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Abstract: Exploring the coupled coordination and interaction between urban transport superiority
degree (UTSD) and urban land use efficiency (ULUE) is the key to promoting efficient land use in
cities and coordinated development. This paper adopts the improved UTSD model, super-efficiency
slack-based measure–undesirable output model, coupling coordination degree model (CCDM), panel
Granger causality test, random forest model, and the mixed geographically and temporally weighted
regression model to reveal the spatial and temporal evolution and coupling characteristics of UTSD
and ULUE in Gansu from 2005 to 2020 and to validate and explore the interaction mechanism
between UTSD and ULUE. The results show that (1), from 2005 to 2020, the average UTSD in
Gansu increased from 0.56 to 1.01 and the Belt and Road Initiative accelerated the construction of
the transportation network in Gansu. The average ULUE increased from 0.52 to 0.62; the spatial
distribution of ULUE was high in the west and north and low in the east and south. (2) From
2005 to 2020, the average CCDM of UTSD and ULUE in Gansu increased from slightly unbalanced
(0.37) to slightly balanced (0.52). A spatially high UTSD and high ULUE agglomeration area can
be found along the transportation arteries. (3) The UTSD and ULUE were mutually causal, with
the degree of transportation arterial influence degree being the strongest driver of ULUE among
the components of UTSD (30.41% contribution) and tax revenue being the strongest driver of UTSD
among the components of ULUE (15.10% contribution). Overall, the connotation of ULUE puts
forward the demand for improving the transportation infrastructure and, at the same time, provides
the guarantee for UTSD upgrading, which in turn affects the ULUE. In the future, the Xinan region of
Gansu should prioritize planning and construction of a transportation network. The results of this
study can provide a scientific basis for the construction of transportation networks and the efficient
use of urban land in Gansu and other regions.

Keywords: urban land use efficiency; urban transport superiority degree; coupled coordination;
interaction; Gansu

1. Introduction

Transportation networks break down geographical barriers, enhance exchange and
communication among different regions, and greatly expand the space for human develop-
ment [1]. The opening of the ancient Silk Road and the New Road both had a profound
impact on the world [2]. In modern times, waterway transportation has led to a “T”
shape in the focus of China’s territorial development (along the Yangtze River and the
coastline). Cities such as Shijiazhuang, Zhengzhou, and Zhuzhou have flourished as land
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transportation hubs due to the construction of railways. It can be seen that transportation
infrastructure is an important part of regional advantages and an important force in shap-
ing regional development patterns [3,4]. The urban transport superiority degree (UTSD)
was proposed by Professor Jin Fengjun and other professors in 2008 and has since been
widely used by scholars. The UTSD refers to the relative superiority of a city in the regional
transport network. It includes the city’s comprehensive advantages over other cities in
terms of transport accessibility, transport cost, infrastructure level, service efficiency, and
transport hub status [5]. We have adopted the latest methodology to assess UTSD in terms
of “quantity” (the scale of transport infrastructure), “quality” (the capability characteristics
of transport infrastructure), and “situation” (the advantageous status of a single individ-
ual city in the region as a whole). The UTSD can fully reflect the supporting ability and
guarantee levels of transport infrastructure in regard to regional development [6,7].

Land supports human life, and, since the Industrial Revolution, urban land has become
the most concentrated area in terms of human production and life, with human demand
for urban land resources increasing drastically [8]. The rapid expansion of urban land has
become a key concern for scholars, and the ideal coefficient of urban expansion (urban land–
growth rate/urban population–growth rate) proposed by the United Nations Commission
on Sustainable Development is 1.12, while the coefficient of China’s urban expansion over
the past 40 years has been as high as 2.19 [9,10]. Therefore, exploring the input and output
of urban land use and measuring the urban land use efficiency (ULUE) have become the
key scientific issues that can help people improve land use and achieve the maximum
output with the most reasonable input [11]. The ULUE refers to the effects and outcomes
of the arrangement of the quantity, distribution, and use of urban land on the ratio of
inputs to outputs of the city’s economic, social, and cultural activities, as well as on the
urban environment [12]. Efficient land use is defined as land development and utilization
activities that no longer have the potential to enhance anyone’s welfare without worsening
the situation of others [13]. At the level of ULUE measurements, data envelopment analysis
(DEA), stochastic frontier analysis, and Malmquiest production function have become the
most widely used methods by scholars [14–16]. In recent years, with the promotion of the
construction of ecological civilization, researchers have gradually put the economic benefits,
social effects, and ecological effects of land use in parallel. They have paid more attention
to some unexpected outputs, such as wastewater, exhaust gas, and soil pollution, caused by
urban land use. The super-efficiency slack-based measure–undesirable output (S-SBM-U)
model developed based on the DEA model better solves the problem of slack variables of
undesirable outputs and input–outputs, and it is used widely in ULUE measurements at
various spatial scales [17,18].

Transportation infrastructure building has long been considered an important means of
promoting regional development [19,20]. There are many “airport cities” and “high-speed
rail cities” that have formed around airports and high-speed rail stations, and, even along
ordinary roads, it is easier to form a concentration of settlements [21,22]. Macroscale studies
have shown that high-level transportation networks (airports, high-speed rail, highways,
etc.) have significant spatial and temporal compression and scale effects, increasing the
non-local connectivity of urban units and facilitating the exchange of factors between
cities [23,24]. For example, the positive effect of high-speed rail on the expansion of urban
construction land is significant and contributes to the improvement of ULUE; the promotion
effect is more significant in central and western China [25,26]; the coordination between
highway accessibility and ULUE is higher in core cities and lower in other regions [27];
airport construction contributes positively to ULUE after having dense routes and forming
aviation complexes [28]. However, the effects of high-speed rail and highways have been
suggested to spill over into areas along the lines. They are a powerful driver of urban
land expansion, which can reduce the overall ULUE value [25,29]. Airports have an
extremely limited impact on ULUE because they are located far from urban areas [30].
Microscale studies have shown that each additional mile of state highway leads to a
468-acre increase in building land [31]; bus rapid transit and subways promote urban
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decentralization and building land-expansion decentralization [32]. For regions with well-
developed transportation infrastructures, the construction of new additional transportation
networks does not have a significant impact on the economic benefits of land use but
may lead to other undesirable outcomes, such as air pollution [33]. Some studies have
shown that transportation networks led to a 14.8% increase in PM10 emissions from
construction land, along with an increase in other pollutant emissions, so the use of more
transportation infrastructures does not guarantee improvement [34,35]. In summary, the
change in transport infrastructure construction and UTSD affects the amount, distribution,
and state of use of urban construction land, so it will lead to the change in ULUE [36]. At
the same time, in regard to urban land use and road network construction, whether it is
in the development of new cities or the transformation of old cities, the improvement of
traffic advantages is an important concern as it allows for all kinds of resources to be used
more efficiently [21]. However„ economic scale is not the same as economic efficiency,
and whether the increase in UTSD can effectively contribute to the rise in ULUE needs
to be studied in depth in different regions. Overall, existing studies mostly focus on
explaining the spatiotemporal relationship between a particular mode of transport and
ULUE, neglecting the fact that all types of transport operate as a system as a whole in
regional space [22,37], which may lead to over-amplification or distortion of the impact of
that mode of transport on ULUE and is the reason for the large differences in the results of
existing studies [31]. In addition, studies have focused on elucidating the impact of UTSD
on the ULUE, with theoretical inferences suggesting that urban land use prompts the need
for UTSD upgrading, but there is insufficient exploration of the intrinsic mechanism of
action between UTSD and ULUE [38].

The Belt and Road Initiative aims to reconnect the land Silk Road and build the Silk
Road Economic Belt, which will help diversify China’s territorial development priori-
ties [39]. Currently, Gansu is the key region for constructing the land-based Silk Road
Economic Belt [40]. Therefore, exploring the spatiotemporal relationship and interaction
between UTSD and ULUE in Gansu under the Belt and Road Initiative is an extension
and enrichment of the theoretical system of transportation and land use which can help
accelerate the flow of regional resources; promote industrial agglomeration and optimiza-
tion; enhance the efficient use of all kinds of resources, including land; and promote
inter-regional connectivity and synergistic development. This study examines the counties
in Gansu as the research unit and constructs a comprehensive urban transport superiority
degree (UTSD) evaluation system that includes three aspects of quality, quantity, and
situation, introducing a ULUE evaluation system that considers undesirable outputs and
slack variables (Figure 1) [41]. We used multiple spatial analysis models to identify the
level of coupled coordinated development and spatial clustering characteristics between
UTSD and ULUE [42]. After confirming the smoothness of the data, the panel Granger
causality test (PGCT) was conducted to explore the possible causal relationship between
the UTSD and ULUE [43]. Based on this, a random forest (RF) model is used to explore
the intrinsic relationship and mechanism of the role of UTSD and ULUE [44]. Combined
with the mixed geographically and temporally weighted regression (MGTWR) model to
analyze the spatial heterogeneity of the interaction between UTSD and ULUE [45], the
interaction mechanism between the construction of UTSD and ULUE is revealed. Specific
research objectives include (1) revealing the changing trends and spatial distribution char-
acteristics of the UTSD and ULUE in Gansu from 2005 to 2020; (2) exploring the level of
coupled and coordinated spatial agglomeration characteristics and their evolution with
respect to UTSD and ULUE in the context of the Belt and Road Initiative; (3) verifying the
causal relationship between UTSD and ULUE and further explaining the interaction and
mechanism of the relationship between UTSD and ULUE. This study helps to explore the
interaction between UTSD and ULUE and provides a reference for the construction of the
Belt and Road Initiative and the efficient and intensive use of urban land.



Land 2024, 13, 1787 4 of 25Land 2024, 13, x FOR PEER REVIEW 4 of 25 
 

 
Figure 1. Specific technological roadmap. 

2. Materials and Methods 
2.1. Study Area 

Gansu Province (32°11′–42°57′ N, 92°13′–108°46′ E) is located in northwestern China. 
The terrain slopes from southwest to northeast and is bordered by the Qinghai–Tibet Plat-
eau in the west and the Loess Plateau and Inner Mongolia Plateau in the east. Gansu Prov-
ince lies at the junction of three plateaus, with a long and narrow terrain. Since ancient 
times, it has been a transport corridor connecting the central plains with the western re-
gions (Figure 2a). At present, the New Asia–Europe Continental Bridge (Longhai–Lanxin 
Railway) runs across the east and west, which is China’s land transportation hub connect-
ing West Asia and Europe. It is also an important transportation hub linking North, East, 
and South China with Northwest China and Qinghai–Tibet (Figure 2b). Gansu Province 
is an important energy and industrial base in China, and industry and the service industry 
are the pillar industries. The economic growth rate since the 21st century has become high, 
and, in 2020, the second and third industries accounted for more than 85 percent of the 
total economy, with the expansion of construction land as a carrier of the second and third 
industries being rapid. Gansu comprises 14 cities and prefectures and 86 county-level di-
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2. Materials and Methods
2.1. Study Area

Gansu Province (32◦11′–42◦57′ N, 92◦13′–108◦46′ E) is located in northwestern China.
The terrain slopes from southwest to northeast and is bordered by the Qinghai–Tibet
Plateau in the west and the Loess Plateau and Inner Mongolia Plateau in the east. Gansu
Province lies at the junction of three plateaus, with a long and narrow terrain. Since ancient
times, it has been a transport corridor connecting the central plains with the western
regions (Figure 2a). At present, the New Asia–Europe Continental Bridge (Longhai–Lanxin
Railway) runs across the east and west, which is China’s land transportation hub connecting
West Asia and Europe. It is also an important transportation hub linking North, East, and
South China with Northwest China and Qinghai–Tibet (Figure 2b). Gansu Province is an
important energy and industrial base in China, and industry and the service industry are
the pillar industries. The economic growth rate since the 21st century has become high,
and, in 2020, the second and third industries accounted for more than 85 percent of the
total economy, with the expansion of construction land as a carrier of the second and third
industries being rapid. Gansu comprises 14 cities and prefectures and 86 county-level
divisions, covering an area of 455,900 km2 (Figure 2a) [46]. This study takes counties as the
research scale, but because Gansu contains more districts and counties, in order to describe
and display the differences among different regions, subregional statistics are added after
the county research results. Gansu Province is divided into five regions: Hexi, Longzhong,
Xinan, Longdong, and Dongnan (based on the geographical division of Gansu Province,
see Figure 2 for specific divisions). The Hexi region in western Gansu is deep in the interior
of the continent (Figure 2c), with perennial drought and little rainfall, and the land cover
is dominated by the Gobi Desert and other unused land, covering an area of more than
170,000 km2. The famous cities of Wuwei, Zhangye, and Jiuquan are all oases nurtured
by the snowy waters of the Qilian Mountains. Although eastern Gansu receives more
precipitation than the west, the terrain is predominantly mountainous and the plateau
and cities are located in mountain valleys [47]. In general, Gansu has limited resources for
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construction land. Therefore, it is of rich theoretical and practical significance to explore
the spatiotemporal relationship between transportation network construction and ULUE
and their interactive effects in Gansu under the background of the Belt and Road.
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Figure 2. Study area. (a) Spatial geography overview and administrative divisions of county-level
cities in Gansu. Overview of county-level cities in Gansu in terms of administrative divisions and
spatial geography. (b) Location of Gansu in China and the strategic importance of Gansu as a
transportation corridor. (c) General spatial distribution pattern of land use in Gansu in 2020. To
facilitate the analysis and comparison of research results, Gansu was divided into five regions:
Hexi: Jiuquan, Jiayuguan, Zhangye, Jingchang, and Wuwei; Longzhong: Lanzhou, Baiyin, and
Dingxi; Xinan: Linxia and Gannan; Dongnan: Tianshui and Longnan; and Longdong: Pingliang
and Qingyang.

2.2. Data Sources

This study contains three main types of data: geographic environmental data, trans-
portation network data, and socioeconomic data [13,21,42,48]. All data sources and descrip-
tions are listed in Table 1.

Table 1. Data sources and descriptions used in this study.

Data Type Data Name Data Source Description

Geographic
environmental

data

Residential point Gansu Basic Geographic Information Center
(https://www.webmap.cn/store.do?method=
store&storeId=105; accessed on 10 March 2024)

Spatial latitude, longitude and
elevation of settlements.

Administrative
unit boundaries

Spatial location and area of each
administrative region.

River system Resource and Environment Science and Data
Center (http://www.resdc.cn; accessed on 10

March 2024)

Spatial distribution of rivers.

Elevation Digital elevation model (DEM)
raster data.

https://www.webmap.cn/store.do?method=store&storeId=105
https://www.webmap.cn/store.do?method=store&storeId=105
http://www.resdc.cn
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Table 1. Cont.

Data Type Data Name Data Source Description

Transportation
network data

Railway network
China Railway Corporation

(http://wap.china-railway.com.cn; accessed on
15 March 2024)

Distribution of ordinary and
high-speed railways in operation in
Gansu, 2005, 2010, 2015 and 2020.

Highway network

National Platform for Common Geospatial
Information Services

(https://www.tianditu.gov.cn/; accessed on 15
March 2024)

Distribution of operational highways,
national highways, provincial

highways, county highway and
township road in Gansu, 2005, 2010,

2015, and 2020.

Airport Civil Aviation Administration of China
(www.caac.gov.cn; accessed on 20 March 2024)

Airports and air routes in operation
in Gansu, 2005, 2010, 2015, and 2020.

Traffic hub city Ministry of Transport (www.mot.gov.cn;
accessed on 20 March 2024)

According to the Ministry of
Transportation, Lanzhou is the only
comprehensive transportation hub

and center city in Gansu.

Socioeconomic
data

Urban land
Resource and Environment Science and Data
Center (http://www.resdc.cn; accessed on 10

March 2024)

LULC raster data were used to
calculate the built-up area of each

district and county in Gansu for the
years 2005, 2010, 2015, and 2020.

Population density
Open Spatial Demographic Data and Research
(https://www.worldpop.org; accessed on 10

March 2024)

Population density raster data for
2005, 2010, 2015, and 2020 were

publicly available data.

Economic
production

Gansu Provincial Bureau of Statistics
(https://tjj.gansu.gov.cn/; accessed on 10

March 2024)

Economic production data were
collected from the Gansu Provincial

Statistical Yearbook (2006–2021),
specifically including input data,

output data, and pollutant discharge
data in production activities.

2.3. Research Methods
2.3.1. Construction of the UTSD Model

In this paper, to establish an evaluation system for UTSD, the ideas of “quantity”,
“quality”, and “situation” [6,7], are combined to reflect how transportation affects land use
in terms of point, line, and area radiation [4,38]. The “quality”, “quantity”, and “situation”
are quantified and then dimensionless processed; finally, the entropy weight method is
used to calculate the weight of each aspect [49], which comprehensively constitutes the
calculation model of the UTSD (Table 2).

Table 2. Model construction and indicator selection for the evaluation of UTSD.

Criterion Layer Indicator Layer Significance Quantitative Methods Description Weight

Urban transport
superiority degree

(UTSD)
Quantity

Transportation
network
density

Transportation network
density is the operational
length of the network of

transportation facilities per
unit of land area and is a

quantification of the size of
the transportation network,

reflecting the
(short-distance)

transportation capacity
within each county

unit [27].

Di = Li/Si . (1)

In Equation (1), Di is the
transportation network

density value of the study
unit i, Li is the operational
length of roadway facilities
in the study unit i, and Si is
the land area of the study

unit i.

0.281

http://wap.china-railway.com.cn
https://www.tianditu.gov.cn/
www.caac.gov.cn
www.mot.gov.cn
http://www.resdc.cn
https://www.worldpop.org
https://tjj.gansu.gov.cn/
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Table 2. Cont.

Criterion Layer Indicator Layer Significance Quantitative Methods Description Weight

Urban transport
superiority degree

(UTSD)

Quality

Transportation
arterial

influence
degree

Arterial transport is
primarily responsible for
(long-distance) transport

between county units, and
the degree of impact of

arterial transport reflects
the connectivity between

units within the larger
region. Existing evaluation

methods score arterial
transportation facilities in
terms of their distance to

administrative centers. This
ignores the actual

distribution of population
and the scoring method is
inevitably subjective [7,50].
In this paper, the weighted

average proximity of
population raster data and

traffic arteries is used to
quantify the impact of

traffic arteries. This reflects,
to some extent, the coupled

relationship between the
infrastructure layout of

traffic arteries and
population distribution and

helps to understand the
impact of traffic arteries
more objectively [48,51].

Ni = ∑n
k=1
(
ωj × Pik × Dikj

)
/∑n

k=1 Pik . (2)

In Equation (2), Ni
represents the impact

degree of trunk traffic in
county area i; j includes 6

types of high-speed railway,
ordinary railway, airport,

highway, national road and
provincial road; ωj is the
weight of class j traffic

facilities, which is taken as
1/6 in this paper. Pik is the

population number of
population grid cell k in

county region i; Dikj is the
nearest distance of

population grid cell k in
county i with respect to

traffic facilities j; n is the
number of grids in county i

(for high-speed railway,
ordinary railway, and

airports, the closest
distance to the station is

used. For other modes, the
closest distance to the

entrance/exit is used). The
closer the distance is, the
smaller the value of the
population-weighted

average traffic proximity
and the greater the

potential of traffic facilities
to produce benefits [20].

0.392

Situation Regional
accessibility

Regional accessibility is
measured by the minimum
travel time for each county
unit to reach the provincial
center city by all modes of

land transportation. It
reflects the extent to which
the unit is radiated by the

core city [38]. Land
transportation modes are

chosen for calculation
because there are no

navigable rivers in Gansu,
air transportation is too
costly and has a small

capacity, and all types of
land transportation are the
most dominant modes of
travel and transportation

(Qin et al., 2022) [52].

Costiq = Liq/Vq , (3)
Ti = ∑n

j=1 Costij/N. (4)

In Equations (3) and (4), Ti
is the accessibility value of

the study unit i, Liq
denotes the length of the
road network of the road
type q in the study unit

i, Vq is the average travel
speed on the road type

q, Costiq is the average time
cost for the road type q in
the study unit i, and N is
the number of road types.

The average speeds on
high-speed railroads,
railroads, highways,

national highways, and
provincial highways were
set at 250, 120, 100, 80, and
60 km/h, respectively [53].

0.327

2.3.2. ULUE Evaluation Model and Indicators Selection

The S-SBM-U model is a super-efficient SBM model with undesirable outputs that
is a variant of the DEA model derived from efficiency evaluation [10]. Compared with
traditional efficiency evaluation models, the S-SBM-U model is characterized by a non-
radial metric and a non-angle metric that consider the actual amount of slack in each input
and output while avoiding the bias of being either input- or output-oriented. The model
can effectively deal with undesirable outputs, which is particularly important for efficiency
evaluations that include environmental considerations, because it can consider all types of
outputs simultaneously [16]. The S-SBM-U model is as follows:

ρ∗ = min

{(
1 − 1

m∑m
i=1

s−i
xi0

)
/

(
1 +

1
s1 + s2

[
∑s1

r=1
sg

r

yg
r0

+ ∑s2
r=1

sb
r

yb
r0

])}
(5)

s.t.x0 = Xλ + s− (6)

yg
0 = Ygλ − sg (7)
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yb
0 = Ybλ + sb (8)

s− ≥ 0, sg ≥ 0, sb ≥ 0, λ ≥ 0 (9)

In Equations (5)–(9), ρ∗ denotes the efficiency value of each evaluation unit; X, Yg,
and Yb are the inputs, desired outputs, and non-desired outputs for each year of each
prefecture-level city, respectively; s−, sg, and sb are the inputs, desired outputs, and non-
desired outputs of the slack variable, respectively; subscript 0 is the decision-making unit
to be sought; and λ is the weight variable. When s−, sg, and sb are zero, ρ∗ = 1; when
any of the three is not zero, ρ∗ < 1, and there is room for improvement in regard to inputs
and outputs.

In the selection of ULUE evaluation indexes, referring to previous studies, the differ-
ences among the input indexes are small and the difference mainly lies in output indexes.
This study first explicitly includes undesirable outputs and, at the same time, puts the
economic effect, social benefit, and environmental benefit of the outputs side by side for
the evaluation of ULUE [8,14,15,17,41,42]. Table 3 lists the specific index system.

Table 3. Urban land use efficiency evaluation index system.

Pointer Type Criterion Layer Index Layer Unit

Input index Land investment Construction land area km2

Labor input Number of people in the second and third industries 10,000 people
Capital investment Investment in fixed assets of the second and third industries Million Yuan
Energy input Electricity consumption Million kW h

Water consumption Million m3

Desirable output Economic output Secondary and tertiary industry value added Million Yuan
Tax revenue Million Yuan
Average employee salary Yuan

Social output New residential area 10,000 m2

Complete national scientific research projects Number
Environmental output Green coverage rate of building area %

Undesirable output Environment Undesirable
output

Sewage discharge 10,000 Tons
Industrial exhaust emissions volume 10,000 Tons
Industrial dust emissions 10,000 Tons

2.3.3. Coupling Coordination Degree Model (CCDM)

The CCDM quantifies the intensity of interactions between systems and assesses
the level of harmony in their synergistic development, serving as a crucial indicator for
evaluating the sustainable development of a region [48,54]. The specific CCDM utilized
used is as follows:

CCDM =
√

C × T (10)

C =

{
U1 × U2/

[
(U1 + U2)

2

]2
} 1

k

(11)

T = α× U1 + β × U2 (12)

In Equations (10)–(12), CCDM on behalf of the degree of coupling and coordination of
the degree of transportation advantages and urban land use efficiency, the value is between
[0, 1]; a larger value represents a higher degree of coupling and coordination. C represents
the degree of coupling, U1 is the degree of transportation advantages, U2 denotes the
efficiency of the urban land use, k represents the number of indicators of the comprehensive
evaluation (which is 2 in this paper), T is the comprehensive coordination index, and α and
β represent the weights of the evaluation indexes, which are 0.5 in this paper [48].
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2.3.4. Moran Index and LISA Agglomeration

The Moran index and LISA agglomeration are the tools for assessing the autocor-
relation of spatial data based on the same spatial weight matrix [10]. The Moran index
provides a global perspective, reflecting the overall level of spatial autocorrelation between
UTSD and ULUE across the study area, whereas the LISA agglomeration focuses on the
local level and can identify and localize spatial hotspots and coldspots of UTSD and ULUE
agglomeration, as well as other types of spatial agglomeration patterns [11]. The equations
for the Moran index and LISA agglomeration are as follows:

I =
∑n

i=1 ∑n
j=1 Wij(xi − x)(yi − y)

S2∑n
i=1 ∑n

j=1 Wij
(13)

LISAi = Zi∑n
j=1 WijZj (14)

In Equations (13) and (14), I quantified the spatial autocorrelation levels of UTSD and
ULUE at a global scale. n= 86 represents the total number of cities. Wij is the spatial weight.
xi and yi are the regional UTSD and ULUE, respectively, and x and y denote the Gansu
average UTSD and ULUE distributions.

2.3.5. Panel Granger Causality Test (PGCT)

The PGCT determines if one set of variables in a series of time series data predicts the
future values of another set of variables. In the PGCT, if the past values of variable X are
more effective in predicting the future values of variable Y than the past values of Y alone,
then X has a causal influence on Y according to Granger’s definition [43]. This paper uses
the PGCT to test for a possible causal relationship between UTSD and ULUE, as follows:

Y2t = ∑q
i=1 αiY1t−i + ∑q

j=1 β jY2t−j + µ1t (15)

Y1t = ∑s
i=1 γiY1t−i + ∑s

j=1 δjY2t−j + µ2t (16)

In Equations (15) and (16), αi, β j, γi, and δj are coefficients; q and s are lag coefficients,
which are set at 2; and µ1t and µ2t are the white noise, which are assumed to be uncorrelated.

When conducting a PGCT causal analysis, it is important to discuss the potential
effects of external variables and residual terms on the model. We used a random effects
model to control for the effect of external variables on the test results prior to Granger
testing. In our analyses, we applied the augmented dickey fuller (ADF) test to avoid the
effects of the residual terms [55]. Performing smoothness and co-integration tests prior
to the PGCT is very important for reasons that are mainly related to the accuracy and
reliability of statistical and econometric models. Non-smooth time series may lead to
misleading statistical inference, and a statistical analysis using these series may afford
pseudo-regression [43]. In this study, the ADF test was used to exclude possible problems
as follows:

∆xt = α + βt + δxt−1 + ∑m
t=1 βi∆xt−i + εt (17)

In Equation (17), t is the time variable, α is the constant term, βt and βi are the trend
terms, εt is the residual term, i is the lag order, and m is the maximum lag order. The PGCT
can be performed when the series is smooth.

2.3.6. Random Forest (RF)

RF accomplishes the task by constructing multiple decision trees and synthesizing
their predictions to improve the accuracy and robustness of the overall model [56]. If there
is a causal relationship between UTSD and ULUE, a random forest is used to measure the
extent to which the qualities, quantities, and potentials that make up UTSD contribute to
ULUE and the extent to which the indicators that make up ULUE contribute to UTSD. In



Land 2024, 13, 1787 10 of 25

this paper, the OOB replacement method in RF is chosen [44] and the quantification helps
us to better understand the intrinsic mechanism of UTSD and ULUE.

Vj = ∑n
r=1

(
Ej

r − Er

)
(18)

f̂(xs)(xs) = Exc

(
f̂xs,xc

)
(19)

In Equations (18) and (19), Vj is the importance of feature variable j, n is the number

of decision trees, Ej
r is the misclassification rate before replacement, and Er is the misclassi-

fication rate after replacement. f̂(xs)(xs) denotes the predicted value of the model at each
pair of values of xs, xs is the feature variable to be plotted in the bias dependence plot, and
xc is the other feature variable used in the RF.

Before assessing the contribution levels, the variance inflation factor (VIF) was first
used to rule out the problem [47] of possible multicollinearity interference between the
independent variables as follows:

VIFi =
1

1 − R2
i

(20)

In Equation (20), R2
i is the coefficient of determination (R-squared) obtained by fitting

the i-th independent variable as the dependent variable to the other independent variables.

2.3.7. Mixed Geographically and Temporally Weighted Regression (MGTWR) Model

The MGTWR model is a recent development in geographically weighted regression
(GWR) [57]. This model allows the regression coefficients to vary spatially to accommodate
the localized characteristics of the data at different scales by introducing adaptive kernel
functions for location and scale dimensions in the regression analysis. The central idea
of the model is that the relationships between spatial entities vary with location, and this
variation is influenced by the spatial scale. The MGTWR model reflects the strength and
variance of the influence of the different regional drivers through the regression coefficients
of that factor [58]. In this paper, we use the MGTWR to analyze the spatial heterogeneity of
the interaction between UTSD and ULUE as follows:

yi = β0i + ∑p
i=1 β jixji + ϵi (21)

In Equation (21), yi represents the observed value of the dependent variable for spatial
unit i. β0i is the intercept term specific to spatial unit i. β ji denotes the regression coefficient
of the j-th independent variable xji for spatial unit i. ∈i is the error term.

After the MGTWR model was fitted, we evaluated the MGTWR model performance
using K-fold cross-validation [59]. We used one portion as the validation set and the rest as
the training set. This process is repeated K times, each time choosing a different portion
as the validation set and the rest as the training set. In this way, each portion of data is
used as a validation set once throughout the process and the other K − 1 times as a training
set. In each iteration, the mean square error (MSE) is used as a performance metric on the
validation set.

MSE =
1
n∑n

i=1(yi − ŷi)
2 (22)

Eavg =
1
K ∑K

i=1 Ei (23)

In Equations (22) and (23), yi is the actual value, ŷi is the predicted value of the model,
and n is the number of samples in the validation set. Eavg is the overall performance of the
MGTWR model under K-fold cross-verification. Ei is the ith-verified performance indicator
(MSE). K is set to 10.
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3. Results
3.1. Spatiotemporal Variation of UTSD and ULUE
3.1.1. Spatiotemporal Variation of UTSD

From 2005 to 2020, the average value of the UTSD of each county unit in Gansu
increased from 0.56 to 1.01 (Figure 3c) and the UTSD value increased by 0.45, with a growth
rate of 80.36%. We used the natural break point method to divide the UTSD values of
86 districts and counties in Gansu Province in 2000 into five categories and then classified
the data of each subsequent period according to the unified standard, which is conducive
to reflecting the spatiotemporal evolution of UTSD. The proportion of units with relatively
high UTSD values increased from 24.69% to 60.79% and the proportion of units with low
UTSD values decreased from 32.10% to 18.52%. After 2015 (UTSD = 0.77), the UTSD value
increased rapidly. By 2020, the units with a higher UTSD value realized the east–west
connection of the province and a traffic corridor took shape (Figure 3a).
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From a spatial point of view, the spatial heterogeneity of the UTSD is significant,
showing high distribution characteristics in the west and midland and low distribution
characteristics in the east and south (Figure 3b). In 2005, the units with high UTSD values
were distributed in Lanzhou in the center, in Tianshui in the east, and in the Jiayuguan
area in the west, with the UTSD of the city of Lanzhou spreading outward at a faster
rate. By 2020, the UTSD of each unit and adjacent units in Lanzhou was at a high level,
affording spatial agglomeration with higher UTSD; the UTSD of each unit in Gannan was
at a low level, forming a spatial agglomeration with a low UTSD value. From a subregional
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perspective (Figure 3c), the Longzhong region had the highest average UTSD value and the
southwest region had the lowest average UTSD value. The Longzhong and Hexi regions
had higher UTSD values than the provincial average and rapid growth, while the Longdong
and Gannan regions had lower UTSD values and slow growth.

3.1.2. Spatiotemporal Variation of ULUE

From 2005 to 2020, the ULUE of county-level units in Gansu showed a trend in first
increasing and then decreasing their levels of ULUE (Figure 4c), with the average ULUE
value first increasing from 0.52 (in 2005) to 0.65 (in 2015) and then decreasing to 0.62 (in
2020). The ULUE value increased by 0.10, showing a 19.23% growth rate. We used the
natural break point method to divide the ULUE values of 86 districts and counties in Gansu
Province in 2000 into five categories and then classified the data of each subsequent period
according to the unified standard, which is conducive to reflecting the spatiotemporal
evolution of ULUE. The proportion of units with relatively high ULUE values increased
from 33.72% to 54.65%, while the proportion of units with low ULUE values decreased
from 39.53% to 20.93% (Figure 4a).
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0.77 ≥ UTSD > 0.55, relatively high; 0.55 ≥ UTSD > 0.42, medium; 0.42 ≥ UTSD > 0.28, relatively low;
UTSD ≥ 0.28, low). (b) Average spatial distribution situation of ULUE by county-level cities from
2005 to 2020. The green dots and lines represent the ULUE projection on the X-axis and the change
fitting curve (east-west variation), respectively. The blue dots and lines represent the ULUE projection
on the Y-axis and the change fitting curve (north-south change), respectively. (c) Subregional statistics
regarding ULUE and rates of change.

Overall, ULUE showed high-distribution patterns in the west and north and low-
distribution patterns in the east and south (Figure 3b). In 2005, the cities in Lanzhou had
higher ULUE, the cities in Dingxi had a lower ULUE, and the cities in other regions had
different ULUEs, with a fragmented distribution pattern. By 2020, Lanzhou and Jiuquan
formed agglomerations with high ULUE values and Gannan formed an agglomeration
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with a low ULUE value. From the subregional perspective (Figure 4c), the average ULUE
value in Hexi was the highest and maintained a growth trend and the average ULUE value
in the southwest region was minimal and decreased by approximately 30% between 2015
and 2020. By 2020, there were no low-level ULUE cities in Hexi and the average ULUE
value was high. The average ULUE values of the cities in the Xinan region were at a low
level and the ULUE values of the cities in the Dongnan region fluctuated at a medium level.

3.2. Spatiotemporal Relationship Between UTSD and ULUE
3.2.1. Coupled Relationship and Evolution of UTSD and ULUE

From 2005 to 2020, the average CCDM of the UTSD and ULUE of county-level cities
in Gansu maintained an increasing trend (Figure 5b), increasing from slightly unbalanced
(0.37) to slightly balanced (0.52). The proportions of unbalanced cities decreased from
60.47% to 33.72%. Analyzing coordination characteristics, the predominant pattern ob-
served was UTSD lagging behind ULUE (63.96%). The proportion of cities in the UTSD
and ULUE synchronized development type increased from 23.26% to 31.40%. Overall, the
CCDM between the UTSD and ULUE developed in a better direction, but the situation of
UTSD being lower than ULUE did not change.
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percentage of each CCDM city. (c) Spatial–temporal distribution of LISA clustering for UTSD and
ULUE in Gansu (UTSD–ULUE). (d) Bivariate global Moran index of UTSD and ULUE.

Spatially, the CCDM shows a high distribution in the west-central part of the country
and a low distribution in the southeast (Figure 5a). In 2005, the main type of CCDM in the
Longdong, Dongnan, and Xinan regions was a seriously unbalanced, significantly lagged
UTSD type. The CCDM posture of the Longzhong and Hexi regions was more chaotic than
the other regions, but the overall level was slightly higher. By 2020, the type of CCDM in
the Longzhong and Hexi regions was dominated by the slightly balanced, significantly
lagged ULUE type. Lanzhou cities achieved highly coupled and coordinated synchronized
development. The CCDM of the Longdong and Dongnan regions increased, and the
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CCDM of the Gannan units was the lowest, with the seriously unbalanced, synchronized
development type being the main type of CCDM.

3.2.2. Spatial Agglomeration Changes in UTSD and ULUE

The spatial autocorrelation analysis showed that there was a positive spatial effect
between UTSD and ULUE, indicating a spatially clustered distribution, and there was a
tendency for the positive effect and clustering characteristics to be enhanced (Figure 5d). In
2005, the relationship between UTSD and ULUE was mainly not significant, and a small
number of low–low clusters and low–high clusters were located in the southern and west-
ern parts of Gansu, respectively (Figure 5c). In 2010, the relationship was still insignificant
and the high–high clusters gradually appeared in the central and western parts in Gansu.
By 2020, UTSD and ULUE mainly showed three types of relationships: high–high agglom-
eration, low–low agglomeration, and insignificant relationships. High–high agglomeration
was observed in Hexi and Longzhong. Low–low agglomeration was observed in Gannan.
The Longdong and Dongnan regions mainly showed insignificant relationships.

3.3. Interactive Relationship Between UTSD and ULUE
3.3.1. Panel Granger Causality Hypothesis Test of UTSD and ULUE

The smoothness of the panel data is a prerequisite for the PGCT, and the data of the
involved time series must be tested for smoothness before the PGCT can be performed.
The test results show that the ADF statistics of UTSD and ULUE data are smaller than the
critical values at each critical level and the data are smooth (Table 4).

Table 4. Results of the ADF smoothness test.

Time-Series Data ADF Statistics p-Value
Threshold Value

1% 5% 10%

UTSD −8.7911 0.0000 −3.4505 −2.8703 −2.5715
ULUE −7.8651 0.0000 −3.4505 −2.8703 −2.5715

The results of the PGCT show that the p-value corresponding to the hypothesis that
ULUE as not the Granger cause of UTSD is 0.0333, which is less than 0.05, leading to
rejection of the original hypothesis. Similarly, the p-value corresponding to the hypothesis
that the UTSD as not the Granger cause of ULUE is 0.0014, also less than 0.05, resulting
in rejection of the original hypothesis (Table 5). Overall, UTSD and ULUE are mutually
Granger causative of each other, and they significantly interact and influence each other.
Specifically, changing UTSD causes the ULUE to change; at the same time, changing ULUE
causes UTSD to change.

Table 5. Results of the panel Granger causality test.

Null Hypothesis Lags F-Statistics Prob Estimate

ULUE does not the Granger cause of UTSD 1 3.4395 0.0333 Rejection
UTSD does not the Granger cause of ULUE 1 6.7018 0.0014 Rejection

3.3.2. Measure the Contribution of UTSD and ULUE Interactions

According to the PGCT, UTSD and ULUE are mutually causal. To further understand
the intrinsic mechanism of the interaction between UTSD and ULUE, we used the RF
to quantify the extent to which the quality, quantity, and situation that constitute UTSD
contribute to ULUE and to quantify the extent to which the factors that constitute ULUE
contribute to UTSD. Before the calculation, it is first necessary to eliminate the possible
covariance problem of the independent variables. We performed VIF tests on 17 factors
simultaneously. According to the VIF test, the VIF values for electricity consumption and
water consumption is greater than 10 and must be removed (Table 6).
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Changes in UTSD lead to changes in ULUE, and RF results showed that transportation
arterial influence degree (quality), transportation network density (quantity), and regional
accessibility (situation) all contribute significantly to ULUE, with contributions of 30.41%,
24.98%, and 11.72%, respectively (Figure 6a). The data suggest that transportation arterials
have the greatest impact on ULUE. Changes in ULUE lead to changes in UTSD, and the
results show that tax revenue is the most important influence on UTSD, with a contribution
of 15.10% (Figure 6b). Other major contributors to UTSD were the complete national
scientific research projects, the secondary and tertiary industry value being added, urban
area, and investment in fixed assets of the second and third industries with contributions of
14.06%, 13.23%, 10.90% and 8.72%, respectively. The RF model explained 0.872 and 0.764 of
the interaction effects of UTSD and ULUE, respectively, indicating its ability to effectively
capture data features and patterns with high accuracy.
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Table 6. VIF values for each variable.

Influence Factors VIF Value Influence Factors VIF Value Influence Factors VIF Value

Transportation network
density 4.79 Electricity consumption 15.19 Complete national

scientific research projects 4.43

Transportation arterial
influence degree 4.13 Water consumption 13.02 Green coverage rate of

urban area 1.02

Regional accessibility 2.61 Secondary and tertiary
industry value added 7.92 Sewage discharge 1.67

Urban area 2.58 Tax revenue 5.64 Industrial exhaust
emissions volume 3.85

Number of people in the
second and third industries 3.25 Average employee

salary 1.23 Industrial dust emissions 2.26

Investment in fixed assets of
the second and third

industries
6.72 New residential area 2.38

3.3.3. Spatial Heterogeneity of UTSD and ULUE Interactions

The PGCT showed that UTSD and ULUE were mutually Granger causal; therefore, UTSD
and ULUE were used as the independent and dependent variables, respectively. Conversely,
ULUE and UTSD were used as the independent and dependent variables, respectively, to fit
the MGTWR model and analyze the spatial heterogeneity of the interactions between the two
(Table 7). In general, the closer Eavg is to 0, the better. Our test results show that Eavg is around
0.1, indicating that MGTWR has good stability in the fitting process and predictive ability
for new data. The results show that the effects of UTSD on ULUE exhibited positive and
negative bi-directionality. The effect of ULUE on UTSD was positive (Figure 7). In terms of
spatial distribution, the effect of UTSD on ULUE had a strong positive effect in the Longzhong,
Xinan, and the east of Hexi regions and a negative effect in the Longdong and the west of Hexi
regions. The contribution of ULUE to UTSD was particularly significant in the Longzhong,
Xinan, and eastern Hexi. The positive interaction between UTSD and ULUE is weaker in
the Dongnan, Longdong, and central Hexi regions. Overall, with the city of Lanzhou as the
core, the UTSD and ULUE of the neighboring cities showed strong mutual reinforcement, and
multiple interactions between UTSD and ULUE were noted in other regions.
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Table 7. Results of the MGTWR model and K-fold model.

Independent
Variable Bandwidth AICc Sigma Spatiotemporal

Distance Ratio R2 R2 Adjusted Eavg

UTSD 0.0386 5.0854 0.1662 0.4831 0.9773 0.9769 0.0830
ULUE 0.1033 6.0334 0.2329 0.2687 0.8750 0.8744 0.1229

4. Discussion
4.1. Spatiotemporal Pattern Evolution of UTSD and ULUE

Gansu is an important corridor in the Belt and Road Initiative for China in regard
to strengthening ties with Central Asia and Europe, and it is the core area of the Silk
Road Economic Belt [54]. This study shows that UTSD continued to increase from 2005 to
2020 (Figure 3c), and the growth rate increased after 2015. It shows that the introduction
and promotion of the Belt and Road Initiative in 2013 accelerated the construction of
transportation infrastructure in Gansu [8]. The analysis of the growth pattern of UTSD
shows that the UTSD growth radiates outwards, with cities, such as Lanzhou and Tianshui,
initially forming transportation corridors (Figure 3a). This growth pattern is similar to
that of other regions in China in which the road network of core cities first expands to
the periphery and then transportation corridors are gradually formed between important
cities [60]. The difference is that the transportation network in the eastern provinces of
China is developed in a checkerboard shape and the high-value units of Gansu UTSD form a
strip shape [50]. China’s transportation infrastructure development has long implemented
a “vertical and horizontal” plan, linking north–south and east–west with trunk lines.
Lanzhou, the hub of the trunk lines, is located in the Longzhong region, which has the
highest UTSD value in Gansu. In contrast, the Xinan region, which has no trunk lines, has
the lowest UTSD value, suggesting that trunk line transport significantly impacts regional
UTSD [48,60].

ULUE reflects whether land resources are used reasonably and effectively in the urban
planning layout and the extent to which the economic, social, and environmental values of
land resources are realized [61,62]. This study calculates the ULUE using the county as the
unit and considers most of the ULUE in the counties and districts of the Dingxi region to
be at a low level (Figure 4a), whereas the ULUE in Dingxi was previously considered to be
at a high level in the study based on prefecture-level cities [10]. This is due to the fact that
the main urban area of Dingxi is small and the construction land is widely distributed in
each county, so the conclusion will be biased if we think that the realization of each benefit
depends only on the main urban area [63]. It can be seen that this study can more accurately
assess and demonstrate the spatial heterogeneity of ULUE by using the county as the unit,
which is also conducive to targeting and refining policy formulation in practice [54,64]. The
average ULUE (0.59) of Gansu measured in this study was similar to that of Guanzhong
urban agglomeration (0.58), which is also an important part of the Silk Road Economic
Belt and includes the Tianshui area in this study; however, the average ULUE value of
Gansu is lower than that of the central plain urban agglomeration (0.74) [16]. This study
found that Gansu ULUE in 2020 declined relative to 2015. Combined with the analysis
of statistical yearbook data, the area of urban land and transport and other construction
land increased by 51.55% from 2015 to 2020, of which the area of transport and industrial
and mining land increased by 79.07%. Additionally, the value added of the second and
third industries increased by 33.98% from 2015 to 2020, which shows that the expansion of
construction land far exceeds the economic growth rate, and there is a problem of rough
use of construction land [65]. At the same time, the decline of ULUE is closely related to the
environmental protection policy and the relationship between land supply and demand.
Gansu, as an ecologically fragile province, environmental protection restricts part of the
land development and utilization [47]. The local government may have accelerated the
land disposal for the need of financial revenue, but it failed to bring the corresponding
economic benefit growth [66]. Analyzing the spatial heterogeneity of ULUE, the highest
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ULUE value (0.71) was observed for the Hexi region (Figure 3), and this result is consistent
with that of the Yellow River Basin urban agglomeration study [67]. In the Hexi region,
where precipitation is scarce and land cover is dominated by the Gobi Desert, limited
land is available for construction land expansion and the constraints of natural conditions
force the economic and intensive use of urban construction land [68]. The southern part of
Gansu has better environmental conditions, a large scale of construction land, and a lower
ULUE value [67,69]. In general, the spatial pattern of ULUE is formed by multiple factors,
including the economic rationality of human society and the natural environment’s limited
carrying capacity [70].

4.2. Coupling Relationship Between UTSD and ULUE

The CCDM of UTSD and ULUE in Gansu generally showed an increasing trend from
2005 to 2020, and the average CCDM growth situation was very similar to that of UTSD
(Figures 3c and 5b). The relatively rapid growth of lagging factors in the evolution of
CCDM can disrupt old coupling equilibria [42,54]. The level of UTSD in Gansu lagged
behind that of ULUE; therefore, the coupling between the two tended to be balanced after
the rapid growth of UTSD. The districts and counties in Gansu with high-CCDM cities are
concentrated in the core cities and along the transportation arteries (Figure 5a). However,
the coupling relationship between the two varies in different regions; for example, the study
of the Shandong Peninsula found that the coupling relationship is mainly characterized by
a lag in ULUE [27]. This is mainly caused by the difference in the level of transportation
development between the two regions, and the development of UTSD in Gansu Province is
significantly unbalanced; for example, in the southwest region by 2020, most districts and
counties were in the state of having no railways and no access to high-speed rail, and the
level of UTSD was low [68].

The results of bivariate spatial autocorrelation indicate a positive spatial relationship
between UTSD and ULUE, revealing a clustered spatial distribution (Figure 5d). This result
supports the argument that UTSD is synergistic with ULUE [4,27]. In 2005, UTSD and
ULUE were low and the agglomeration characteristics were not obvious. By 2020, with the
growth of UTSD and ULUE, high UTSD and ULUE agglomerations formed in the Hexi
region and Longdong, showing a significant positive coordination (Figure 5a). It is worth
noting that the Xinan region manifests a clear low level of spatial coordination, i.e., low
UTSD-low ULUE cluster areas, which are generally characterized by low levels of economic
development, weak transport infrastructure, and sloppy land use practices [69,71].

4.3. Interaction Mechanisms of UTSD and ULUE

Most of the existing studies have explored the effects of transportation network
construction on land use, while very few studies have focused on the effects of land
use on transportation network construction [4,21]. This study quantitatively evaluates the
construction of transportation networks and urban land use and applies a model to confirm
that they are causally related (Table 5). On this basis, this paper quantifies the contribution
of the constituents of UTSD to ULUE; quantifies the contribution of the constituents of
ULUE to UTSD; and reveals the intrinsic principle of the interaction between UTSD and
ULUE (Figure 6). It also combines the spatial heterogeneity of the interaction between
UTSD and ULUE to study the interaction mechanism of the two (Figure 7). This study
supplements existing research achievements and has realized an in depth discussion from
theoretical inference to data verification and from coordination evaluation to the interaction
mechanism [72].

City-based studies concluded that the impact of transportation network construction
on land use was that the construction of high-grade transportation networks, such as high-
speed railways, expressways, and airports, led to land development around the stations
and increased the intensity of land use, thus affecting ULUE [26,28]. This is consistent with
the findings of this study indicating that transportation arterials are the most important
driving element (30.41%) of ULUE (Figure 6a). Transportation arterials not only increase the
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area of construction land but also require a large amount of capital, manpower and other
resources. All of these factors are important constituent indicators for ULUE evaluation,
so transportation arterials can have a significant impact on ULUE [39]. Transportation
network density is one of the key drivers of ULUE (24.98%). The enhanced function of
urban transportation hubs could promote the upgrading of urban industrial structures,
enhancing ULUE [53,73]. Some studies also believe that high-speed rail might make cities
peripheral, with urban expressway systems hollowing out markets and accelerating the
expansion of built-up land, leading to a decline in ULUE [32,74]. In conclusion, all of the
above studies reflect that transportation networks have a significant impact on ULUE. The
results of this study are presented as a synthesis of the above studies, and the effect of the
transportation network construction on ULUE is spatially bi-directional in a positive and
negative manner in Gansu (Figure 7a). The positive interaction between UTSD and ULUE
and the overflowing effect of formation are presented in the core city of Lanzhou and the
surrounding cities (Figure 5c) [27]. The growth of UTSD in the Longdong and western
Hexi regions negatively affects ULUE. Combined with the fact that regional accessibility
has a significantly lower impact on ULUE (11.72%) than the other two (Figure 6a), this
suggests that Lanzhou has a weaker economic impact as a core city [75]. The common
characteristics of the Longdong and western Hexi regions are far from those of the core
cities. The lack of a core city makes it challenging to allocate resources efficiently, and an
increase in UTSD may lead to the duplication of certain infrastructural settings across units
rather than efficient utilization [76,77]. Overall, the spatial heterogeneity of the effect of
UTSD on ULUE is evident, and transportation arterials have the greatest impact on ULUE.

Existing studies on the relationship between land use and transportation accessibility
show that commercial and residential agglomerations prioritize improving transportation
accessibility, followed by industrial agglomerations. Public service provision areas are
also the key areas for transportation network construction [78]. This study found that tax
revenue is the most important driver of UTSD (15.10%) (Figure 6b). The construction of
transportation infrastructure requires tax revenue as a guarantee, and industrial and com-
mercial areas are the most important source of tax revenue, while industrial and commercial
activities cannot be separated from the support of transportation facilities [79]. Therefore,
industrial and commercial areas have both the ability and willingness to increase UTSD and
are areas with higher UTSD [80]. Secondary and tertiary value added is a quantification of
economic activity in business and industry and is an equally important driver of UTSD
(13.23%). This study found that the number of completed national research projects is an
important driver for UTSD (14.06%). The number of completed national research projects is
an important reflection of the region’s research capacity. Strong scientific research capacity
can promote the innovation and development of transportation technology [81]; high-tech
industries require higher efficiency in the movement of people and materials, which leads
to a higher demand for efficient and convenient transportation networks [82]; and the trans-
formation of the results of scientific research projects can contribute to the economic and
social development of the region, including the improvement of transportation infrastruc-
tures [83]. Existing studies show that, the larger the urban area, the more the agglomeration
effect can be formed to attract investment and provide public services, meaning that de-
mand for transportation facilities can be more easily satisfied [80,84,85]. This is consistent
with our findings that urban area is an important driver of UTSD (10.90%). The amount
of investment in secondary and tertiary fixed assets is the amount of investment used to
acquire and construct fixed assets. The transportation network, as an important fixed asset
and infrastructure in the region, is usually an important element of this investment [20,86].
Therefore, the fixed investment in secondary and tertiary industries has a significant impact
on UTSD (8.72%). In general, the connotation of ULUE prompts the demand for improving
the transportation infrastructure and, at the same time, provides a guarantee for UTSD
upgrading [78,87]. Therefore, ULUE has a stimulative effect on UTSD. Longzhong and
the surrounding areas are the most densely populated commercial, industrial, and tech-
nology areas in Gansu [88]. Therefore, this region has the highest UTSD in the province
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(Figure 3). This region has a strong ability to deploy and efficiently utilize all types of
resources [85], and a high UTSD with high ULUE agglomeration is usually formed in
the core area (Figure 5c). The area radiated by this core is positively driven by ULUE to
UTSD, so the contribution of ULUE to UTSD is particularly significant in Longzhong and
neighboring areas (Figure 7b).

4.4. Policy Recommendations and Shortcomings of This Study
4.4.1. Policy Recommendations

The results of the coupling and coordination study of UTSD and ULUE found that the
overall trend in UTSD lagging behind ULUE in Gansu did not change by 2020 (Figure 5a).
Therefore, the transportation network needs to be continuously constructed and improved.
At the same time, taking into account the decline in ULUE seen from 2015 to 2020, the invest-
ment in transportation infrastructure will need to be biased; additionally, the Xinan region
formed a low UTSD and low ULUE agglomeration (Figure 5c). The interactions between
UTSD and ULUE in this region were all positively facilitated (Figure 7). Therefore, in the
future, the Xinan region of Gansu should prioritize transportation network planning and
construction, especially the planning and construction of transportation arteries. Through
the investment in transportation infrastructure construction, not only can the UTSD of the
region be improved but the improvement of the various production inputs in regard to
utilization efficiency and ULUE can be promoted. In the Longdon and Hexi regions, an
increase in UTSD may cause a decrease in ULUE. Efforts should first be made to cultivate
regional core cities to match and optimize existing input resources and form a positive
interaction between UTSD and ULUE. The Longzhong region, as the core region of Gansu
Province, needs to continue to expand its influence and the positive spillover effects of
UTSD and ULUE to the southeastern part of Gansu, realizing the ability of greater regional
economic radiation and efficient resource utilization. In summary, the areas where UTSD
and ULUE mutually promote each other should be prioritized for transportation network
construction, mainly including Xinan and Longzhong areas. The areas where the increase
in UTSD will reduce ULUE should be carefully planned for transportation infrastructure
construction, particularly the Longdong region and the western part of Hexi region.

4.4.2. Deficiency and Prospect

This study takes the county-level city as the basic unit, and the advantage is that
the research results can correspond to each administrative unit individually, which helps
in the formulation and implementation of the development plan. Regarding the spatial
scales of geographic research, the research results may differ across scales [56]. Owing to
limited data availability, the study period is 2005–2020, and it may be possible to better
grasp the evolution and interaction between UTSD and ULUE if longer time series data are
studied [89]. Transportation is essentially one of the media through which communication
is realized, and inter-regional communication is achieved through various means, including
information, energy, and material flows [89]. Currently, the spatial flow capture technology
is gradually maturing. If the capture and recording of spatial flow can be realized, this can
more objectively reflect the actual situation of inter-regional exchanges and connections.
Moreover, its impact on ULUE is worthy of in depth exploration in the future [90]. The
natural environment plays an important role in influencing transportation network con-
struction and land use processes [91]. How to incorporate environmental factors better into
a study is an issue that should be of great concern in future research. This paper proves that
UTSD and ULUE are mutually causal, but the influence path of the two needs to be further
discussed. The structural equation model can be used to further study the relationship
between variables in the future [92].

5. Conclusions

This paper established a comprehensive data base containing transportation network
data, geographic environmental data, and socioeconomic data, utilizing the county area of
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Gansu as the research unit. Furthermore, this study used the improved UTSD algorithm,
S-SBM-U, CCDM, Moran’s I, ADF, PGCT VIF, RF and MGTWR to reveal the spatial and
temporal evolution and coupling relationship between UTSD and ULUE in Gansu during
2005–2020 and verified and explored the mechanism of the interaction between UTSD and
ULUE. The main conclusions are as follows: from 2005 to 2020, the average UTSD in Gansu
increased from 0.56 to 1.01 and the Belt and Road Initiative accelerated the construction of
the transportation network in Gansu. By 2020, higher UTSD units connected the province
from east to west and the transportation corridor had been initially completed. The
average ULUE increased from 0.52 to 0.62, with the growth trend first increasing and then
decreasing. The spatial distribution of ULUE was high in the west and north and low in
the east and south. From 2005 to 2020, the average CCDM of UTSD and ULUE in Gansu
increased from slightly unbalanced (0.37) to slightly balanced (0.52) and the coordination
characteristics were mainly characterized by UTSD lagging behind ULUE. There was a
positive spatial effect between UTSD and ULUE, the clusters were spatially clustered,
and spatially high-UTSD and high-ULUE clustered areas existed along the transportation
arteries. UTSD and ULUE were mutually causal, with the degree of transportation arterial
influence degree being the strongest driver of ULUE among the components of UTSD
(30.41% contribution) and tax revenue being the strongest driver of UTSD among the
components of ULUE (15.10% contribution). UTSD positively and negatively drove ULUE
in both directions and ULUE positively drove UTSD. The spatial heterogeneity of UTSD and
ULUE interactions was obvious, and core cities played a key role in resource allocation and
efficient utilization. Overall, the connotation of ULUE prompted the demand for improving
the transportation infrastructure and, at the same time, provided a guarantee in regard
to UTSD upgrading, which in turn affected the ULUE. The future transportation network
must be continuously constructed and improved, and, at the same time, the investment
in transportation infrastructure will need to be biased. The Xinan region of Gansu should
prioritize the planning and construction of the transportation network, which would help
improve UTSD and ULUE and promote the efficient use of all types of resources. In the
Longdong and Hexi regions, efforts should first be made to cultivate regional core cities to
match and optimize existing input resources and form a positive interaction between UTSD
and ULUE. The Longzhong region needs to continue to expand its influence and seek to
expand the positive spillover effects of UTSD and ULUE to the southeastern part of Gansu,
realizing the ability of greater regional economic radiation and efficient resource utilization.
Future research will discuss the interaction between UTSD and ULUE at different scales
while also examing how environmental factors can be more fully integrated into research.
These are issues that merit further study.
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