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Abstract: How to improve the level of urban land intensive use (ULIU) has been of wide concern to
academic circles. Technology innovation, as the internal driving force of economic development, has
an important impact on ULIU. To clarify the impacts of technology innovation on ULIU, this study
measures the ULIU level index of China from 2006 to 2019 from four dimensions: the input-output
level of economic efficiency, the carrying capacity of ecological environment, the harmony of the
man-land relationship and the rationality of relationships between regions. On this basis, as there
are different production technologies and land use technologies between cities, the differences of
ULIU in different regions are analysed. Using the spatial econometric model, this study empirically
analyzes the impact of technology innovation on ULIU. In addition, considering the differences in
geographical distribution, natural resource endowment and technological type, this study analyzes
the heterogeneous impact of technology innovation on ULIU. The main conclusions are as follows:
(1) The level of ULIU and technology innovation in China is increasing year by year. The level of
ULIU and technology innovation in the eastern region is higher than that in the central and western
regions. (2) From the spatial perspective, ULIU has a significant positive spatial spillover effect.
(3) On the whole, technology innovation significantly improves the level of ULIU. (4) The impact of
technology innovation in different regions, different types of cities and different types of technologies
on ULIU is heterogeneous. Our results not only enrich the research on the relationship between
technology innovation and ULIU, but also provide a reference for the formulation of relevant policies.

Keywords: intensive use of urban land; technology innovation; spatial spillover effect; spatial
econometric model

1. Introduction

Land resources are the most important material basis of urban development. Recently,
with the rapid economic development, urban land use in China is expanding rapidly [1].
From 2006 to 2020, the area of urban construction land in China increases from 31,765.7 km2

to 58,355.3 km2, with an average annual growth rate of 4.44%. The rapid expansion of
urban land area has seriously depleted a large number of cultivated land resources [2]. To
provide a solution to the abandonment of cultivated land resources, China has introduced
many cultivated land protection systems, but the effect is small. Statistics show that the
per-capita cultivated land area in China is 0.007 km2, which is only 1/4 of the world’s
per-capita cultivated land area. Medium and low fields account for 2/3 of the total fields.
High-quality cultivated land resources are very scarce. The problem of environmental
pollution restricts the sustainable development of economy to a large extent [3]. With this
background, reducing the excessive demand for urban land and the blind occupation of
cultivated land, and promoting the intensive use of urban land, is an evitable choice to
achieve sustainable economic development. Therefore, it is necessary to explore effective
ways to promote the transformation of urban land from extensive use to intensive use.

Previous studies have found that economic structure and technological progress [4],
the development of related industries [5] and the introduction of land policies [1] have
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an impact on ULIU. As the motivating force for economic development, the impact of
technology innovation on ULIU is particularly important [6]. Technology innovation
largely determines how efficient the allocation of land resources is [7]. It plays a key
role in the effective use of land resources. Therefore, studying the impact of technology
innovation on ULIU and its mechanism not only has important theoretical significance, but
also provides valuable policy suggestions for deriving the path of technological innovation
to promote ULIU.

This study firstly measures the ULIU level index of 284 cities in China from the follow-
ing four dimensions: the input-output level of economic efficiency, the carrying capacity
of ecological environment, the harmony of man-land relationship and the rationality of
regional relationship. Secondly, it uses the spatial econometric model to empirically analyze
the impact of technology innovation on ULIU. Finally, dividing the national sample into
eastern, central and western regions based on differences in geographical distribution,
allocating 284 cities into resource-based cities and non-resource-based cities based on dif-
ferences in the natural resources endowment, differentiating technology innovation into
green technology innovation and general technology innovation based on differences in the
technological type, this study examines the heterogeneous impact of technology innovation
in different regions, different types of cities and different types of technologies on ULIU.

2. Literature Review

The concept of land intensive use originated from agriculture and was later introduced
into the field of urban land research. At present, the definition of the concept of ULIU has
not been unified. At first, the ULIU was defined as: increasing the input of capital, labor
and other factors to improve the economic output of land while maintaining the same
scale of urban land [8,9]. However, land is a complex economic, social and environmental
system [10]. The concept of ULIU should not be limited to the economic category, but
should pursue the harmony of economic, social and ecological environments [11].

The scientific measurement of ULIU level is the focus of many scholars [12]. There
are two mainstream measurement methods: One is nonparametric estimation method,
such as the DEA model [13], SFA model [14] and system dynamics method [15]. The
other is objective evaluation methods, such as entropy weight method [16] and principal
component analysis method [17]. Compared with the subjective evaluation method, the
objective evaluation method has higher credibility and accuracy.

Changes in land use have an impact on the entire earth system. The quality of water
resources [18], air quality [19], soil resources [20] and climate system will all change with
land use. At present, land use change is regarded as one of the most pressing environmental
problems to be solved. The characteristics of the spatial change in land use are also a
concern of many scholars. Zhu et al. [21] used the SBM model to reveal the spatial change
characteristics of 35 megacities in China during 2008–2015. Sang et al. [22] used the CA-
Markov model to simulate the spatial characteristics of land use in Fangshan district of
Beijing in 2015. He believed that the change in the spatial characteristics of land use mainly
comes from population growth. Liu et al. [23] found that the spatial characteristics of
land use in China changed significantly from 1990 to 2010, which was mainly due to the
government’s macro-control and economic driving forces.

Exploring the influencing factors of ULIU is also a focus of current research. Economic
development level [24], city scale [17], industrial agglomeration [25] and transportation [26]
are considered to be important factors affecting ULIU. To be specific, rapid urbanization
leads to a large loss of cultivated land [27]. Industrial agglomeration can promote the
effective use of land through labor market externalities, technology externalities and cap-
ital externalities [28]. In addition, policy factors such as vineyard cultivation expansion
policy [29], related land policy [30] and urbanization policy [31] are also considered to
affect ULIU. Among many influencing factors, the impact of technology innovation on land
use cannot be ignored [32]. However, existing studies have only analyzed the interaction
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between technology innovation and land use, but have not deeply discussed the impact of
technology innovation on ULIU and its mechanism.

In recent years, spatial econometric models have been widely used to measure spa-
tial correlations between variables [33]. Previous studies have shown that ULIU has a
significant positive spatial correlation [24]. The intensive use of urban land is not only
affected by local economic and social factors, but also affected by spatially related areas.
Therefore, the spatial effect of ULIU should be considered when exploring the impact of
technology innovation on ULIU. However, there are no studies in the literature on the
impact of technology innovation on ULIU using the spatial econometric model, which will
cause bias in the estimation results.

At present, studies on ULIU are mainly based on industry [34,35], provincial level [36],
and several cities [17] and single city [37]. There are few studies on ULIU as a whole.
Compared with provincial data, city-level data can better reflect regional differences [38].
To the best of the authors’ knowledge, there is no existing literature that studies ULIU using
all cities in China as research samples.

This paper makes the following contributions: Firstly, in terms of theory, it explores the
impact of technology innovation on ULIU and its mechanism for the first time, providing
an important reference for the formulation of urban land policies. Existing literature mainly
focuses on the impact of economic and social factors such as economic development,
urban scale, and industrial structure on ULIU, while ignoring the impact of technological
innovation on ULIU. Secondly, in terms of research methods, the spatial econometric model
is used in this paper, which enriches the application of the spatial econometric model in the
land field. At present, the main research methods used in land use are the PSM method [39],
Tobit model [40] and panel data model [41], while the spatial econometric model is less
used in land use. Thirdly, in terms of sample selection, city-level data as research samples
were chosen, which fully reflects the differences among regions and helps decision-makers
to formulate urban land policies according to local conditions. At present, most of the
existing research chose provincial regions or a single city as the research object, while
ignoring the differences among regions in economic development level, main industrial
pillars and resource endowment.

3. Theoretical Analysis and Research Hypothesis

This paper defines ULIU as: without increasing the total amount of urban land,
the utilization efficiency of urban land can be improved and higher economic, social
and ecological benefits can be obtained, which is achieved by improving the operation
and management, optimizing the structure of land use, and other ways. Technology
innovation affects ULIU mainly in four ways: the agglomeration effect, structure effect,
income effect and substitution effect (Figure 1). Firstly, the agglomeration effect. Technology
innovation can promote talent agglomeration and industrial agglomeration [42]. Talent
agglomeration can reduce industrial costs and promote the development of the service
industry, thereby generating economies of scale and improving economic output per unit
of land area. Meanwhile, the concentration of talents can form the economy of scope.
When talent is pooled, new ideas are synthetized and put to use in brand new ways. The
production cost of the enterprise is reduced and the economic benefit is increased. As
for industrial agglomeration, in order to obtain returns to scale, the industries clustered
in a particular region conduct specialized production according to their own advantages,
which significantly improves the correlation effect among industries, thus improving the
economic benefits of land use. Secondly, the structure effect: according to the theory of
economic development, the process of innovation is accompanied by the destruction of
old industries and the emergence of new industries, that is, the continuous evolution of
industrial structure [43]. The upgrading of industrial structure is an important driving
force for the intensive use of urban land [44]. The upgrading of industrial structure can
promote the comparative advantages of each region, deepen the industrial division of labor,
strengthen the effect of scale economy, thus improving the economic benefits of urban land
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use. Thirdly, the income effect. Technology innovation can promote economic growth.
Rapid economic growth can increase government financial revenue, and then help the
government in improving the quantity and quality of public goods supply, thus improving
the level of public welfare. Fourthly, there is the substitution effect. It refers to the changes in
the relative inputs of various production factors caused by technology innovation. Different
proportions of energy factors and non-energy factors can achieve a certain level of output.
Technology innovation enables units of non-energy production factors to replace more
energy production factors, which reduces the emission of pollutants [45]. The ecological
benefits of land use are improved.
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Hypothesis 1. Technology innovation can improve the level of ULIU through the agglomeration
effect, structure effect, income effect and substitution effect.

From the perspective of spatial spillover effect, the change of ULIU level in a region
affects the ULIU level in geographically or economically similar regions mainly through the
following two aspects: One is the demonstration effect. In order to promote the intensive
use of land, local governments make innovations in land supply conditions, idle land
management and other related land systems, which absorb more production factors for the
region and improve land income. Taking it as a model, other governments can formulate
and improve relevant land policies based on their own actual conditions. In addition, cities
with a high level of ULIU can promote the intensive use of urban land in surrounding
cities through knowledge spillovers, technology diffusion and talent transfer. Therefore,
Hypothesis 2 is proposed in this paper.

Hypothesis 2. ULIU has a positive spatial spillover effect.

Regarding regional differences, the geographical location, transportation infrastruc-
ture level and relevant national support policies of different regions affect the level of
technology innovation [46]. Various technological innovation levels in different regions
have different impacts on ULIU. Regarding natural resource endowment differences, the
theory of resource curse points out that excessive dependence on natural resources can
affect the technology progress of a region. Therefore, cities with different resource abun-
dance have different levels of technological innovation, which have different impacts on
ULIU. Regarding technological differences, general technology innovation refers to the
technology innovation that achieves economic output under the condition of producing



Sustainability 2023, 15, 3801 5 of 23

certain pollutants. Green technology innovation refers to the technology innovation that
achieves higher economic output with lower pollutant emission. Compared with the gen-
eral technological innovation, it not only has the characteristics of improving production
efficiency and increasing income, but can also save resources and improve environmental
quality. Therefore, Hypothesis 3 is proposed in this paper.

Hypothesis 3. The impact of technology innovation in different regions, different types of cities
and different types of technologies on ULIU is heterogeneous.

4. Study Area, Research Methods and Variable Selection
4.1. Study Area

The study area of this paper covers 284 cities in China (excluding Hong Kong, Macao,
Tibet, Taiwan and Hainan). Figure 2 shows the geographic distribution of 284 cities.
284 cities cover the eastern, central and western regions. These cities have different eco-
nomic, social and urban characteristics. There are two main reasons why this study takes
prefecture-level cities as the research object. Firstly, compared with provincial regions,
prefecture-level cities can better reflect the economic and social development gap between
regions. Secondly, compared with county-level regions, prefecture-level cities have more
comprehensive statistical index data, which provides a basis for empirical analysis.
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4.2. Model Construction
4.2.1. STIRPAT Model

In order to verify the above research hypotheses, this paper uses the STIRPAT model [47]
to investigate the impact of technology innovation on ULIU. The standard STIRPAT model
is as follows:

I = aPθ1 Aθ2Tθ3e (1)

where, I represents the environmental impact. Because land use is an important part of
the environmental impact, this variable is expressed as urban land intensive use in this
paper. T represents technological progress, where it represents the level of technological
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innovation; P is population size; A is per capita wealth; a is a constant term; e is the error
term. Taking the logarithm of both sides of Equation (1):

ln I = A0 + θ1 ln P + θ2 ln A + θ3 ln T + ε (2)

Extending the original STIRPAT model:

ln ULIUit = η1 ln TIit + η2 ln WEAit + η3 ln PEOit + η4 ln INVit + η5 ln FINit + η6 ln OPENit + εit (3)

Among them, ULIU is the explained variable of urban land intensive use; TI is the
explanatory variable of technology innovation; WEA, PEO, INV, FIN and OPEN are the
control variables of per capita wealth, population density, investment, financial scale and
degree of openness; εit is the random error term.

4.2.2. Spatial Econometric Model

It is common for innovation factors such as technology and talent to move across
regions [48]. The knowledge and technology spillover effects caused by technological
progress in a certain region may have an impact on the spatially related regions. Consider-
ing the spatial interaction of ULIU among regions, the spatial econometric model is used in
this paper. The formula is as follows:

Spatial autoregressive model (SAR):

ln ULIUit = α1

n

∑
j=1

Wij ln ULIUit + α2 ln TIit + α3 ln WEAit + α4 ln PEOit + α5 ln INVit + α6 ln FINit + α7 ln OPENit + εit (4)

Spatial error model (SEM):

ln ULIUit = β1 ln TIit + β2 ln WEAit + β3 ln PEOit + β4 ln INVit + β5 ln FINit + β6 ln OPENit + εit

εit = δ
n
∑

j=1
Wijεit + νit

(5)

where α1 and δ are the coefficients of the spatial lag term of the explained variable and the error term,
respectively; Wij is the spatial weight matrix. This paper chooses the geographical distance weight
matrix (W1) and the economic distance weight matrix (W2) as the spatial weight matrix. The formula
is as follows:

W1 =

{
1/dij i f i 6= j
0 i f i = j

(6)

W2 =

1/(GDPi − GDPj

)
i f i 6= j

0 i f i = j
(7)

Among them, dij in W1 represents the geographical distance between city i and city j; The GDPi

and GDPj in W2 represent the per capita GDP of city i and city j, respectively.

4.3. Variable Selection
4.3.1. Explained Variable

Urban land intensive use (ULIU): The entropy method is used to measure the ULIU level.
According to the existing research, this study constructs the comprehensive evaluation index system
of ULIU in China based on four aspects: the input-output level of economic efficiency, the carrying
capacity of the ecological environment, the harmony of the man-land relationship and the rationality
of regional relationships (Table 1). The input-output level of economic efficiency is generally expressed
by GDP per unit of land, industrial output value per land and retail sales of social consumer
goods per unit of land. As for the carrying capacity of ecological environment, this study uses
the per-capita road area and construction land area to express it. With regard to the integration of
man-land relationship, the paper selects green land coverage rate, per-capita industrial wastewater
emissions, per-capita solid industrial waste emissions and industrial SO2 emissions to characterize
its compatibility. Regarding the rationality of regional association, this study selects the number of
full-time teachers per 10,000 people, buses per 10,000 people, doctors per 10,000 people and library
stock per 10,000 people to represent its rationality. These indicators are classified as the economic,
social and ecological benefits of urban land use.
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Table 1. Evaluation index system of ULIU.

Index Formula Annotation

Economic benefits of
urban land use

GDP per unit of land GDP/urban construction
land area Input-output level

Industrial output per unit of land Industrial output/urban
construction land area

Capita retail sales of consumer
goods per unit of land

Retail sales of consumer
goods/urban construction

land area

Per-capita road area Urban road area/total
urban population Load carrying capacity

Per-capita construction land area Urban construction land
area/total urban population

Social benefits of urban land use

The number of full-time teachers
per 10,000 people

The number of full-time
teachers/total urban population

The relationship between regionsThe number of buses
per 10,000 people

The number of buses/total
urban population

The number of doctors
per 10,000 people

The number of doctors/total
urban population

Library stock per 10,000 people Library stock/total
urban population

Ecological benefits of
urban land use

Green space coverage in
built-up area

The green area of the urban
area/area of built-up area

The relationship between
man and land

Per-capita public green space Public green space/total
urban population

Discharge of industrial
wastewater per unit of land

Discharge of industrial
wastewater/urban construction

land area

Solid industrial waste gas
emissions per unit of land

Solid industrial waste gas
emissions/urban construction

land area
Industrial SO2 emissions

per unit of land
Industrial SO2 emissions/urban

construction land area

4.3.2. Core Explanatory Variable
Technology innovation (TI): Patents are closely related to technology innovation [49]. However,

patent licensing has a certain time lag, which cannot reflect the technology innovation activities
in a timely manner [50]. Therefore, this paper selects the number of patent applications as the
measurement index of technology innovation.

4.3.3. Control Variables
Wealth per capita (WEA): Wealth is an important indicator for measuring the economic de-

velopment level in a region. The more wealth per capita, the higher the level of regional economic
development. The rapid economic development may lead to an increase in demand for urban con-
struction land. Arable land is occupied [51]. The economic and ecological benefits of land use decline.
This paper selects the average annual real wage level of employees to represent the per capita wealth.

Population density (PEO): Population density is an important social factor controlling changes
in the level of ULIU [52]. The increase of population density can produce a population agglomeration
effect, bringing a bigger labor force and technology and other production factors into the city, which
brings scale economy to the development of the city and improves the level of ULIU. In this study,
the number of people per unit area was chosen to represent the population density.

Investment (INV): As a part of national income, the increase in investment is conducive to
consolidating the foundation for economic growth [53]. According to Keynesian theory, increasing
investment can increase income and employment, which is the multiplier effect. The formula for
calculating the multiplier K is: K = ∆Y/∆I = ∆Y/(∆Y − ∆C) = 1/(1− ∆C/∆Y) = 1/(1− b).
Among them, ∆I is the change in investment; ∆Y is the change in income; ∆C is the change in
consumption; and b is the marginal propensity to consume. In general, 0 < b < 1, so the investment
multiplier K is always greater than 1. The multiplier effect makes the economic income increase
exponentially. The increase of income makes more capital flow into the factor market of production
and the increase of economic output, which increases the economic benefit of land use. In this study,
the fixed asset investment of the whole society was selected to represent the investment.

Financial scale (FIN): The expansion of financial scale can enable enterprises to obtain more
financial support, which improves their production efficiency and energy use efficiency [54], thus
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improving the ULIU level. In this study, the total deposit of financial institutions per capita was
chosen to represent the financial scale.

Degree of openness (OPEN): Regions with a high degree of openness can share the spillover
fruits of knowledge and technology to a greater extent. The vitality of the land market can be
stimulated [55]. The actual amount of foreign capital per unit of land was used in this study to
express the degree of openness.

Industrial structure (INS): The optimization of industrial structure can generate new land
demand, which leads to changes in land quantity and the upgrading of land use structure, thus
improving ULIU [56]. This study selected the proportion of output value of secondary and tertiary
industries in GDP to represent this.

Government intervention degree (GOV): Excessive government intervention in the economy
and society is not conducive to the operation of the market, which can inhibit the allocation and
utilization of land resources. Simultaneously, excessive government intervention also contributes to
the convenience of the development of polluting industries, increases the emission of pollutants and
reduces the ULIU. The proportion of fiscal expenditure in GDP was used to represent this.

Urbanization level (URB): The increase of urbanization level improves productivity through
the concentration of resources [57]. In addition, the accompanying pollutant discharge also has a
negative effect on ULIU. In this study, the proportion of the population of the municipal district in
the population of the whole city was used to represent this.

4.3.4. Data Sources and Descriptive Statistics
This paper selects panel data of 284 cities from 2006 to 2019 as research samples. All data were

obtained from China Urban Construction Statistical Yearbook, China Urban Statistical Yearbook and
National Bureau of Statistics. In order to eliminate the heteroscedasticity, in this study, logarithmic
processing was carried out on each variable. Descriptive statistics and correlation matrices of variables
are shown in Tables 2 and 3, respectively.

Table 2. Descriptive statistics of variables.

Variable Meaning Obs Mean Std.Dev Min Max

lnULIU Urban land intensive use 3976 1.961 0.446 0.250 3.630
lnTI Technology innovation 3976 7.059 1.813 1.386 12.387

lnWEA Per capita wealth 3976 9.820 0.237 8.795 12.111
lnPEO Population density 3976 6.437 0.941 2.522 9.345
lnINV Investment 3976 14.812 1.242 10.581 19.076
lnFIN Financial scale 3976 10.405 0.756 8.245 13.309

lnOPEN Degree of openness 3976 6.532 1.564 −1.931 10.507
lnINS Industrial structure 3976 4.531 0.085 3.722 4.908

lnGOV Government intervention degree 3976 2.841 0.559 1.449 6.403
lnURB Urbanization level 3976 3.892 0.316 2.726 4.605

Table 3. Correlation matrix of variables.

lnULIU lnTI lnWEA lnPEO lnASS lnFIN lnFDI lnINS lnGOV lnURB

lnULIU 1
lnTI 0.590 1

lnWEA 0.494 0.550 1
lnPEO 0.300 0.435 0.127 1
lnASS 0.558 0.726 0.493 0.371 1
lnFIN 0.736 0.616 0.651 0.306 0.556 1
lnFDI 0.436 0.488 0.303 0.378 0.517 0.431 1
lnINS 0.563 0.354 0.353 0.383 0.373 0.569 0.302 1

lnGOV −0.335 −0.180 −0.135 −0.383 −0.211 −0.308 −0.314 −0.284 1
lnURB 0.602 0.606 0.505 0.149 0.623 0.630 0.387 0.407 −0.252 1

5. Results
5.1. Spatial and Temporal Characteristics of ULIU Level and Technology Innovation in China

In terms of ULIU, except for 2007, ULIU is on the rise, reaching a peak in 2019. According
to the 11th Five-Year Plan issued at the end of 2005, the red line between the quantity and quality
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of cultivated land should be strictly observed and the structure of incremental land use should be
optimized. This policy has a great impetus for the improvement of ULIU level. In terms of space,
there are obvious spatial differences in ULIU. The level of ULIU in the eastern region was significantly
higher than that in the central and western regions, with an average of 0.0786 (Figure 3a). In terms of
TI, the level of technology innovation showed an upward trend year by year and reached its peak
in 2019 (Figure 3b). From the perspective of space, the level of technology innovation in the eastern
region is always higher than that in the central and western regions. Compared with the central
and western regions, the technology innovation in the eastern region starts earlier and the relevant
policies are more sophisticated.

1 
 

 

Figure 3. Average ULIU and TI of 284 cities from 2006 to 2019: (a) ULIU; (b) TI.

The city which ranks first in ULIU is Shenzhen, with the average value of ULIU reaching 0.286
from 2006 to 2019 (Figure 4a). This benefited from the rapid economic development of Shenzhen and
the introduction of the relevant land system. Moreover, except for Ordos and Karamay, the rest of the
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Figure 5 shows the spatial distribution of ULIU and TI in 284 cities in China in 2006, 2010, 2014
and 2019. ULIU and TI in most cities has been improved. In 2019, the number of cities with ULIU
index between 0.09 and 0.38 reached 120, an increase of 67 cities compared with 2006. In 2019, the
number of cities with patent applications ranging from 9691 to 239,892 reached 71, an increase of
67 cities compared with 2006.

1 
 

Figure 5. Cont.
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Figure 5. Spatial distribution of ULIU and TI: (a) Spatial distribution of ULIU in 2006; (b) Spatial
distribution of ULIU in 2010; (c) Spatial distribution of ULIU in 2014; (d) Spatial distribution of
ULIU in 2019; (e) Spatial distribution of TI in 2006; (f) Spatial distribution of TI in 2010; (g) Spatial
distribution of TI in 2014; (h) Spatial distribution of TI in 2019.

5.2. Estimation Results of the Benchmark Model
Table 4 shows the estimation results without considering spatial factors. Columns (1) to (5)

show the estimation results of OLS, the region fixed effects model, the time fixed effects model, the
time and region dual fixed effects model and the random effects model, respectively.

The results show that the time and region dual fixed effects model is the best model. With
regard to the core explanatory variable, the development of technology innovation can significantly
improve the level of ULIU in China without considering spatial factors. With regard to the control
variables, the increase of per capita wealth and excessive government intervention can inhibit the
improvement of ULIU level. The regression coefficients of population density, investment, financial
scale, industrial structure and the degree of openness are all significantly positive, indicating that the
increase of population density, investment, financial scale, the upgrade of industrial structure and
expansion of the degree of openness have a positive impact on ULIU.
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Table 4. Estimation results of the benchmark model.

(1) (2) (3) (4) (5)

lnTI 0.0245 *** 0.0485 *** −0.0004 0.0141 ** 0.0393 ***
(0.0040) (0.0052) (0.0042) (0.0068) (0.0047)

lnWEA −0.252 *** −0.0104 −0.258 *** −0.0356 −0.0464 **
(0.0212) (0.0246) (0.0205) (0.0240) (0.0233)

lnPEO −0.0273 *** 0.0184 * −0.0208 *** 0.0360 *** 0.00161
(0.0050) (0.0111) (0.0048) (0.0106) (0.0080)

lnINV 0.0205 *** 0.0162 *** 0.0109 ** 0.0130 ** 0.0162 ***
(0.0055) (0.0061) (0.0054) (0.0062) (0.0059)

lnFIN 0.418 *** 0.320 *** 0.447 *** 0.342 *** 0.356 ***
(0.0081) (0.0135) (0.0081) (0.0134) (0.0111)

lnOPEN 0.0099 *** 0.0063 ** 0.0163 *** 0.0137 *** 0.0062 **
(0.0028) (0.0028) (0.0027) (0.0027) (0.0027)

lnINS 0.627 *** 0.0842 0.544 *** 0.143 ** 0.185 ***
(0.0546) (0.0662) (0.0528) (0.0634) (0.0624)

lnGOV −0.0538 *** −0.0235 *** −0.137 *** −0.0464 *** −0.0317 ***
(0.0074) (0.0088) (0.0103) (0.0126) (0.0078)

lnURB 0.0800 *** 0.0116 0.0264 −0.0299 0.0727 ***
(0.0170) (0.0335) (0.0167) (0.0322) (0.0270)

Constant −3.279 *** −2.365 *** −2.467 *** −2.207 *** −2.884 ***
(0.275) (0.349) (0.272) (0.342) (0.316)

F test 15.85 *** 16.37 *** 3195.50 ***
Hausman test 89.24 *** 38.55 ** 88.64 ***

LM test 5766.25 ***
Year test 27.44 ***

R2 0.740 0.329 0.751 0.399 0.326
N 3976 3976 3976 3976 3976

Notes: Standard errors in parentheses; *** p < 0.01, ** p < 0.05, * p < 0.1. Same in the remaining tables.

Panel data may have a spatial correlation. Due to the negligence of spatial correlation, the
estimation results of traditional econometric models may have a certain bias [58]. Therefore, the
spatial econometric model is used.

5.3. Spatial Autocorrelation Test
5.3.1. Global Moran’s I

The Moran’s I fluctuates between 0.048–0.081 and 0.411–0.498 under W1 and W2, respectively,
indicating that ULIU has a stable spatial correlation (Table 5).

Table 5. Global Moran’s I.

W1 Z Value W2 Z Value

2006 0.081 *** 16.414 0.419 *** 14.015
2007 0.061 *** 12.448 0.498 *** 16.573
2008 0.059 *** 12.174 0.438 *** 14.574
2009 0.065 *** 13.284 0.421 *** 14.107
2010 0.063 *** 12.924 0.411 *** 13.691
2011 0.061 *** 12.600 0.482 *** 16.061
2012 0.058 *** 11.945 0.481 *** 16.013
2013 0.062 *** 12.689 0.462 *** 15.377
2014 0.056 *** 11.572 0.457 *** 15.211
2015 0.048 *** 9.906 0.437 *** 14.536
2016 0.055 *** 11.324 0.421 *** 14.027
2017 0.058 *** 12.021 0.427 *** 14.218
2018 0.059 *** 12.116 0.433 *** 14.425
2019 0.053 *** 10.984 0.425 *** 14.157

*** p < 0.01.
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5.3.2. Local Moran’s I
The Global Moran index cannot reflect the correlation between cities. Therefore, four Moran

scatter plots were drawn to reflect the spatial agglomeration characteristics of ULIU in 2006, 2010,
2014 and 2019, respectively. Figures 6 and 7 shows that ULIU has a positive spatial correlation.
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5.4. Estimation Results of Spatial Econometric Model
5.4.1. Full Sample Analysis

An appropriate spatial econometric model should be selected. Table 6 shows the estimation
results of the spatial correlation test for the time and region dual fixed effects model. The LM-sar
values under W1 and W2 are 12.254 and 20.366, respectively, which both pass the 1% significance
level. The LM-err values under W1 and W2 are 5.19 and 12.141, respectively, which also pass the
1% significance level. This fully shows that there is a spatial correlation of dependent variables. In
addition, the statistic of LM-sar is larger than that of LM-err, indicating that SAR model is the better
choice for spatial econometric model. To check the robustness of the conclusions, we also report the
estimation results of SEM.
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Table 6. Estimation results of spatial correlation tests for region and time dual fixed effects model.

W1 W2
(1) (2)

LM-sar 12.254 *** 20.366 ***
Robust LM-sar 18.522 *** 18.091 ***

LM-err 5.190 * 12.141 ***
Robust LM-err 12.051 *** 8.267 ***

*** p < 0.01, * p < 0.1.

As shown in Table 7, the regression coefficients of lnTI under W1 and W2 are 0.0127 and 0.0137,
respectively, indicating that technology innovation significantly promotes the improvement of ULIU.
For every 1% increase in the level of technology innovation, the level of ULIU increases by 0.013%
and 0.014%, respectively, which is in line with hypothesis 1.

Regarding the spatial spillover effect of ULIU, the regression coefficients of the spatial lag term
of ULIU under W1 and W2 are 0.270 (p < 0.01) and 0.094 (p < 0.01), respectively, indicating that ULIU
has a positive spatial spillover effect. The improvement of ULIU level in one region can promote the
improvement of ULIU level in geographically or economically close regions.
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Table 7. Estimation results of the spatial econometric model.

W1 W2
(1) (2) (3) (4)

SAR SEM SAR SEM

lnTI 0.0127 * 0.0115 * 0.0137 ** 0.0138 **
(0.0065) (0.0068) (0.0065) (0.0065)

lnWEA −0.0343 −0.0360 −0.0355 −0.0293
(0.0231) (0.0231) (0.0230) (0.0231)

lnPEO 0.0350 *** 0.0335 *** 0.0351 *** 0.0362 ***
(0.0102) (0.0102) (0.0101) (0.0101)

lnINV 0.0121 ** 0.0110 * 0.0127 ** 0.0129 **
(0.0060) (0.0061) (0.0060) (0.0060)

lnFIN 0.343 *** 0.347 *** 0.342 *** 0.344 ***
(0.0129) (0.0130) (0.0129) (0.0129)

lnOPEN 0.0136 *** 0.0138 *** 0.0139 *** 0.0144 ***
(0.0026) (0.0026) (0.0026) (0.0026)

lnINS 0.144 ** 0.149 ** 0.142 ** 0.154 **
(0.0608) (0.0610) (0.0607) (0.0608)

lnGOV −0.0439 *** −0.0422 *** −0.0475 *** −0.0475 ***
(0.0121) (0.0123) (0.0121) (0.0122)

lnURB −0.0355 −0.0294 −0.0332 −0.0264
(0.0309) (0.0315) (0.0308) (0.0310)

Spatial rho 0.270 ** 0.0943 ***
(0.120) (0.0271)

Spatial lambda 0.411 *** 0.128 ***
(0.110) (0.0281)

Hausman test 25.21 *** 22.30 *** 114.36 *** 102.15 ***
Time fixed effect Yes Yes Yes Yes
City fixed effect Yes Yes Yes Yes

R2 0.711 0.713 0.719 0.711
N 3976 3976 3976 3976

*** p < 0.01, ** p < 0.05, * p < 0.1.

Regarding the control variables, the increase of per-capita wealth is not conducive to the
improvement of ULIU level. The increase of per-capita wealth in a region often represents the
improvement of region economic development level. Most of the economic growth in economically
developed regions such as Shanghai, Nanjing and Hangzhou come from land finance and real estate
income. The phenomenon of idle and waste of land resources is serious, resulting in the decrease
in the input-output efficiency of land. Meanwhile, the occupation of cultivated land reduces the
ecological benefits of land use. The level of ULIU decreases. An increase in population density can
produce the population agglomeration effect. A bigger labor force, and more technology and other
production factors flow into cities, which bring economies of scale to the development of cities and
improves the economic benefits of land use. In addition, the increase in population density can put
forward higher requirements for infrastructure construction, which improves the social benefits of
land use. The increase in investment makes the economic output of unit land multiply through
the multiplier effect. The economic benefit of land use increases. The expansion of financial scale
can improve the level of ULIU. From the perspective of enterprises, a perfect securities market can
encourage enterprises to invest in environmental protection, thus reducing environmental pollution.
From the perspective of financial institutions, the implementation of green credit policies can promote
the flow of corporate resources to environmentally friendly projects, thereby reducing environmental
pollution. The reduction of environmental pollution is helpful to improve the ecological benefits
of land use, thus improving ULIU level. The improvement of the degree of openness can improve
ULIU level. With the increasingly strict requirements of urban development, the threshold of foreign
investment has gradually raised. The purpose of investment is the quality of economic development
rather than the quantity. In this case, the improvement of the degree of openness can reduce the
emission of pollutants, which improves the benefits of land use. The upgrade of industrial structure
makes production resources flow to higher gradient industries and improve the ULIU level. Excessive
government intervention not only reduces the economic benefit of land use by restricting the free
flow of resources, but also reduces the ecological benefit of land use by promoting the development of
polluting industries. The improvement of urbanization level enhances production efficiency through
the accumulation of resources. However, the improvement of urbanization level also leads to the
increase in residential land, which crowds out green land and reduces the ecological benefits of land
use. Therefore, the impact of urbanization level on ULIU is not significant.
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5.4.2. Robustness Test
(1) Replace the core explanatory variables
In terms of the selection of core explanatory variables, because there are certain limitations in

taking the number of patent applications as an indicator of technology innovation, in this study, the
urban innovation and entrepreneurship index released by the Enterprise Big Data Research Center of
Peking University was taken as the measurement indicator of technology innovation. The estimation
results are shown in column (1) and column (3) of Table 8. The impact of technology innovation on
ULIU is still significantly positive, which indicates that the estimation results are robust.

(2) Replace the explained variables
In terms of the selection of explained variables, ULIU is replaced by urban land green use

efficiency, which is measured by the Malmquist index based on DDF super-efficiency model. Among
them, the input includes capital, labor and land of each city in China, and the output includes GDP
of each city (expected output) and industrial waste emissions of each city (unexpected output). The
estimation results are shown in column (2) and column (4) of Table 8. Technology innovation also has
a positive impact on urban land green use efficiency.

Table 8. Estimation results of robustness test.

W1 W2
(1) (2) (3) (4)

lnTI 0.0583 *** 0.0312 *** 0.0589 *** 0.0310 ***
(0.0064) (0.0070) (0.0063) (0.0071)

lnWEA −0.0287 0.0441 * −0.0295 0.0409
(0.0229) (0.0249) (0.0228) (0.0250)

lnPEO 0.0255 ** −0.0663 *** 0.0253 ** −0.0688 ***
(0.0101) (0.0110) (0.0101) (0.0110)

lnINV 0.0102 * −0.0550 *** 0.0106 * −0.0546 ***
(0.0059) (0.0064) (0.0059) (0.0065)

lnFIN 0.303 *** −0.0295 ** 0.302 *** −0.0277 **
(0.0135) (0.0139) (0.0135) (0.0140)

lnOPEN 0.0131 *** 0.00304 0.0135 *** 0.0028
(0.0026) (0.0028) (0.0026) (0.0028)

lnINS 0.124 ** 0.965 *** 0.122 ** 0.979 ***
(0.0602) (0.0657) (0.0602) (0.0658)

lnGOV −0.0453 *** −0.0628 *** −0.0480 *** −0.0647 ***
(0.0120) (0.0130) (0.0119) (0.0131)

lnURB −0.0682 ** 0.0262 −0.0672 ** 0.0339
(0.0304) (0.0333) (0.0303) (0.0334)

Spatial rho 0.1874 0.4835 *** 0.0921 *** 0.0192
(0.1245) (0.0967) (0.0270) (0.0311)

Hausman test 58.65 *** 67.97 *** 101.55 *** 202.34 ***
Time fixed effect Yes Yes Yes Yes
City fixed effect Yes Yes Yes Yes

R2 0.719 0.249 0.732 0.404
N 3976 3976 3976 3976

*** p < 0.01, ** p < 0.05, * p < 0.1.

5.4.3. Heterogeneity Analysis
(1) The impact of technology innovation in different regions on ULIU
There are significant differences between different regions in China in terms of economic

development level and urban innovation environment. Therefore, dividing 284 cities in China into
eastern, central and western regions according to the economic scale and geographical location, this
paper discusses the differential impact of technology innovation in different regions on ULIU.

As can be seen in Table 9, the facilitating effect of technology innovation on ULIU is mainly
reflected in the eastern region. The facilitating effect of technology innovation on ULIU in the central
region is much lower than that in the eastern region. However, there is a negative correlation between
technology innovation and ULIU in western China.
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Table 9. Heterogeneity analysis (Geographical distribution).

W1 W2
Eastern Region Central Region Western Region Eastern Region Central Region Western Region

lnTI 0.0293 ** 0.0033 −0.0042 0.0300 ** 0.0033 −0.0040
(0.0122) (0.0090) (0.0141) (0.0123) (0.0089) (0.0141)

lnWEA 0.0457 −0.0121 −0.101 ** 0.0412 −0.0151 −0.0986 **
(0.0450) (0.0322) (0.0432) (0.0450) (0.0319) (0.0433)

lnPEO 0.112 *** 0.0314 * −0.0593 *** 0.116 *** 0.0316 * −0.0596 ***
(0.0147) (0.0178) (0.0219) (0.0146) (0.0177) (0.0220)

lnINV 0.0316 *** 0.0321 *** −0.0188 0.0346 *** 0.0318 *** −0.0174
(0.0105) (0.0096) (0.0115) (0.0104) (0.0095) (0.0115)

lnFIN 0.282 *** 0.436 *** 0.320 *** 0.280 *** 0.437 *** 0.322 ***
(0.0207) (0.0234) (0.0248) (0.0207) (0.0233) (0.0249)

lnOPEN 0.0236 *** −0.0022 0.0204 *** 0.0234 *** −0.0020 0.0206 ***
(0.0047) (0.0040) (0.0050) (0.0047) (0.0040) (0.0050)

lnINS 0.129 −0.0677 0.306 *** 0.139 −0.0799 0.317 ***
(0.0844) (0.128) (0.115) (0.0846) (0.127) (0.115)

lnGOV −0.0185 −0.0187 −0.0757 *** −0.0205 −0.0209 −0.0718 ***
(0.0194) (0.0169) (0.0278) (0.0195) (0.0169) (0.0278)

lnURB −0.155 ** −0.0085 −0.0941 −0.162 ** −0.0109 −0.0966
(0.0663) (0.0424) (0.0611) (0.0664) (0.0417) (0.0613)

Spatial rho 0.274 *** −0.0136 −0.403 ** 0.0527 0.0878 ** 0.0533
(0.103) (0.139) (0.180) (0.0431) (0.0386) (0.0430)

Time fixed effect Yes Yes Yes Yes Yes Yes
City fixed effect Yes Yes Yes Yes Yes Yes

R2 0.652 0.650 0.657 0.654 0.665 0.661
N 1400 1400 1176 1400 1400 1176

*** p < 0.01, ** p < 0.05, * p < 0.1.

(2) The impact of technological innovation in different types of urban on ULIU
It can be seen from Table 10 that technology innovation in non-resource-based cities has a

positive impact on ULIU. Compared with non-resource-based cities, the marginal effect of technology
innovation in resource-based cities on ULIU is greater.

Table 10. Heterogeneity analysis (Natural resource endowment).

W1 W2
Resource-Based Cities Non-Resource-Based Cities Resource-Based Cities Non-Resource-Based Cities

lnTI1 0.0887 *** 0.0294 *** 0.0980 *** 0.0291 ***
(0.0097) (0.0085) (0.0097) (0.0085)

lnWEA −0.1070 *** −0.0075 −0.102 *** −0.0116
(0.0383) (0.0283) (0.0385) (0.0282)

lnPEO 0.0415 *** 0.0495 *** 0.0419 *** 0.0499 ***
(0.0157) (0.0134) (0.0158) (0.0133)

lnINV 0.0267 *** 0.00527 0.0249 ** 0.00595
(0.0098) (0.0072) (0.0098) (0.0071)

lnFIN 0.4120 *** 0.2970 *** 0.4120 *** 0.2940 ***
(0.0226) (0.0156) (0.0227) (0.0155)

lnOPEN 0.0214 *** 0.0086 ** 0.0213 *** 0.0090 ***
(0.0040) (0.0034) (0.0045) (0.0034)

lnINS 0.2100 0.1320 ** 0.2230 * 0.1230 *
(0.128) (0.0664) (0.129) (0.0661)

lnGOV 0.0129 * 0.0049 0.0133 * 0.0049
(0.0073) (0.0059) (0.0073) (0.0059)

lnURB 0.0256 * −0.0182 * 0.0241 * −0.0192 *
(0.0141) (0.0101) (0.0142) (0.0100)

Spatial rho −0.4230 *** 0.2840 ** −0.0381 0.1700 ***
(0.163) (0.115) (0.0452) (0.0348)

Time fixed effect Yes Yes Yes Yes
City fixed effect Yes Yes Yes Yes

R2 0.600 0.742 0.590 0.758
N 1582 2394 1582 2394

*** p < 0.01, ** p < 0.05, * p < 0.1.
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(3) The impact of different types of technology innovation on ULIU
Different types of technology innovation may have a heterogeneous impact on ULIU. Dividing

technology innovation into general technology innovation and green technology innovation, this
paper further discusses the impact of different types of technology innovation on ULIU.

Compared with general technology innovation, green technology innovation has a greater
facilitating effect on ULIU (Table 11).

Table 11. Heterogeneity analysis (Technological type).

W1 W2
General Technology

Innovation
Green Technology

Innovation
General Technology

Innovation
Green Technology

Innovation

lnTI1 0.0119 * 0.0128 **
(0.0064) (0.0063)

lnTI2 0.0126 ** 0.0135 **
(0.0055) (0.0054)

lnWEA −0.0343 −0.0343 −0.0355 −0.0355
(0.0231) (0.0231) (0.0230) (0.0230)

lnPEO 0.0351 *** 0.0352 *** 0.0351 *** 0.0353 ***
(0.0102) (0.0102) (0.0101) (0.0101)

lnINV 0.0121 ** 0.0126 ** 0.0127 ** 0.0132 **
(0.0060) (0.0059) (0.0060) (0.0059)

lnFIN 0.343 *** 0.344 *** 0.342 *** 0.343 ***
(0.0129) (0.0129) (0.0129) (0.0129)

lnOPEN 0.0136 *** 0.0137 *** 0.0139 *** 0.0141 ***
(0.0026) (0.0026) (0.0026) (0.0026)

lnINS 0.144 ** 0.144 ** 0.141 ** 0.142 **
(0.0608) (0.0608) (0.0607) (0.0607)

lnGOV −0.0442 *** −0.0428 *** −0.0477 *** −0.0463 ***
(0.0121) (0.0121) (0.0121) (0.0121)

lnURB −0.0350 −0.0347 −0.0326 −0.0322
(0.0309) (0.0307) (0.0308) (0.0306)

Spatial rho 0.271 ** 0.271 ** 0.0942 *** 0.0953 ***
(0.120) (0.120) (0.0271) (0.0271)

Time fixed effect Yes Yes Yes Yes
City fixed effect Yes Yes Yes Yes

R2 0.710 0.712 0.719 0.721
N 3976 3976 3976 3976

*** p < 0.01, ** p < 0.05, * p < 0.1.

6. Discussion
Technology innovation can promote ULIU. Firstly, technology innovation can accelerate the

flow of production factors such as capital and talent to areas with a high added value. The scale
effect of economy and the correlation effect of industry are realized. The economic benefits of
land use can be improved. Secondly, technology innovation makes the proportion of high-service
and high-technology industries increase, which can improve the economic benefits of land use.
Thirdly, technology innovation can promote economic growth. The government financial expenditure
increases, which brings social benefits of land use. Fourthly, technology innovation can reduce the
proportion of energy factors and environmental pollution. The environmental benefits of land use
can be improved. Du et al. [30] analyzed the impact of land pricing system on ULIU. Gong et al. [25]
analyzed the relationship between industrial agglomeration and ULIU. Zeng et al. [26] explored the
influence of transportation network on ULIU. However, no scholars have analyzed the impact of
technological innovation on ULIU and its mechanism from the perspective of innovation.

Taking input and output per unit of land area as evaluation criteria, some regions construct an
evaluation system for the benefit of industrial enterprises. The evaluation system fully reflects the
facilitating effect of technology innovation on ULIU. Specifically, it can promote resource factors to
gather to innovative enterprises through positive incentives and reverse forces, which will improve
the output of regional unit land area and promote the intensive use of urban land. Taking Shaoxing
as an example, in 2017, Shaoxing added the ratio of R&D expenditure to the main business income
and full labor productivity to the evaluation system to guide enterprises to strengthen innovation in
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the areas of technology, management and manufacturing. With the improvement of the evaluation
system, the number of innovative enterprises in Shaoxing has increased substantially. In 2021,
12 enterprises in Shaoxing were selected as the top 100 enterprises with high innovation ability in
Zhejiang Province. The number of selected enterprises ranks the third in Zhejiang Province. The
increase of innovative enterprises promotes the intensive use of land resources in Shaoxing.

ULIU has a significant positive spatial spillover effect. On the one hand, the improvement of
ULIU level in one region has a demonstration effect on regions that are geographically or economically
close. When the level of ULIU in the region is improved, governments in regions with similar
geographical or economic geography will take it as a model to learn from, and formulate and
improve relevant land policies based on their own conditions. Anhui Province selected 30 typical
and exemplary cases from the three aspects of innovating land saving mode, transforming inefficient
land use and improving technical methods. These cases provide a reference for the efficient use
of land in surrounding areas. In 2018, the decline rate of construction land consumption per unit
of GDP in Anhui Province ranks first in China. The level of ULIU increases significantly in Anhui
Province. On the other hand, technological spillover effects in geographically or economically similar
regions also promote the improvement of ULIU level in the region, which indicates that cooperation
and exchange between cities are essential for the improvement of ULIU. At present, the common
panel model and Tobit model are widely used in ULIU-related studies [40,41]. These models ignore
the spatial spillover effect of ULIU and cannot accurately estimate the marginal effect of various
influencing factors on ULIU. In the estimation results of benchmark model, the estimated coefficient of
technological innovation is 0.0141. After considering the spatial spillover effect of ULIU, the estimated
results of technological innovation are 0.0127 and 0.0137, indicating that if the spatial spillover effect
of ULIU is not considered, the impact of technological innovation on ULIU will be overestimated.

The impact of technological innovation on ULIU is heterogeneous. As for regional heterogeneity,
compared with other regions, technology innovation in the eastern region has the greatest facilitating
effect on ULIU. The economic foundation of eastern region is strong, which provides certain financial
support for enterprises to carry out technological innovation activities. If enterprises pay attention to
technological input, their innovation ability continuously improves, thus promoting the improvement
of production efficiency and resource utilization rate. The economic foundation of technology inno-
vation is weak, which cannot significantly improve the utilization efficiency of resources. Regarding
the heterogeneity of natural resource endowment, technological innovation plays a greater role in
promoting ULIU in resource-based cities than in non-resource-based cities. Technology innovation
can expand the comprehensive advantages of resource-based cities and improve the level of ULIU
by optimizing resource allocation. Regarding technological heterogeneity, compared with general
technology innovation, green technology innovation plays a greater role in promoting ULIU. Com-
pared with general technology, green technology cannot only improve production efficiency, but also
save resources and improve ecology. It has triple advantages of improving the economic, social and
ecological benefits of land use. According to statistics, from the beginning of March 2021 to the end
of April 2022, the number of green patent authorization is more than 210,000, which shows that the
green technology innovation vitality of each subject is constantly enhanced. Kuang et al. [13] selected
provincial data as the research object to explore the influencing factors of cultivated land use efficiency.
Liu et al. [59] took Jiangsu Province as the research object and analyzed the impact of land market
on land use. Tu et al. [60] analyzed the role of government intervention in industrial land by taking
Hangzhou as the research object. These studies do not fully capture the differences between cities.

7. Conclusions and Policy Recommendations
7.1. Conclusions

Based on previous studies, this study carried out a theoretical analysis of the relationship
between technology innovation and ULIU in China, and puts forward three research hypotheses. The
results of this study confirm the rationality of these three hypotheses. Specifically, this paper measures
the ULIU level index in China from four aspects: the input-output level of economic efficiency, the
carrying capacity of the ecological environment, the harmony of the man-land relationship and
the rationality of regional relationships. Considering the spatial correlation of ULIU in China, the
spatial econometric model was used to empirically analyze the relationship between technology
innovation and ULIU. The total sample was divided into the eastern, central and western regions,
284 cities were divided into resource-based cities and non-resource-based cities, and technology
innovation was divided into green technology innovation and general technology innovation. The
heterogeneous impact of technology innovation on ULIU was investigated. The main research
conclusions are as follows:
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(1) The level of ULIU and technology innovation in China shows an increasing development
trend year by year. The level of ULIU and technology innovation in eastern China is higher than that
in central and western China.

(2) From the perspective of space, ULIU has a significant positive spatial spillover effect. The
improvement of the level of ULIU in the local region can have a positive impact on the ULIU in the
spatially related areas. The positive spatial spillover effect mainly comes from the demonstration
effect and technology spillover effect.

(3) On the whole, technology innovation significantly improves the level of ULIU. For every
1% increase in the technological innovation level, the level of ULIU increases by 0.013% and 0.014%,
respectively, under the spatial weight matrices W1 and W2.

(4) From the perspective of regional heterogeneity, technology innovation has the greatest
positive impact on ULIU level in the eastern region, followed by the central region, while technology
innovation has an inhibitory impact on ULIU level in the western region. From the perspective
of heterogeneity of natural resource endowment, technology innovation plays a greater role in
improving ULIU level in resource-based cities than in non-resource-based cities. From the perspective
of technological heterogeneity, the positive effect of green technology innovation on ULIU is greater
than that of general technology innovation.

This study provides a new way for scholars to study ULIU. In addition, it is also helpful
for policy makers to formulate policies from the perspective of technology innovation to promote
intensive land use.

7.2. Policy Recommendations
1. Strengthen the radiation and driving role of central cities. This study found that ULIU has

a significant positive spatial spillover effect, which indicates that “one-sided” efforts cannot
achieve the most ideal effect. The central city should give full play to the role of radiation and
drive the promotion of ULIU in surrounding cities. The surrounding cities should learn the
relevant land policies of the central cities according to their own development conditions. Only
through the joint efforts of cities can the linkage promotion of ULIU be promoted.

2. Implement technology innovation policies in light of local conditions. The formulation and im-
plementation of technology innovation policy should consider the regional economic basis and
technology innovation conditions. For the eastern region with a strong economic foundation,
it is necessary to improve the ability of independent innovation and realize the harmonious
development between man and land. The western region should improve the infrastructure
conditions actively to ensure the smooth development of technological innovation activities.

3. Increase the proportion of green technology R&D investment in scientific research investment.
Compared with general technology innovation, green technology innovation plays a greater role
in improving the level of ULIU. Therefore, local governments should increase the proportion
of green technology R&D investment in scientific research investment, and encourage the
development and application of green technology in all regions.

7.3. Outlook
This study not only enriches the application of the spatial econometric model in the field of

land, but also provides a reference for other scholars to analyze the influencing factors of ULIU.
However, this paper only divides technology innovation into green technology innovation and
general technology innovation, and analyzes the impact of the two types of technology innovation
on the heterogeneity of ULIU, without further dividing technology innovation. The in-depth division
of technological innovation can be carried out in future studies.
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