and Xj are CLUE of research units i and j, respectively.
X stands for the average CLUE by research units in the YRD. n is
the number of research units.wij represents the spatial adjacency
matrix. According to the result of LMIi, the spatial pattern of
CLUE can be described by four types of research units, namely

1 www.globallandcover.com

high-high (H-H), high-low (H-L), low-high (L-H), and low-low
(L-L). For instance, the H-H indicates that the CLUE of regions
surrounding regions with high CLUE is relatively high.

In addition, the Hot Spot analysis tool (Getis-Ord Gi∗

statistic) is applied to explore the spatial clustering dynamics of
CLUE changes. The standardized G∗i can be calculated as:

Z
(
G∗i
)
=

∑n
j = 1 wi,jC_Xj − C_X

∑n
j = 1 wi,j

S

√ [
n
∑n

j = 1 w
2
i,j−

(∑n
j = 1 wi,j

)2
]

n−1

(4)

where, C_Xj is the increase or decrease of CLUE of research unit
j from year t to year t + 1. C_X and S, respectively stand for
the average increase/decrease and standard deviation of CLUE
by research units. The research unit, which has a high (low)
C_X value and is surrounded by other units with relatively high
(low) C_X values, can be grouped as a statistically significant
hot (cold) spot.

Regression model and variable specification

OLS and spatial regression models are applied to uncover
the driving forces of the spatiotemporal variation of CLUE. OLS
regression model can be estimated as:

yi = β0+

m∑
k = 1

βkxik+εi (5)

where, yi represents the dependent variable (CLUEi). xik and βk
stand for the observed value of independent variable k and its
regression coefficient. m is the number of independent variables.
β0 and εi are the constant term and the error term, respectively.

The spatial lag model (SLM) and spatial error model (SEM),
which are used to avoid the potential deviation of estimation
based on the OLS model, can be built as follows:

y = α+ ρwy+ βkxk + ε (6)

{
y = α+ βkxk + ε

ε = γwε + µ
(7)

where, y and xk represent the dependent variable and
independent variable, respectively. βk is the estimated coefficient
of the independent variable. ε and µ are error terms. ρ and γ

stand for the estimated coefficients of the spatial lag term of
dependent variable and spatial autocorrelation error term (ε).
w and wε are the spatial matrix of the dependent variable and
residual error, respectively. Lagrange Multiplier (LM) test and
Robust LM test of OLS regression residuals are taken to check
the suitability of SLM and SEM.

Furthermore, we apply the geographically weighted
regression (GWR) model to uncover the spatial effects of
influential factors on CLUE in different research units. The
GWR model can be built as follows:

yi =
∑
k

βk (ui, vi)xik + εi (8)
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TABLE 1 The definitions of independent variables.

Category Variables Definition and calculation (abbreviation)

Economic
incentives

Economic development level Per capita GDP The ratio of the GDP in each research unit and the average level of the
YRD (PGDP)

Industrial structure and
transition

industrial economy The ratio of the share of the output value of secondary industry in each
research unit and the average level of the YRD (IND)

service economy The ratio of the share of the output value of tertiary industry in each
research unit and the average level of the YRD (SERV)

Corporate demography and
spatial dynamics of firms

Firm density The ratio of the number of corporate organizations per km2

(administrative area) in each research unit and the average level of the
YRD (FIRM)

Firm size Quotient index of the number of corporate organizations with paid-in
capital of more than 50 million yuan for each research unit (SCALE)

Corporate industrial attribute Quotient index of the number of corporate organizations in
knowledge-intensive industries for each research unit (KNOW)

Corporate ownership structure Quotient index of the number of the foreign-invested corporate
organizations for each research unit (OWN)

Eco-
environmental
constraints

Ecological importance and
sensitivity

Ecological land area The ratio of the share of ecological and cultivated land and the average
level of the YRD (ECO)

Regional elevation The ratio of regional average elevation of each research unit and the
average level of the YRD (DEM)

Regional slope The ratio of regional average slope in each research unit and the average
level of the YRD (SLOP)

Environmental pollution and
regulatory strength

Air pollution The ratio of regional annual average PM2.5 concentration in each
research unit and the average level of the YRD (PM2.5)

We calculate the quotient index as follows: Qi =
(
xi/
∑n

i = 1 xi
)
/
(
Xi/

∑n
i = 1 Xi

)
, where xi represents the number of large, knowledge-intensive, and foreign-invested corporate

organizations in research unit i, Xi stands for all corporate organizations in research unit i. Knowledge-intensive industries include: Medical and pharmaceutical products, chemical
fiber, general and special-purpose equipment, automobiles, transport equipment, electrical machinery and apparatus, electronic equipment, transport, storage, information transmission,
software and information technology, financial intermediation, leasing and business services, and scientific research and technical services.

where, yi and xik are dependent variable and independent
variable k of research unit i. (ui, vi) indicates the spatial location
of research unit i, and εi stands for error term.

According to our conceptual framework and previous
studies, we model the CLUE as the function of variables related
to economic incentives and eco-environmental constraints.
Per capita GDP, which is positively correlated with regional
advantages in economic output, human capital stock, and
technological progress (Cheung and Ping, 2004; Tahir et al.,
2020), is used to measure economic development level. We use
the share of the output value of secondary/tertiary industry to
GDP to represent the transition of regional industrial structure.
The effects of regional corporate demography and spatial
dynamics of firms are measured by firm density, as well as a
set of location quotient indexes related to the amount of large,
knowledge-intensive, and foreign-invested enterprises. Place-
specific ecological importance and sensitivity are measured by
the share of ecological land (e.g., forest, grassland, shrubland,
wetland, and tundra) and cultivated land in the area. The
effects of ecological constraints on construction land expansion
and use efficiency are modeled by regional average elevation
and slope. The regional annual average PM2.5 concentration
is applied to measure the level of environmental pollution

and regulatory strength. The definitions and descriptions of
independent variables are presented in Table 1.

Empirical results and interpretation

Spatiotemporal variations of construction land
use efficiency in the Yangtze River Delta
Spatiotemporal characteristics of construction land
use efficiency

Figure 3 shows the overall changing trends of CLUE in
the YRD. The CLUE of the YRD increased from 0.65 million
RMB per hectare in 2000 to 1.92 million and 2.60 million
RMB per hectare in 2010 and 2020, respectively. The annual
growth rate of CLUE (7.1%) was higher than that of the
construction land area (3.2%). More than 95% of research units
have experienced CLUE growth. These results indicate that the
economic performance of construction land use in the YRD has
been significantly improved since the early 2000s. However, the
upper quartile of CLUE by county-level regions and the number
of places with CLUE greater than five million RMB per hectare
decreased from 2010 to 2020. Moreover, the standard deviation
of CLUE by county-level regions increased from 0.89 in 2000 to
1.93 and 2.10 in 2010 and 2020, respectively. These results imply
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FIGURE 3

Boxplot of the changing trends of CLUE (million RMB per
hectare) in the YRD in 2000, 2010, and 2020.

that the economic performance of construction land use might
vary across regions in the YRD.

As Figure 4 illustrates, the spatial pattern of CLUE
significantly changed over time in the YRD. Except for the
central city of Shanghai and a few counties in Southern
Zhejiang, CLUE of county-level regions in the YRD was
relatively low in 2000. Particularly, CLUE in 50% of counties
located in Anhui province and central and Northern Jiangsu
was less than 0.3 million RMB per hectare. We observed
a markable improvement of county-specific CLUE in 2010.
CLUE improvements in central cities and counties in Shanghai,
Southern Jiangsu, and Northern and Southwestern Zhejiang
were the most prominent, while that of county-level regions in
Northern Jiangsu and Northern Anhui was not obvious. In 2020,
central cities of metropolises presented better performance of
construction land use. CLUE of the central cities of Shanghai,
Nanjing, Hangzhou, Hefei, Suzhou, and Wuxi all exceeded 5
million RMB per hectare. Figure 4 also shows that the GMI
indexes were significantly positive and kept rising from 2000
to 2020. Moreover, the H-H county-level regions of CLUE
were largely distributed in Shanghai, Southern Jiangsu, and
Southwestern Zhejiang, while the L-L county-level regions were
mainly located in Northern Jiangsu and Northern Anhui. These
results signify that places with relatively higher or lower CLUE
tended to spatially agglomerate in the YRD, which is largely
associated with the spatial autocorrelation and spillover effect
of land use practice at the regional scale.

Spatial clustering of construction land use efficiency
changes

Figure 5 shows the results of the Hot Spot analysis based
on CLUE increase or decrease by county-level regions in the
YRD. Between 2000 and 2010, hot spots were largely located

in Shanghai, Southern Jiangsu, and Southwestern Zhejiang,
while cold spots were in Northern Jiangsu and Northern
Anhui; CLUE of county-level regions located in Shanghai and
Southern Jiangsu has increased by an average of 2 million
RMB per hectare. Between 2010 and 2020, hot spots were
mainly distributed in Shanghai, Hefei, and their surrounding
regions, while cold spots were transferred to Southwestern
Zhejiang and Southern Anhui; It is noteworthy that CLUE
of some counties located in Southwestern YRD, which is
an ecologically important and sensitive region, experienced a
significant decline.

Comparing the increase or decrease of CLUE by county-
level regions during 2000–2010 and 2010–2020, Figure 5C
presents the spatial restructuring of CLUE changing clusters
in the YRD. On the one hand, hot spots were mainly in
the peripheral regions, especially Hefei, Northern Anhui, and
Northern Jiangsu, signifying that CLUE improvement in the
peripheral YRD was more markable during 2010–2020. On
the other hand, cold spots were largely located in Southern
Jiangsu, and Southern and Western Zhejiang, indicating that the
growth rate of CLUE in suburban counties of major cities and
ecologically sensitive regions was relatively low during 2010–
2020. Some suburban counties of major cities (e.g., Nanjing,
Suzhou, Hangzhou, and Ningbo) even experienced a decline
in CLUE from 2010 to 2020, probably because industrial and
population agglomeration in relevant suburbs were lower than
expected under the rapid expansion of construction land. These
results suggest that the hot spots of CLUE growth tend to shift
from the core YRD and ecologically sensitive regions to central
cities in the peripheral YRD since the early 2010s.

Regional group differences in construction land use
efficiency

Figure 6 reports the differences in CLUE among eight
groups, which are divided by the core YRD (central cities)
and peripheral YRD (counties). The median, upper quartile,
and lower quartile of CLUE in groups related to central cities
showed a trend of continuing increase from 2000 to 2020. In
contrast, the upper quartile of CLUE in other groups, especially
the counties in the core YRD, underwent a significant decline
from 2010 to 2020. Moreover, the average CLUE of the central
cities in the core YRD was the highest, followed by that of the
counties in the core YRD, while that of the counties in the
peripheral YRD was the lowest. Although the average CLUE of
the core and peripheral YRD has increased significantly, the gap
in CLUE between the core and peripheral YRD doubled during
2000–2020. A similar result can be drawn from the comparison
of CLUE between the central cities and counties. These results
indicate that construction land use in the central cities shows
better economic performance than that in the suburbs and
peripheral counties, even more, this gap has been widening in
the YRD since the early 2010s.
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FIGURE 4

The spatial patterns of CLUE (million RMB per hectare) in the YRD in 2000, 2010, and 2020.

FIGURE 5

The spatial clusters of CLUE changes in the YRD from 2000 to 2020. (A) During 2000–2010. (B) During 2010–2020. (C) Annual changing
differentials between the two periods.

With regard to the standard deviation of CLUE by research
units, a trend of continuing growth can be found in the groups
of the core YRD and the central cities, while the groups of the

peripheral YRD and counties presented a rising trend at first and
then fell from 2000 to 2020. Moreover, regional differences in
CLUE between the central cities and counties within the core
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FIGURE 6

Regional group differences in CLUE (million RMB per hectare) in the YRD between 2000 and 2020. (A) The core YRD; (B) the peripheral YRD; (C)
all central cities; (D) all counties; (E) all central cities in the core YRD; (F) all counties in the core YRD; (G) all central cities in the peripheral YRD;
(H) all counties in the peripheral YRD.

YRD were more significant than that within the peripheral YRD
during 2000–2020. These results indicate that interregional gaps
of CLUE within the core YRD or the central cities have been
widening, while that within the groups of the peripheral YRD or
counties was the opposite since the early 2010s.

Driving forces of uneven construction land use
efficiency in the Yangtze River Delta

Land use efficiency is largely affected by various exogenous
factors (Lambin and Meyfroidt, 2011; Wang Q. et al., 2021;
Zhang et al., 2022), indicating that spatial dependence of
the error term should be taken in modeling. Insignificant
coefficients for LM-lag or Robust LM-lag confirm that the
estimated models of SEM have a higher fitting degree than
that of SLM (see Appendix A). According to the results of
the variance inflation factor (VIF), DEM and SLOP are put
into the models separately to avoid the potential problems of
multicollinearity. The regression results of OLS, SEM, and GWR

models are presented in Table 2. On the one hand, the estimated
coefficients and their signs of most variables changed over
time, implying that the driving forces of CLUE are temporally
heterogeneous. On the other hand, the median, maximum
and minimum values of coefficients for each variable are
different in GWR models (see Appendix B), signifying that the
determinants of CLUE have significantly spatial heterogeneities.

Impacts of regional economic incentives and firm
dynamics

The estimated results imply that regional disparities in
economic development level and industrial structure play a
vital role in the spatiotemporal variation of CLUE, which
is in line with the findings documented by previous studies
(Peng et al., 2017; Chen et al., 2019; Yu et al., 2019). The
coefficients for PGDP are positive and significant in all models,
indicating that construction land use in economically developed
regions (e.g., central cities in the core YRD) might show better
economic performance. Particularly, regional innovative milieu
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TABLE 2 Regression results of OLS, SEM, and GWR models.

2000 2010 2020

OLS SEM GWR OLS SEM GWR OLS SEM GWR

Constant/
intercept

−0.086
(−0.304)

0.531
(0.176)

−0.374
(−0.400)

−2.070
(−2.400*)

−0.532
(−0.599)

−0.625
(−0.908)

−6.800***
(−7.439***)

−6.287***
(−6.500***)

−3.265
(−3.754)

PGDP 0.334***
(0.325***)

0.318***
(0.316***)

2.284
(2.033)

1.797***
(1.781***)

1.727***
(1.734***)

6.150
(6.100)

1.829***
(1.855***)

1.749***
(1.764***)

3.595
(3.796)

IND 0.364*
(0.345*)

0.414**
(0.399**)

0.502
(0.468)

−0.325
(−0.368)

−0.238
(−0.313)

−0.353
(−0.333)

0.357
(0.348)

0.578
(0.446)

1.535
(1.562)

SERV 0.292
(0.275)

0.192
(0.190)

0.231
(0.170)

0.460
(0.413)

0.266
(0.185)

0.546
(0.484)

2.591***
(2.477***)

1.758**
(1.676**)

2.840
(2.764)

FIRM 0.113***
(0.111***)

0.125***
(0.121***)

1.383
(3.894)

0.254***
(0.255***)

0.268***
(0.264***)

7.511
(10.876)

0.484***
(0.483***)

0.605***
(0.597***)

17.094
(17.097)

SCALE 0.337***
(0.342***)

0.328***
(0.332***)

1.053
(1.170)

0.385*
(0.380)

0.208
(0.200)

1.238
(1.403)

0.104
(0.100)

0.032
(0.040)

0.724
(0.908)

KNOW −0.166
(−0.168)

−0.315**
(−0.301**)

−0.542
(−0.512)

0.255
(0.246)

0.001
(−0.019)

0.136
(0.071)

0.272
(0.259)

0.129
(0.121)

0.284
(0.055)

OWN −0.046
(−0.018)

0.075
(0.078)

0.086
(0.048)

−0.278
(−0.279)

0.240
(0.234)

−0.771
(−1.131)

0.663***
(0.698***)

1.327***
(1.296***)

0.090
(−0.231)

ECO 0.986***
(0.727**)

0.622*
(0.447)

0.916
(0.631)

1.858***
(1.693**)

1.105*
(0.973)

1.719
(1.325)

2.558***
(2.253***)

2.295***
(2.242***)

1.911
(1.279)

DEM 0.063 0.051 0.350 0.423*** 0.372*** 1.866 0.251*** 0.276** −0.569

SLOP (0.198***) (0.186***) (1.981) (0.682***) (0.581**) (1.828) (0.594***) (0.471**) (1.829)

ENV −1.220***
(−0.853***)

−1.378***
(−0.976**)

−0.752
(−0.484)

−0.470
(−0.117)

−0.966
(−0.789)

−1.582
(−0.812)

0.390
(1.082**)

0.575
(0.867)

0.050
(1.843)

λ / 0.458***
(0.438***)

/ / 0.559***
(0.559***)

/ / 0.748***
(0.728***)

/

R2 0.655
(0.671)

0.694
(0.706)

0.773
(0.774)

0.668
(0.664)

0.725
(0.723)

0.806
(0.797)

0.785
0.791

0.854
0.852

0.912
(0.902)

F 39.27***
(42.23***)

/ / 41.61***
(40.95***)

/ / 75.70***
(78.25***)

/ /

***, **, *denote statistical significance at 1, 5, and 10% level, respectively. Regression results of models including the variable SLOP are presented in the parentheses. Regression coefficients
for independent variables of GWR models are presented as the mean value in this table.

and technical progress are positively associated with place-
specific CLUE (Chen et al., 2019). The effects of industrial
structure and transition are mixed. The coefficients for IND and
SERV are, respectively significantly and insignificantly positive
in models for 2000, however, the results are opposite in models
for 2020. This suggests that, concerning CLUE improvement,
regional advantages in the service economy are more influential
than the spatial agglomeration of the industrial economy in
recent YRD. This is probably because industrial upgrading
that local governments pursued has facilitated the transition of
economic structure from industry-led to service-led, especially
in central cities with relatively high CLUE, in the YRD since
the early 2010s. Our finding tallies with the existing studies
that highlighted the impacts of industrial agglomeration and
transformation on land use efficiency (Chen et al., 2018; Liu J.
et al., 2021).

Corporate demography, as well as spatial dynamics of
individual firms, are valuable in explaining the spatiotemporal
variation of CLUE at the regional scale. The coefficients for

FIRM are significantly positive in all models, signifying that
the spatial agglomeration of corporate organizations, activities,
and functions is positively associated with relatively higher
CLUE. The coefficients for SCALE are positive and significant
in models for 2000, but insignificant in models for 2010 and
2020. This indicates that the spatial agglomeration of large
firms could notably improve CLUE in the early 2000s, however,
this relationship has become unclear since the early 2010s.
This is partly because some counties, especially in ecologically
sensitive regions, with few larger firms show relatively higher
CLUE in the YRD. The coefficients for KNOW show positive
signs in models for 2010 and 2020. This is partly because the
spatial agglomeration of knowledge-intensive enterprises, which
largely represents a stronger regional innovative capability,
plays an increasingly important role in improving local CLUE.
Therefore, a series of regulations related to pollution control and
energy conservation have been carried out by local governments
to facilitate the relocation of traditional manufacturers and
inefficient firms, and then provide space for high-tech firms.
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FIGURE 7

GWR estimated coefficients for independent variables in 2000, 2010, and 2020 (the estimated coefficients with p-values less than 0.1 are
considered significant).

Furthermore, the coefficients for OWN are ambiguous in
models for 2000 and 2010, but significantly positive in models
for 2020. This may suggest that the spatial agglomeration of
FIEs, which is closely related to the continuing opening up
and export-oriented economic growth, will contribute to the
improvement of CLUE in the YRD.

Impacts of regional ecological constraints and
environmental regulations

The regression results suggest that regional ecological
sensitivity and constraints are positively associated with the
economic performance of construction land use in the YRD.
The coefficients for ECO, DEM, and SLOP are significantly
positive in most models, indicating that county-level regions
with a larger proportion of ecological and cultivated land,
as well as higher elevation and steeper slope, tend to have
higher CLUE than other regions. It is acknowledged that,
by prioritizing ecological benefits and green development,
the Chinese government has issued a series of policies for
pollution prevention, ecological restoration, and economic
transition since the early 2010s. According to the national
major function-oriented zoning, ecologically sensitive counties

located in Southwestern YRD have been zoned for eco-
environmental conservation and food production. Economic
activities, especially those with negative impacts on the eco-
environmental system, are limited or even prohibited in the
planned ecological function and restricted development zones.
Regional ecological constraints and strict regulations restrain
urban sprawl and land expansion on one hand, and force
local governments to efficiently use the limited construction
land resources on the other hand. This is partly because,
in addition to eco-environmental benefits, regional economic
development and social welfare improvement still play an
important role in the evaluation and promotion of local
officials in China.

The coefficients for ENV are negative and significant in
OLS and SEM models for the year 2000, indicating that
the poor regional environmental quality is not conducive to
improving CLUE. This result is consistent with the finding of
Peng et al. (2017), who suggested that environmental pollution
has a “crowding out effect” on urban land use efficiency.
However, ENV’s coefficients are insignificant in models for the
years 2010 and 2020 and even appear positive signs. With the
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aggravation of environmental deterioration, Chinese central and
local governments have devoted substantial efforts to pursuing
cleaner production and to reducing pollution since the early
2010s. A series of regulations related to resource conservation
and intensive utilization have therefore been implemented,
resulting in an increasing level of natural resources supervision
and environmental stringency (Zhu et al., 2014; Wang K. et al.,
2021). Our results indicate that rising environmental standards
and regulations, particularly in developed regions and major
cities, might weaken the “crowding out effect” of pollution on
land use efficiency at the regional scale.

Spatial heterogeneity of influential factors and driving
mechanisms

Considering the spatial clustering and spillover of uneven
CLUE in the YRD, it is essential to examine the spatially
heterogeneous effects of influential factors. Figure 7 shows
the changing spatial patterns of the estimated coefficients for
independent variables, such as IND, SERV, KNOW, OWN, and
ENV, in GWR models.

Expect for Shanghai and its neighboring regions, the local
coefficients for IND are positive and significant. This implies
that a larger proportion of the industrial economy in GDP
would be positively associated with higher CLUE, especially
in the peripheral YRD. Our findings suggest that promoting
manufacturing agglomeration, as well as the undertaking of
industrial transfer from developed regions, should be an
important way for less-developed regions to improve land
use efficiency. In contrast, the positive influence of SERV on
CLUE has been increasingly strengthening across the YRD,
particularly in Shanghai and its neighboring regions, since the
early 2010s. This signifies that the higher CLUE in major cities
is largely dependent on place-specific advantages in producer
and consumer services. With the rapid expansion of urban
residential and commercial land, local governments in major
cities are concerned more about the critical role played by the
service economy in improving CLUE. We can conclude that
the impacts of economic structure on CLUE differ between
developed and less-developed regions, which is related to their
respective industrial restructuring paths.

Figure 7 presents that the negative coefficients for KNOW
and the positive coefficients for OWN played a leading role in
the YRD in 2000. At the early stage of industrialization in the
YRD, traditional manufacturing, township industries, and low-
value production dominated regional economic development,
and advanced technologies and management experiences
were mainly introduced or controlled by FIEs. The spatial
agglomeration of FIEs might be positively associated with
higher CLUE. Since the early 2010s, the number of county-
level regions with positive coefficients for KNOW has increased
significantly, especially in the core YRD. With the continuing
industrial upgrading, the Chinese government has issued a
series of incentive policies to support the promotion of strategic

emerging industries and technical innovation. In addition to
the service economy, the spatial agglomeration of knowledge-
intensive industries is increasingly vital to CLUE improvement
in the YRD. However, negative coefficients for KNOW and
OWN can still be found in some peripheral counties, this is
partly because the attraction of high-tech industries and high-
quality FIEs in less-developed regions is largely limited by
their location, agglomeration economies, and doing business
environment.

Figure 7 shows that the negative effect of ENV on CLUE
played a leading role in the peripheral YRD, especially in
Northern Jiangsu, Southern Zhejiang, and Anhui province.
This may indicate that environmental pollution has a stronger
“crowding out effect” on the economic performance of
construction land use in less-developed regions. Our findings
suggest that promoting economic development and improving
CLUE in less-developed regions cannot be at the expense of
ecosystem and environmental quality. “Left behind” regions
should avoid becoming pollution heavens when undertaking
industrial transfer from developed regions. In contrast, the
positive effect of ENV played a leading role in the core YRD,
especially in cities (e.g., Suzhou, Wuxi, and Shanghai) with
relatively higher CLUE. The increasing pollution problems in
major cities enforce environmental regulations and standards
more stringent, which could effectively facilitate technical
innovation, clean production, and intensive utilization of
natural resources at the firm- and regional level.

Discussion and conclusion

Discussion

Construction land expansion and use efficiency are tied to
the promotion of sustainable cities and communities around
the world (UN-Habitat, 2016; Akuraju et al., 2020; Estoque
et al., 2021). Although there is a large body of literature on the
driving forces and implications of the spatiotemporal variation
of CLUE, however, we know little about how socioeconomic
contexts and eco-environmental constraints work together for
CLUE at a finer geographical scale. Particularly, previous studies
paid insufficient attention to the impacts of economic incentives
at the micro-level, such as the spatial dynamics of individual
firms, on local land use efficiency. Urbanization, economic
development, and corporate strategy in emerging economies
(e.g., China) will predict a substantial transition in the near
future (Zhu et al., 2014; Chen et al., 2016; Tang et al., 2021),
and how changes in economic dynamics and eco-environmental
regulations affect land use practice and performance in relevant
countries or regions will deserve more scholarly investigation.

Focusing on the aforementioned research gaps, this study
will contribute to the literature on land use efficiency in
the following aspects. First, a conceptual framework of
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the spatiotemporal variation of construction land expansion
and use efficiency in transitional China is developed, with
particular attention to regional eco-environmental constraints
and regulations, as well as economic incentives driven by
firm-specific changes. By highlighting the direct influences of
regional corporate demography and the spatial dynamics of
firms on CLUE, this study will advance our understanding
of the microcosmic dynamics underlying the relationships
between economic incentives and land use efficiency. Our
conceptual framework can provide an alternative and effective
theoretical perspective for relevant research, especially on land
use transition in emerging economies. Second, this study
examines the changing “core-periphery” pattern of CLUE at
the sub-national scale through distinguishing the central city
and suburban county. Uncovering the spatiotemporal variation
of CLUE at a finer geographical scale, this study might be
an important supplement to the existing studies that focus on
global, national, provincial, and urban scales. Third, taking the
YRD, one of the emerging global city-regions in the Global
South, as a case, this article discusses the changes in construction
land use practice and performance under new-type urbanization
and economic transition during the past three decades. Such
empirical research and related evidence can assist in uncovering
the driving forces of uneven CLUE in places within extensive
emerging economies or global city-regions, which calls for more
attention from scholars and policy-makers.

Our findings can also generate several policy implications
for improving CLUE under sustainable urbanization in
China and other emerging economies. First, the central
cities of metropolises, as well as developed regions, should
promote urban renewal and stock construction land vitalization
to provide sufficient space for the “new economy” and
knowledge-intensive firms. Second, with the rapid expansion
of construction land, urban suburbs should actively facilitate
population and industrial agglomeration to avoid the inefficient
sprawl of built-up areas. Third, in the process of improving
CLUE, the peripheral and less-developed regions should not
only promote the spatial agglomeration of manufacturing
industries but also control pollution resulting from undertaking
industrial transfer through implementing proper regulations.
Additionally, incentive policies to encourage the development
of pollution-free and low-carbon industries should be issued
by ecologically sensitive regions to improve the economic
performance of construction land use.

This article has twofold limitations. On the one hand, this
article only examines the effects of eco-spatial area, elevation,
and slope, a few facets of the regional ecological system,
on uneven CLUE. The role played by other facets that can
embody regional ecological importance and sensitivity need
more research attention. Regional disparities in the strength
of resources supervision and environmental regulation are
difficult to quantify, and their influences on uneven CLUE
have not been investigated in this study. On the other hand,
our analysis did not distinguish the difference in use efficiency

between construction land in urbanized areas, small towns, and
villages due to data availability. The regression models did not
include variables that directly measure technological progress
due to the lack of relevant data (e.g., patent and R&D) at the
county-level in 2000. Data constraints also force us to measure
regional corporate demography only by the number of corporate
organizations rather than output value. We leave these issues
for future studies.

Conclusion

This article examines the spatiotemporal variation of CLUE
and its driving forces in the YRD, China. We depicted
the changing spatial pattern, including spatial clustering and
regional group differences, of CLUE between 2000 and 2020.
Then, temporal and spatial heterogeneities of the impacts of
economic incentives and eco-environmental constraints on
uneven CLUE have been measured in the YRD.

The descriptive results indicate that, with rapid
industrialization and urbanization, CLUE in the YRD has
increased significantly since the early 2000s. It should be
noted that the CLUE and its changing trends and magnitudes
differ across county-level regions. The CLUE in the central
cities, especially those located in the core YRD, is higher
than that in peripheral counties, indicating a significant
“core-periphery” spatial pattern. County-level regions with
remarkable improvement of CLUE have been increasingly
concentrated in the central cities of major cities. The efficiency
gap in construction land use between the core and peripheral
YRD, as well as the central cities and suburban counties,
has widened since the early 2010s. It is also found that the
economic performance of construction land use in some
counties located in Southwestern Zhejiang and Southwestern
Anhui, which are ecologically sensitive regions, is relatively
better. Furthermore, the improvement of CLUE in peripheral
regions such as Northern Jiangsu and Northern Anhui from
2010 to 2020 was more markable than that during 2000–2010,
but it was the opposite in Southwestern Zhejiang. To some
extent, these trends will restructure the “core-periphery” pattern
of CLUE in the YRD.

The regression results signify that uneven CLUE is
closely associated with spatiotemporal heterogeneities in
socioeconomic contexts and eco-environmental constraints
across the YRD. On the one hand, regional disparities
in economic incentives, such as economic level, industrial
transformation, and firm-specific dynamics, are the main
drivers of the spatiotemporal variation of CLUE. The spatial
agglomeration of the “new economy” and capable corporations,
especially service industries, knowledge-intensive firms, and
FIEs, have been playing an increasingly important role in
improving CLUE since the early 2010s. On the other hand,
factors related to regional ecological constraints show positive
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effects on CLUE. We can conclude that regional ecological
constraints (e.g., large eco-spatial area, high elevation, and steep
slope) severely restrict the expansion of the urban built-up
area, but this forces local governments and market entities to
make efficient use of the limited construction land resources.
Furthermore, the modeling results imply that the influences of
driving forces, such as industrial structure and environmental
quality, vary across regions. The positive effects of service and
knowledge-intensive industries, as well as FIEs, on CLUE are
strengthening in the core YRD, while CLUE improvement in
the peripheral YRD will rely more on the continuing growth of
manufacturing industries. We also find a stronger “crowding out
effect” of environmental pollution on CLUE in the peripheral
YRD, however, this relationship does not exist in most county-
level regions located in the core YRD.
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Appendix

Appendix A Results of lagrange multiplier test.

2000 2010 2020

Model 1 Model 2 Model 1 Model 2 Model 1 Model 2

Lagrange multiplier (lag) 2.170 1.874 5.279** 7.519*** 2.349 1.176

Robust LM (lag) 1.802 1.667 1.107 0.403 33.478*** 27.405***

Lagrange multiplier (error) 10.581*** 9.619*** 16.245*** 17.347*** 26.791*** 25.386***

Robust LM (error) 10.213*** 9.412*** 12.073*** 10.231*** 57.918*** 51.615***

*** and ** denote statistical significance at 1 and 5% level, respectively. Model 1 includes the variable DEM, and Model 2 includes the variable SLOP.

Appendix B Descriptive statistics of the estimated coefficients for variables in GWR.

Variable 2000 2010 2020

Max Min Med Max Min Med Max Min Med

Intercept 1.930
(0.761)

−4.718
(−4.540)

−0.541
(−0.406)

11.623
(10.049)

−5.171
(−5.063)

−1.589
(−1.796)

19.082
(4.875)

−7.743
(−7.855)

−2.912
(−3.128)

PGDP 4.927
(3.616)

0.300
(0.347)

2.143
(2.064)

9.752
(9.476)

2.596
(3.808)

5.971
(5.981)

7.389
(6.553)

0.629
(1.740)

3.604
(3.841)

IND 2.058
(1.903)

−1.963
(−1.370)

0.506
(0.412)

6.029
(5.170)

−16.753
(−15.21)

0.537
(0.419)

7.441
(5.886)

−21.443
(−8.070)

1.595
(1.497)

SERV 1.587
(1.475)

−0.530
(−0.616)

0.105
(0.082)

7.685
(7.129)

−12.346
(−11.32)

−0.078
(−0.328)

10.621
(9.414)

−19.446
(−4.162)

1.812
(1.707)

FIRM 13.361
(15.251)

−21.727
(−17.60)

1.182
(5.135)

28.389
(38.844)

−40.600
(−34.84)

10.971
(11.112)

32.955
(31.582)

0.886
(1.875)

16.833
(15.281)

SCALE 2.575
(2.572)

−0.574
(−0.369)

1.205
(1.272)

5.07 1
(6.163)

−3.449
(−2.897)

1.081
(1.365)

8.084
(5.754)

−5.064
(−2.846)

0.625
(0.621)

KNOW 0.617
(0.527)

−2.043
(−1.854)

−0.634
(−0.652)

3.170
(2.950)

−4.366
(−4.178)

0.247
(0.083)

3.914
(1.847)

−1.365
(−1.615)

0.142
(0.170)

OWN 2.458
(1.608)

−1.630
(−1.175)

0.097
(−0.021)

2.592
(1.466)

−6.815
(−9.522)

−0.741
(−0.851)

6.731
(5.498)

−9.520
(−10.68)

−0.503
(−0.764)

ECO 4.068
(3.428)

−1.927
(−2.397)

1.199
(0.974)

6.085
(6.014)

−6.100
(−4.207)

1.831
(1.950)

5.538
(5.054)

−0.957
(−2.363)

2.046
(1.899)

DEM 7.115 −5.509 0.871 20.433 −13.494 2.455 18.431 −57.254 1.461

SLOP (4.471) (0.276) (1.435) (6.266) (−4.062) (1.576) (6.375) (−6.722) (2.221)

ENV 0.951
(1.273)

−3.260
(−2.095)

−0.488
(−0.511)

3.610
(3.815)

−9.852
(−5.762)

−1.235
(−0.647)

7.350
(7.205)

−5.599
(−3.470)

−0.579
(1.398)

RSS 39.030
(38.869)

158.014
(165.717)

84.728
(94.887)

Sigma 0.423
(0.423)

0.851
(0.872)

0.623
(0.660)

CV 356.066
(221.106)

413.789
(399.741)

428.736
(399.066)

R2 0.773
(0.774)

0.806
(0.797)

0.912
(0.902)

Estimated coefficients of models including the variable SLOP are presented in the parentheses.
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