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Abstract: Exploring the mechanisms that drive land use and cover change (LUCC) is essential for
informing the formulation and implementation of effective policies aimed at optimizing land use
patterns. In this study, we examined the spatial and temporal patterns of LUCC within the Lancang–
Mekong River Basin (LMRB) using Globeland30 data for the years 2000, 2010, and 2020. Firstly, we
analyzed the quantitative characteristics of LUCC within the LMRB in terms of the value of change
and rate of change. Additionally, we investigated the converting characteristics of LUCC within
the LMRB by employing land use transition matrices and land use transition probability matrices.
Furthermore, we depicted the spatial distribution of LUCC within the LMRB through land use
mapping and statistical analysis. The results indicate a substantial decline in forests, coupled with a
notable expansion in cultivated land. Given the vital role of forests as carbon sinks, reforestation can
enhance ecological services and address challenges related to climate change. Converting cultivated
land to forests is an effective human intervention promoting forest transition. This study applies
binary logistic models to explore the mechanisms that influence the conversion from cultivated
land to forests. The results reveal that slopes ranging from 5◦ to 15◦ have the lowest probability of
conversion, whereas distances between the cultivated land and the nearest tourist attraction ranging
from 9 km to 18 km have the highest probability. Moreover, the conversion process is positively
associated with traffic conditions and significantly influenced by human interventions. Within the
study area, China, Laos, and Myanmar show a tendency to convert cultivated land into natural
LULC types, while Cambodia, Thailand, and Vietnam tend to encroach on cultivated land and
expand artificial surfaces. Promoting ecological restoration in the LMRB requires cooperation among
these countries.

Keywords: reforestation; transition matrix; logistic regression; LUCC; Lancang–Mekong River Basin

1. Introduction

Land use and cover change (LUCC) was launched in 1994 as a Core Project of the Inter-
national Geosphere-Biosphere Programme (IGBP). With the global population continuously
growing, urbanization accelerating, and economic development advancing, formulating
land use policies that promote the rational use of land resources and mitigate the negative
ecological impacts of LUCC, such as soil erosion [1], water resource scarcity [2], biodi-
versity loss, and other ecological damage, while addressing the negative effects of urban
expansion and urban–rural disparity to realize a balance between economic development,
ecological protection, and social equity, has become a crucial focus for academics in in-
terdisciplinary fields [3]. Land change science (LCS) is a disciplinary field that focuses
on studying LUCC. Analyzing LUCC can guide the preparation of territorial planning,
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protect the ecological environment, and optimize the patterns of LUCC, which can pro-
mote sustainable development in LUCC. Research in this area encompasses diverse topics,
including ecosystem services [4], remote sensing monitoring [5], optimization of land use
and land cover (LULC) [6], policy impacts [7], climate change [8], efficiency of land use,
and biodiversity conservation. In recent years, the analysis of LUCC has made significant
progress in data acquisition and processing, method innovation and integration, and ex-
ploration of factors influencing LUCC. Notably, technological advancements have greatly
enhanced the ability to acquire and process data related to LULC [9]. For example, tools
like the Google Earth Engine [10] and cloud computing platforms have revolutionized
spatial information acquisition for LUCC analysis. Remote sensing technology enables
large-scale and high-resolution data collection, while GIS facilitates LULC classification,
intensity calculation, and spatial pattern analysis. The application of machine learning algo-
rithms [11], incorporation of landscape ecology indicators for LULC pattern evaluation [12],
and integration of remote sensing, GIS, and model simulation techniques [13] represent
notable innovations in LCS. Additionally, various models have been employed to explore
the driving factors behind LUCC, including system dynamics model [14], multi-factor
driving model [1,15], and predictive models, such as the cellular automata model [16] and
Bayesian hierarchical spatiotemporal models [17], among others.

Relevant studies have pointed out that Southeast Asia has been experiencing large-
scale forest loss in recent years [13,18,19]. The Food and Agriculture Organization (FAO) [20]
points out the vital role of forests. The loss of the protective function provided by forests,
such as shading the soil surface and stabilizing soil and rocks, can lead to problems like
landslides, soil erosion, and declining water quality. These environmental degradations can
have serious consequences for both the ecosystem and human communities in the affected
areas [21]. To increase forest cover, two approaches can be considered: firstly, establishing a
protected area for forests more likely converted into other LULC types; secondly, convert-
ing other LULC types into forests can actively contribute to increasing forest cover. The
conversion of other LULC types to forests can significantly enhance the ecological services
of land, amplify carbon sequestration and storage capacities, and contribute to a reduction
in greenhouse gas emissions. The driving force of LUCC varies greatly with space, time,
and land use type [18]. The Lancang–Mekong River Basin (LMRB), encompassing the
largest watershed in Southeast Asia, contains a diverse range of LULC types, as well as
significant variations in topography and geomorphology. Yun et al. [22] predicted an
increasing probability of simultaneous wetting in both upstream and downstream areas
within the LMRB, accompanied by a decreasing likelihood of wet/dry differences between
these regions. Consequently, the potential for upstream and downstream competition for
water resources is expected to rise among the countries within the LMRB.

The objective of this paper is to investigate the extent of deforestation within the
LMRB during the period of 2000–2020 by analyzing the spatio-temporal patterns of LUCC.
Additionally, we aim to find out how to increase forest cover within the LMRB. To achieve
this, we examined the spatial and temporal patterns of LUCC within the Lancang–Mekong
River Basin (LMRB) using the Globeland30 data for the years 2000, 2010, and 2020. The
findings of our study reveal that the extent and rate of forests degraded in the second decade
(2010–2020) were larger than those in the first decade (2000–2010). The most important
destination for deforestation within the LMRB is cultivated land, which holds the largest
share of non-forest land cover within the basin. Previous research suggests a U-shaped
curve relationship between changes in forested land area and regional economic and social
development [14]. This trend is closely associated with changes in cultivated land. Instead
of resorting to forest logging, it is advisable for the government to promote measures aimed
at improving the quality of cultivated land from a soil science perspective. Enhancing the
quality of cultivated land can increase agricultural productivity to meet the food demands
of the region. A theoretical framework was established to explore the factors influencing
land conversion [23]. In this study, we explore the mechanisms driving the conversion from
cultivated land to forests using logistic regression. And we assume that the conversion
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of cultivated land to forests is influenced by three aspects. Firstly, natural factors include
elevation and slope. Secondly, locational factors include distance to the nearest main road,
distance to the nearest tourist attraction, and distance to the nearest town center. Lastly,
socio-economic factors include changes in population density and changes in nighttime
light. Population density is highly correlated with agricultural activities, and nighttime
light is highly correlated with industrial production. The overlap of these factors can
reflect the socio-economic level of the area to some extent, including formal and informal
economic activities [24]. In summary, by studying the spatio-temporal patterns of LUCC
and understanding the mechanisms that drive the conversion of cultivated land into forests
can develop strategies to increase forest cover and improve land management practices in
critical regions such as the LMRB.

2. Materials and Methods
2.1. Study Area

The Lancang–Mekong River is a significant transboundary river in Asia, spanning
a total length of 4880 km and flowing through six countries: China, Laos, Myanmar,
Thailand, Cambodia, and Vietnam (Figure 1). It ultimately discharges into the South China
Sea south of Ho Chi Minh City in Vietnam. The river system contains mainstem rivers,
tributaries, and small rivers. The delineation of the water system within the study area
is based on research conducted by Wang and their team [25]. According to a study by
Munia et al. [26], the upstream area of the LMRB is identified as the watershed located in
China and Myanmar. On the other hand, the downstream area encompasses watersheds
situated in Thailand, Laos, Vietnam, and Cambodia. The LMRB covers a vast area within a
range from 8.4◦ N to 33.9◦ N and 93.7◦ E to 109.5◦ E, with a total basin area of approximately
81,810,571.14 hectares. When it comes to land distribution, Laos accounts for about 25.65%
of the basin area, followed by Thailand (23.36%), China (20.90%), Cambodia (19.23%),
Vietnam (8.10%), and Myanmar (2.76%). The terrain within the basin is characterized
by highlands in the northwest and lowlands in the southeast, with elevations ranging
from −15 m to 6193 m. LULC types in the upstream area are predominantly composed of
permanent glaciers and ices, grasslands, and forests. In contrast, the downstream area is
dominated by forests, cultivated land, water bodies, wetlands, and a relatively larger extent
of artificial surfaces. Within the study area, there is one city with a population exceeding
500,000, namely Phnom Penh, and one city with a population ranging from 250,000 to
500,000, namely Vientiane. Additionally, there are seven cities with populations ranging
from 100,000 to 250,000, including Khon Kaen, Nakhon Ratchasima, Ubon Ratchathani,
Can Tho, My Tho, Rach Gia, and Long Xuyen. Moreover, there are at least 47 other cities
within the LMRB with populations less than 100,000 people.

2.2. Data Source and Introduction

Various LULC datasets exist. In comparison to the ESA Land Cover CCI dataset and
the land use data provided by Copernicus European Earth monitoring program (Global
Land Service (GIO-GL)), which were co-recommended by Mora et al. [27] for monitoring
progress towards Sustainable Development Goals, the Globeland30 data developed by
National Geomatics Center of China (NGCC) include ten LULC types at a spatial resolution
of up to 30 m [28,29]. This LULC product was derived from a pixel-object-knowledge
(POK)-based operational mapping approach, utilizing over 20,000 Landsat and Chinese HJ-
1 satellite images. The overall classification accuracy achieved was over 80% after careful
processing and analysis [30]. To acquire the explanatory variables, data from various
platforms were utilized. First, we got digital elevation model (DEM) data with 30 m spatial
resolution were obtained from the United States Geological Survey. As for the slope data,
we produced them from DEM data. Then, we obtained town centers, main roads, and
tourist sites from OpenStreetMap. Finally, the population density data were from the Oak
Ridge National Laboratory. Additionally, Professor Yu’s team overcame the difficulty of
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the non-comparison between DMSP-OLS data and NPP-VIIRS data [31] and provided
nighttime light data for the years 2000, 2010, and 2020.
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body, AS means artificial surface, BL means bare land, PSI means permanent snow and ice.
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2.3. Method of Analysis and Data Processing
2.3.1. Land Use Transition Matrix and Land Use Transition Probability Matrix

The land use transition matrix is a cross-tabulation matrix used to compare two maps
from different points in time, allowing for the assessment of total change in land categories.
It consists of four components: net change, swap, gross gains, and gross losses [32]. Net
change provides valuable information about definite changes in the landscape, but it
is crucial to recognize that the absence of net change does not necessarily indicate a
lack of change. The swap component of change, where categories change location while
maintaining the same quantity, should also be considered when analyzing landscape
changes. However, the diverse range of LULC types present in the study area makes it
comparatively complex for the land use transition matrix to reflect the characteristics of
LUCC. To improve the readability of the matrix, two steps are followed to convert the land
use transition matrix (T) into a land use transition probability matrix (P). Tij represents
the number of transitions from land use category i to category j. First, for each row in
the transition matrix, the sum of all values in that row is calculated to obtain the total
transition quantity for each land use category. Second, each element in the transition matrix
is divided by its corresponding total transition quantity obtained in the previous step. This
transformation yields the land use transition probabilities, which represent the likelihood
of transitioning from one land use category to another.

2.3.2. Logistic Regression

Logistic regression is a commonly used statistical method for analyzing factors that
influence dichotomous or multi-categorical problems. In a study by Sun et al. [33], they
employed single-factor logistic regression analysis, multi-factor logistic regression analysis,
and stratified logistic regression analysis to analyze the driving factors. Binary logistic
regression is a statistical method used to predict the outcome of a dichotomous dependent
variable based on previous observations. In the study, a binary logistic regression model
was applied to explore the effect of explanatory variables on response variable, as expressed
in Formula (1). In the formula, P indicates the probability of an event occurring, while
1 − P indicates the probability of the event not occurring. X means the set of explanatory
variables in the study, including X1, X2. . . Xm, and β means the set of regression coefficients
to be determined, including β1,β2. . .βm.

ln
(

P
1 − P

)
= β0 + β1X1 + . . . + βmXm (1)

In single-factor logistic regression analysis, variables with an asymptotic significance
level greater than 0.05 are excluded from the range of driving factors explored in the next
step [34]. In multi-factor logistic regression analysis, researchers often evaluate the perfor-
mance of the logistic regression model by examining the area under the receiver operating
characteristic curve (AUC). Fawcett [35] introduced receiver operating characteristic (ROC)
analysis in 2006, highlighting that ROC graphs can provide a more comprehensive measure
of classification performance compared to scalar measures, such as overall accuracy (OA),
error rate, or error cost. To optimize the model for higher AUC or OA, some researchers
exclude variables with poor independence. To investigate the impact of each factor on
the conversion from cultivated land to forests, factors in the model were discretized, and
reference categories were selected.

2.3.3. Data Processing

This section contains two parts. First, we analyze the spatio-temporal patterns of
LUCC in the LMRB during 2000–2020 through constructing land use transition matrices
and land use transition probability matrices. This analysis is conducted using the raster
calculator function in GIS software (ArcMap 10.7) and the pivot table function in Excel. The
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LMRB-wide land use transition matrices and land use transition probability matrices are
calculated based on the Globeland30 data for the years 2000, 2010, and 2020.

Second, in terms of acquiring the response variable and the explanatory variables for
analyzing the impact mechanism of the conversion from cultivated land to forests, the
data processing involved several steps. To acquire response variable, with the help of GIS
software (ArcMap 10.7 and ArcGIS pro 10.3), following steps were carried out: (1) the
Spatial Analyst Tool named Raster Calculator was applied to define the attribute value
of the spatial unit that changed within the study area as 1 and the attribute value of the
spatial unit that did not change as 0; (2) within the spatial range of the spatial unit with an
attribute value of 1, the Spatial Analyst Tool named Extract by Attributes was applied to
obtain the raster data of cultivated land change to other LULC types; (3) the Conversion
Tool named From Raster to Polygon was applied to convert the raster data into vector data;
(4) random point data were created within the spatial extent constrained by the vector data;
(5) the Spatial Analyst Tool named Extract Multi-values to Points was applied to assign
land use type attributes to the random point data in the initial and final years, where the
attribute for conversion of land use type from cultivated land to forests is defined as 1 and
the attribute for conversion of land use type from cultivated land to other LULC types is
defined as 0. To acquire explanatory variables (see more in Table 1), with the help of the
GIS software (ArcMap 10.7 and ArcGIS pro 10.3), following steps were carried out: (1) the
Spatial Analysis Tool called Slope Analysis Tool was used to generate slope data at 30 m
resolution based on the DEM data; (2) the Spatial Analyst Tool called Euclidean Distance
was used to generate data, including the distance to the nearest main road, the distance to
the nearest tourist attraction, and the distance to the nearest town center; (3) another Spatial
Analyst Tool named Raster Calculator was used to generate data, including the change in
population density and nighttime light; (4) the values of the explanatory variables were
assigned to the attribute table of the random point data with the help of the Spatial Analyst
Tool named Extract Multi-values to Points.

Table 1. Explanatory variables involved in exploring mechanisms impacting LUCC.

EV * FC * The Meaning of the Variable Variable Type Unit

X1 natural slope continuous degree
X2 natural elevation continuous m
X3 locational distance to the nearest main road continuous m
X4 locational distance to the nearest tourist attraction continuous m
X5 locational distance to nearest town center continuous m
X6 socio-economic change in population density continuous people·km−2·10 year−1

X7 socio-economic change in nighttime light continuous nW·cm−2·sr−1·10 year−1

* EV means explanatory variable; FC means factor category.

It is worth mentioning that certain measures were taken to address spatial autocorre-
lation and potential bias in the analysis. To mitigate the effect of spatial autocorrelation,
the minimum distance between points was set to be no less than 50 m. Additionally, to
reduce bias, efforts were made to maintain a balanced ratio of sample points between the
two classes (0 and 1), aiming for a close to 1:1 ratio. This ensured that the samples were
representative. In summary, the attribute tables of the random point data containing the Y
(response variable) and X (explanatory variables) values were exported and saved as Excel
files. The entire workflow of the study is depicted in Figure 2.
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3. Results
3.1. Characteristics of the LULC in the LMRB

This section analyses the quantitative characteristics of a single LULC type and the
converting characteristics between each two LULC types within the LMRB based on the
Globeland30 data. On the one hand, when it comes to the quantitative characteristics of a
single LULC type, this study portrayed it in terms of the quantitative structure, value of
change, and rate of change. Firstly, forests and cultivated land were the two types with
the highest proportions of all LULC types in these three years within the LMRB (Table 2).
Secondly, forests and cultivated land were the two main LULC types that changed in the
two decades within the LMRB (Figure 3). Finally, compared to the period from 2000 to 2010,
the LULC types except for shrublands underwent relatively greater changes from 2010
to 2020 within the LMRB (Figure 3). On the other hand, when it comes to the converting
characteristics between each two LULC types within the LMRB, this study portrayed it with
the help of the land use transition matrices and land use transition probability matrices
(Tables 3 and 4, and Figure 4). Firstly, over the past two decades, more than 50% of the
area of all LULC types have remained unchanged. Among all LULC types, cultivated
land and forests are the two most stable LULC types, while shrublands is the least stable.
Secondly, conversions from forests to cultivated land and grasslands and conversions from
cultivated land and grasslands to forests are the four main conversions ranked as the top
five in terms of area. Additionally, in the second decade, the conversion from grasslands to
permanent snows and ices replaced the conversion from grasslands to cultivated land as
one of the main conversions ranked as the top five in terms of area. Finally, cultivated land
has been converted more to artificial surfaces than to grasslands, except for conversion
from cultivated land to forests. Grasslands have been converted more to permanent snows
and ices than to cultivated land, except for conversion from grasslands to forests. Bare
lands have been converted more to permanent snows and ices than to forests, except for
conversion from bare lands to grasslands.
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Table 2. Proportion of the area of each LULC type in the LMRB by year.

Proportion *

2000 2010 2020

CL 33.63 34.71 36.23
F 50.00 49.05 47.14

GL 12.61 12.13 10.45
SL 0.54 0.70 0.68
WL 0.97 1.01 1.06
WB 1.49 1.44 1.62
AS 0.47 0.54 1.07
BL 0.18 0.20 0.64
PSI 0.12 0.23 1.12

* Proportions are in %. CL means cultivated land, F means forest, GL means grassland, SL means shrubland, WL
means wetland, WB means water body, AS means artificial surface, BL means bare land, PSI means permanent
snow and ice.
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Table 3. Land use transition matrix within the LMRB during 2000–2010.

2000

2010

LossCL * F GL SL WL WB AS BL PSI

28,409,553 40,113,679 9,949,944 570,273 825,300 1,174,767 439,432 155,103 172,520

CL 27,521,109 26,681,996 525,545 90,944 26,453 37,304 74,815 82,657 1396 0 839,113
F 40,887,870 1,211,866 38,260,549 1,058,075 195,655 53,248 75,531 25,022 5397 2529 2,627,321

GL 10,337,740 229,769 1,107,761 8,690,976 111,523 20,359 25,830 8993 28,920 113,610 1,646,764
SL 440,345 14,137 141,197 49,527 234,482 7 422 296 270 6 205,863
WL 793,435 59,272 8853 2802 27 693,156 29,180 135 10 0 100,280
WB 1,220,705 150,978 56,214 21,248 1420 21,084 967,220 1966 334 240 253,485
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Table 3. Cont.

2000

2010

LossCL * F GL SL WL WB AS BL PSI

28,409,553 40,113,679 9,949,944 570,273 825,300 1,174,767 439,432 155,103 172,520

AS 387,850 60,730 3741 1104 291 69 1564 320,348 3 0 67,502
BL 141,916 805 3951 18,084 109 74 205 12 116,828 1847 25,088
PSI 79,601 0 5869 17,184 312 0 0 3 1946 54,288 25,313

Gain 1,727,557 1,853,130 1,258,968 335,792 132,144 207,548 119,084 38,275 118,232
Net change 888,444 −774,191 −387,796 129,929 31,864 −45,937 51,582 13,187 92,919

* CL means cultivated land, F means forest, GL means grassland, SL means shrubland, WL means wetland, WB
means water body, AS means artificial surface, BL means bare land, PSI means permanent snow and ice. And the
obvious transitions are bold.

Table 4. Land use transition matrix within the LMRB during 2010–2020.

2010

2020

LossCL * F GL SL WL WB AS BL PSI

29,637,662 38,569,101 8,545,321 556,399 865,043 1,321,850 875,079 520,563 919,554

CL 28,409,553 27,252,609 424,081 87,564 16,709 74,808 136,630 415,178 1974 - 1,156,944
F 40,113,679 1,954,153 36,998,930 839,098 167,693 6163 88,274 41,039 16,539 1790 3,114,749

GL 9,949,944 256,249 940,373 7,507,432 60,298 1927 29,317 17,855 385,584 750,910 2,442,512
SL 570,273 24,467 163,814 65,076 310,278 28 4329 2083 189 9 259,996
WL 825,300 44,085 1368 1420 6 760,283 17,685 441 12 - 65,016
WB 1,174,767 67,443 24,981 12,425 883 20,766 1,043,590 3155 1096 428 131,178
AS 439,432 38,560 2043 1361 254 174 1685 395,323 30 - 44,109
BL 155,103 95 4931 22,381 274 893 256 5 112,269 14,000 42,834
PSI 172,520 - 8579 8565 5 - 83 - 2871 152,417 20,103

Gain 1,727,557 2,385,052 1,570,171 1,037,890 246,121 104,759 278,260 479,756 408,295
Net change 888,444 1,228,109 −544,578 −404,623 −13,875 39,743 147,082 435,647 365,460

* CL means cultivated land, F means forest, GL means grassland, SL means shrubland, WL means wetland, WB
means water body, AS means artificial surface, BL means bare land, PSI means permanent snow and ice. And the
obvious transitions are bold.

Land 2024, 13, x FOR PEER REVIEW 10 of 21 
 

 
Figure 4. Land use transition probability matrix within the LMRB during: (a) 2000−2010; (b) 
2010−2020. CL means cultivated land, F means forest, GL means grassland, SL means shrubland, 
WL means wetland, WB means water body, AS means artificial surface, BL means bare land, PSI 
means permanent snow and ice. 

3.2. Regional Differentiation Pattern in the LMRB 
This section focuses on analyzing the divergence pattern in the quantity and transfer 

of each LULC type in each country within the LMRB using the Globeland30 data for the 
years 2000, 2010, and 2020. The study area was divided into six spatial units by the na-
tional administrative boundary. To analyze the differentiation pattern in LULC, net 
change and gain/loss change for each LULC type were examined. The net change provides 
an overall perspective on LUCC, while the gain/loss change focuses on specific aspects to 
identify areas of increases and decreases. 

On a practical level, Cambodia emerged as the main contributor to the net change in 
cultivated land within the LMRB over the two decades analyzed. Cambodia surpassed 
Laos as the primary contributor to the increase in cultivated land, while Thailand replaced 
China as the main contributor to the decrease in cultivated land from 2010 to 2020 com-
pared to the period from 2000 to 2010. Regarding forests, Cambodia replaced Laos as the 
primary contributing country to the net change in the LMRB from 2010 to 2020 compared 
to the period from 2000 to 2010. China played a significant role in forest increase, whereas 
Cambodia replaced Laos as the primary contributor to forest decrease. For more detailed 
information, refer to Figure 5. To visualize the spatial changes in land use and land cover 
within the study area from 2000 to 2020, we created a visualization depicting the gains 
and losses of each LULC type. For more details, refer to Figure 6. 

Figure 4. Land use transition probability matrix within the LMRB during: (a) 2000–2010;
(b) 2010–2020. CL means cultivated land, F means forest, GL means grassland, SL means shrubland,
WL means wetland, WB means water body, AS means artificial surface, BL means bare land, PSI
means permanent snow and ice.



Land 2024, 13, 305 10 of 20

3.2. Regional Differentiation Pattern in the LMRB

This section focuses on analyzing the divergence pattern in the quantity and transfer
of each LULC type in each country within the LMRB using the Globeland30 data for the
years 2000, 2010, and 2020. The study area was divided into six spatial units by the national
administrative boundary. To analyze the differentiation pattern in LULC, net change and
gain/loss change for each LULC type were examined. The net change provides an overall
perspective on LUCC, while the gain/loss change focuses on specific aspects to identify
areas of increases and decreases.

On a practical level, Cambodia emerged as the main contributor to the net change in
cultivated land within the LMRB over the two decades analyzed. Cambodia surpassed Laos
as the primary contributor to the increase in cultivated land, while Thailand replaced China
as the main contributor to the decrease in cultivated land from 2010 to 2020 compared to
the period from 2000 to 2010. Regarding forests, Cambodia replaced Laos as the primary
contributing country to the net change in the LMRB from 2010 to 2020 compared to the
period from 2000 to 2010. China played a significant role in forest increase, whereas
Cambodia replaced Laos as the primary contributor to forest decrease. For more detailed
information, refer to Figure 5. To visualize the spatial changes in land use and land cover
within the study area from 2000 to 2020, we created a visualization depicting the gains and
losses of each LULC type. For more details, refer to Figure 6.

3.3. Conversion between Forests and Cultivated Land in the LMRB

In this study, the land use transition probability matrices reveal that the main direction
of conversion within the LMRB over the two-decade period from 2000 to 2020 was the
mutual conversion between cultivated land and forests. Figure 7 illustrates how forests
and cultivated land were converted into other LULC types across different spatial units
from 2000 to 2020, highlighting the dynamic changes in the LMRB’s landscape.

3.4. Mechanisms Impacting the Conversion from Cultivated Land to Forests

Before constructing a mathematical model to investigate the driving factors of the con-
version from cultivated land to forests, several steps were taken to ensure the quality of the
dataset and reduce bias. These steps included controlling sample balance and selecting sig-
nificant explanatory variables through single-factor analysis. Firstly, the response variable
in this study is a dichotomous variable, indicating the presence or absence of conversion
from cultivated land to forests. In the first decade, 2112 samples were collected, consisting
of 1050 positive cases and 1062 negative cases. In the second period, 1200 samples were
collected, with 600 positive cases and 600 negative cases. The balance of positive and nega-
tive cases within the two sample sets ensures a reduced sample bias. Secondly, through the
results of the single-factor binary logistic regression analysis (Table 5), it can be assumed
that all the explanatory variables from X1 to X7 contribute to predicting the conversion
from cultivated land to forests over the two decades analyzed, within the 95% confidence
interval. Therefore, all the explanatory variables are included in the multi-factor logistic
regression model.
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Figure 5. Patterns of national differentiation in terms of: (a) net change for each LULC type during
2000–2020; (b) gain for each LULC type from 2000 to 2010; (c) loss for each LULC type from 2000
to 2010; (d) gain for each LULC type from 2010 to 2020; (e) loss for each LULC type from 2010
to 2020. CL means cultivated land, F means forest, GL means grassland, SL means shrubland,
WL means wetland, WB means water body, AS means artificial surface, BL means bare land, PSI
means permanent snow and ice. CHN: China; KHM: Cambodia; LAO: Laos; MMR: Myanmar; THA:
Thailand; VNM: Vietnam.



Land 2024, 13, 305 12 of 20

Land 2024, 13, x FOR PEER REVIEW 12 of 21 
 

Figure 5. Patterns of national differentiation in terms of: (a) net change for each LULC type during 
2000−2020; (b) gain for each LULC type from 2000 to 2010; (c) loss for each LULC type from 2000 to 
2010; (d) gain for each LULC type from 2010 to 2020; (e) loss for each LULC type from 2010 to 2020. 
CL means cultivated land, F means forest, GL means grassland, SL means shrubland, WL means 
wetland, WB means water body, AS means artificial surface, BL means bare land, PSI means perma-
nent snow and ice. CHN: China; KHM: Cambodia; LAO: Laos; MMR: Myanmar; THA: Thailand; 
VNM: Vietnam. 

(a) 

 
(b) 

Figure 6. LUCC across the LMRB: (a) gain and loss from 2000 to 2010; (b) gain and loss from 2000 
to 2010. CL means cultivated land, F means forest, GL means grassland, SL means shrubland, WL 
means wetland, WB means water body, AS means artificial surface, BL means bare land, PSI means 
permanent snow and ice. 

3.3. Conversion between Forests and Cultivated Land in the LMRB 

Figure 6. LUCC across the LMRB: (a) gain and loss from 2000 to 2010; (b) gain and loss from
2010 to 2020. CL means cultivated land, F means forest, GL means grassland, SL means shrubland,
WL means wetland, WB means water body, AS means artificial surface, BL means bare land, PSI
means permanent snow and ice.



Land 2024, 13, 305 13 of 20

Land 2024, 13, x FOR PEER REVIEW 13 of 21 
 

In this study, the land use transition probability matrices reveal that the main direc-
tion of conversion within the LMRB over the two-decade period from 2000 to 2020 was 
the mutual conversion between cultivated land and forests. Figure 7 illustrates how for-
ests and cultivated land were converted into other LULC types across different spatial 
units from 2000 to 2020, highlighting the dynamic changes in the LMRB’s landscape. 

  
(a) (b) 

  
(c) (d) 

Figure 7. The probability of conversion from forests to other LULC types during: (a) 2000−2010; (b) 
2010−2020. The probability of conversion from cultivated land to other LULC types during: (c) 
2000−2010; (d) 2010−2020. CL means cultivated land, F means forest, GL means grassland, SL means 
shrubland, WL means wetland, WB means water body, AS means artificial surface, BL means bare 
land, PSI means permanent snow and ice. CHN: China; KHM: Cambodia; LAO: Laos; MMR: My-
anmar; THA: Thailand; VNM: Vietnam. 

3.4. Mechanisms Impacting the Conversion from Cultivated Land to Forests 
Before constructing a mathematical model to investigate the driving factors of the 

conversion from cultivated land to forests, several steps were taken to ensure the quality 
of the dataset and reduce bias. These steps included controlling sample balance and se-
lecting significant explanatory variables through single-factor analysis. Firstly, the re-
sponse variable in this study is a dichotomous variable, indicating the presence or absence 
of conversion from cultivated land to forests. In the first decade, 2112 samples were col-
lected, consisting of 1050 positive cases and 1062 negative cases. In the second period, 1200 
samples were collected, with 600 positive cases and 600 negative cases. The balance of 
positive and negative cases within the two sample sets ensures a reduced sample bias. 
Secondly, through the results of the one-way analysis of variance (Table 5), it can be as-
sumed that all the explanatory variables from X1 to X7 contribute to predicting the con-
version from cultivated land to forests over the two decades analyzed, within the 95% 
confidence interval. Therefore, all the explanatory variables are included in the multi-fac-
tor logistic regression model. 

  

Figure 7. The probability of conversion from forests to other LULC types during: (a) 2000–2010;
(b) 2010–2020. The probability of conversion from cultivated land to other LULC types during:
(c) 2000–2010; (d) 2010–2020. CL means cultivated land, F means forest, GL means grassland, SL
means shrubland, WL means wetland, WB means water body, AS means artificial surface, BL means
bare land, PSI means permanent snow and ice. CHN: China; KHM: Cambodia; LAO: Laos; MMR:
Myanmar; THA: Thailand; VNM: Vietnam.

Table 5. The single-factor binary logistic regression analysis in two decades.

AUC

X1 X2 X3 X4 X5 X6 X7

I 0.735 *** 0.726 *** 0.608 *** 0.702 *** 0.580 *** 0.417 *** 0.468 *
II 0.669 *** 0.657 *** 0.636 *** 0.669 *** 0.615 *** 0.347 *** 0.420 ***

Note: I refers to the period during 2000–2010 and II refers to the period during 2010–2020; an AUC greater than
0.7 or less than 0.3 is considered a better result, where AUC refers to the area under the ROC curve; *** denotes
p < 0.001, * denotes p < 0.05.

To investigate the factors influencing the conversion from cultivated land to forests, a
mathematical model was constructed. Variables with strong correlations were excluded
based on the results of the multi-factor analysis, and the best model was selected by
comparing the overall accuracy of the models. Considering that each factor alone effectively
predicted the response variable (as shown in Table 5), it was observed that the significance
of the elevation factor’s influence on the response variable was less than 0.95 in the multi-
factor logistic regression analyses from 2000 to 2010. Similarly, the significance of the
elevation and slope factors’ influence on the response variable was less than 0.95 in the
multi-factor logistic regression analyses from 2010 to 2020 (as shown in Table 6). Bivariate
correlation analysis showed that the Spearman correlation coefficients between the variables
in the two phases were lower than 0.7 (as shown in Table 7), with slope and elevation
exhibiting the highest correlations of 0.696 and 0.695. It was observed that the correlation
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between slope and elevation influenced the results of the multi-factor logistic regression
analyses. Therefore, Model 1 was constructed excluding the elevation factor, and Model 2
was constructed excluding the slope factor. The overall accuracy of Model 1 was higher
than that of Model 2 (as shown in Table 8), suggesting that retaining the slope factor is
better than retaining the elevation factor in predicting the conversion of cultivated land
to forests.

Table 6. The multi-factor binary logistic regression analysis in two decades.

Exp (B)
AUC

X1 X2 X3 X4 X5 X6 X7

I 1.061 *** 1.000 4.743 *** 38.355 *** 1.000 *** 0.997 *** 0.060 *** 0.782 ***
II 1.016 1.000 3.427 ** 21.180 *** 1.000 *** 0.990 *** 0.010 *** 0.749 ***

Note: I refers to the period during 2000–2010 and II refers to the period during 2010–2020; the area under the
ROC curve (AUC) greater than 0.7 or less than 0.3 is considered as a better result; *** denotes p < 0.001, ** denotes
p < 0.01.

Table 7. Matrices of Spearman’s correlation coefficients between explanatory variables in two decades.

X1 X2 X3 X4 X5 X6 X7

first decade

X1 1
X2 0.696 ** 1
X3 0.100 ** 0.075 ** 1
X4 0.458 ** 0.428 ** 0.246 ** 1
X5 −0.006 −0.152 ** 0.355 ** 0.017 1
X6 −0.173 ** −0.077 ** 0.011 −0.152 ** −0.072 ** 1
X7 −0.125 ** −0.060 ** −0.175 ** −0.178 ** −0.134 ** −0.064 ** 1

X1 X2 X3 X4 X5 X6 X7

second
decade

X1 1
X2 0.695 ** 1
X3 0.382 ** 0.344 ** 1
X4 0.212 ** 0.237 ** 0.179 ** 1
X5 0.094 ** −0.046 0.223 ** 0.076 ** 1
X6 0.022 0.027 −0.032 −0.175 ** −0.093 ** 1
X7 −0.147 ** 0.057 * −0.198 ** −0.219 ** −0.185 ** 0.145 ** 1

Note: A spearman’s correlation coefficient less than 0.7 indicates a weak correlation; * indicates that the correlation
is significant at the 0.01 level (two-tailed). ** indicates a significant correlation at the 0.05 level (two-tailed).

Table 8. Two models concluded different explanatory variables over the two decades.

Constant X1 X3 X4 X6 X7 OA

I Model 1 −1.851 *** 0.055 *** 1.547 *** 3.611 *** −0.003 *** −2.81 *** 0.714
Model 2 −1.836 *** 1.4 *** 4.141 *** −0.004 *** −3.211 *** 0.693

II Model 1 −1.438 *** 0.026 ** 1.233 ** 3.121 *** −0.01 *** −4.419 *** 0.709
Model 2 −1.498 *** 1.365 *** 3.113 *** −0.011 *** −1.498 *** 0.694

Note: I refers to the period during 2000–2010, II refers to the period during 2010–2020; *** denotes p < 0.001,
** denotes p < 0.01. OA means overall accuracy.

In Model 1, several factors were found to impact the conversion from cultivated
land to forests. Firstly, the formulation of boundaries for the discretization of explanatory
variables involved categorizing slopes into flat slope, gentle slope, slope, and steep slope,
with dividing boundaries set at 5◦, 15◦, and 25◦. Distances to the nearest main road and
nearest tourist attraction were divided into categories of near distance, middle distance,
and long distance, with dividing boundaries set at 9 km and 18 km. Changes in population
density were categorized as either growth or nongrowth, based on whether they exceeded
0. Similarly, changes in nighttime light were divided into two categories: enhancement and
non-enhancement (depending on whether they exceeded 0). Secondly, in the formulation
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of reference categories, logistic regression models were constructed using flat slope, long
distance, non-growth, and non-enhancement as reference categories.

The computed pseudo-R-square values from the logistic regression models (Table 9) in-
dicate that the models have a relatively good ability to explain the observed data. This study
explored the specific patterns of each factor’s impact on the conversion from cultivated land
to forests across three terms. Firstly, in terms of natural factors, the probability of cultivated
land converting to forests on gentle slopes was 0.279-times as that on flat slopes, while the
probability of conversion on steep slopes was 1.812-times as that on flat slopes in the first
decade. However, no significant pattern could be observed in the second decade. Secondly,
in terms of locational factors, the probability of conversion from cultivated land to forests
within a middle distance to the nearest main road was 2.223-times as within a long distance.
Similarly, the probability of conversion within a middle distance to the nearest tourist
attraction was 1.533-times as within a long distance in the first decade. The consistent
pattern continued in the second decade, with the probability of conversion within a middle
distance to the nearest main road being 1.693-times as within a long distance, and the prob-
ability of conversion within the range of middle distance to the nearest tourist attraction
being 2.379-times as within the range of long distance. Finally, in terms of socioeconomic
factors, the probability of conversion from cultivated land to forests in growing regions was
1.458-times as in regions without growth. In the first decade, the probability of conversion
in enhancing regions was 6.420-times as in regions without enhancement. Similarly, in
the second decade, the pattern remained consistent, with the probability of conversion in
growing regions being 2.916-times as in regions without growth, and the probability of
conversion in enhancing regions being 3.062-times as in regions without enhancement.

Table 9. Logistic regression models conducted for two decades to explain the impacting mechanisms
of the conversion from cultivated land to forests.

Indicators at Level 2000–2010 2010–2020

1 2 OR n % OR n %

Slope Flat slope (Rf) 1.00 1299 61.5% 1.00 770 64.2%
Gentle slope 0.279 *** 335 15.9% 0.773 238 19.8%

Slope 1.003 304 14.4% 1.578 129 10.8%
Steep slope 1.812 * 174 8.2% 1.604 63 5.3%

DNMR Long distance (Rf) 1.00 690 32.7% 1.00 475 39.6%
Middle distance 2.223 *** 399 18.9% 1.693 *** 247 20.6%
Near Distance 0.980 1023 48.4% 1.711 * 478 39.8%

DNTA Long distance (Rf) 1.00 833 39.4% 1.00 484 40.3%
Middle distance 1.533 *** 561 26.6% 2.379 *** 396 33.0%
Near Distance 0.816 718 34.0% 1.035 320 26.7%

CPD No growth (Rf) 1.00 1100 52.1% 1.00 805 67.1%
Growth 1.458 *** 1012 47.9% 2.916 *** 395 32.9%

CNL No enhancement (Rf) 1.00 2030 96.1% 1.00 1040 86.7%
Enhancement 6.420 *** 82 3.9% 3.062 *** 160 13.3%

Total sample size 2112 1200
Pseudo R-square 0.287 0.259

Note: *** denotes p < 0.001, * denotes p < 0.05; the pseudo-R-square is a measure that ranges from 0 to 1, where
larger values indicate a better fit of the model and a greater ability to explain the observed data. DNMR means
the distance to the nearest tourist attraction. DNMR means the distance to the nearest main road. CPD means the
change in population density. CNL means the change in nighttime light. Rf means reference categories.

4. Discussion
4.1. Classification of Countries within the Study Area

The results indicate that in the period from 2000 to 2020, the LMRB experienced a
decrease in forests and an expansion in cultivated land. The mutual conversions between
cultivated land and forests were the main transfer directions within the LMRB during
this two-decade period. Forests play a crucial role in global ecosystems, carbon capture,
ecological processes, and biodiversity conservation. Deforestation has historically been a
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major driver of LUCC, making it a topic of particular interest for LCS. Promoting ecological
restoration in the LMRB requires collaborative efforts among the countries within the region.
To determine which country within the LMRB places more emphasis on the conversion
of cultivated land to forests, we classified the countries among the LMRB based on two
conditions (Table 10). Condition one is if the forests within the spatial unit are converted
into cultivated land the most. Condition two is if the cultivated land within the spatial unit
is converted into forests the most.

Table 10. Countries classified by two conditions.

Condition 1: If the Forests in the Country Are Converted into Cultivated
Land the Most.

Yes No

Condition 2:
If the cultivated land in
the country is converted

into forests the most.
Yes
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Under condition one, based on trend in the conversions of forests, the six countries
within the LMRB can be divided into two categories. The first category consists of countries
that converted forests into cultivated land the most, promoting agricultural development
and increasing food production to support their population. The second category consists
of countries that converted forests into grasslands or shrublands the most, which repre-
sents ecological degradation. Under condition two, based on trend in the conversions of
cultivated land, the six countries within the LMRB can also be divided into two categories.
The first category consists of countries that converted cultivated land into forests the most,
promoting sustainable agricultural development and improving regional ecological func-
tions. The second category consists of countries that have converted cultivated land into
artificial surfaces the most, reflecting the process of urbanization. In addition, Tonle Sap
Lake occupies a large area of the country, and Cambodia’s cultivated land is converted
more to water bodes rather than forests or artificial surfaces.

From 2010 to 2020, urban expansion and encroachment on cultivated land became the
dominant trend in Thailand and Cambodia, replacing the previous trend of converting
cultivated land into forests or water bodies from 2000 to 2010. Vietnam, located downstream
from Thailand and Cambodia, experienced encroachment on cultivated land and city
expansion as early as the first decade. In contrast, conversion from cultivated land to forests
in China, Myanmar, and Laos improved the water quality by reducing the discharge of
agricultural wastewater and increasing vegetation cover. This conversion results in cleaner
water and enhanced water security for downstream cities along the Lancang–Mekong
River, while also mitigating the adverse effects of urbanization on ecosystems in Thailand,
Cambodia, and Vietnam. Despite these positive effects brought by upstream regions to the
downstream regions, the government’s land administration needs to pay more attention
to the protection of natural resources within the LMRB due to the acceleration of urban
expansion in Thailand, Cambodia, and Vietnam over two decades from 2000 to 2020.

4.2. Implications of the Findings for Policy Development

Serving as crucial carbon sinks, declines in forests and grasslands during the two decades
from 2000 to 2020 can significantly reduce carbon sequestration and storage capacities, as
well as weakening the whole ecological services within the LMRB. There are two ways
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of increasing forest cover. The first is to establish protected areas for forests. However,
resources from managers are limited. It is important to decide where to focus budgets for
law enforcement. So, identifying areas more vulnerable to forest degradation or deforesta-
tion is a key aspect. A previous study explored the driving factors affecting deforestation.
Zeng et al. found that [21] annual forest loss is significantly correlated with the global corn
price. That means that food production in South-East Asia is not solely focused on the food
needs of the region’s population. Agricultural expansion is a key driver of forest loss in
Nan Province. Bavaghar proposed that deforestation is a function of slope, distance to
roads, and residential areas using the logistic regression model [36]. Linkie et al. found
that between 1985 and 1992, forests located at lower elevation and close to roads were the
most vulnerable to clearance. These factors were also significant between 1992 and 1999,
along with the distance to newly created logging roads [37]. The second way is to convert
other LULC types to forests to increase forest cover. As two LULC types strongly linked to
human activities, cultivated land accounts for a larger proportion of the total basin area
compared to artificial surfaces. As shown above, conversion from cultivated land to forests
has the highest probability of all possibilities in the past two decades when converting
cultivated land to other LULC types. In summary, exploring the factors contributing to the
conversion from cultivated land to forests in the LMRB is worthy of enhancing ecological
services in the LMRB. Further, exploring the factors affecting the conversion from cultivated
land to forests concretely helps to develop accurate and enforceable policy. We used a
logistic regression model to explore the driving factors affecting this process.

The results indicate that several factors impact the conversion from cultivated land to
forests, including slope, distance to the nearest main road, distance to the nearest tourist
attraction, change in population density, and change in nighttime light. In terms of natural
factors, the probability of the conversion from cultivated land follows a U-shaped curve in
relation to slope. This means that compared to regions with a gentle slope, there is a larger
probability for the region with a flat slope or steep slope to be converted from cultivated
land to forests. When the policy of converting cultivated land into forests is implemented,
the probability of the conversion from cultivated land to forests happening on the extensive
flat slope is greater. Additionally, farmers are more inclined to abandon areas with steep
slopes, where soil erosion is more serious and cultivated land management is difficult.
Meanwhile, the government prefers to include cultivated land with a slope greater than
25◦ in the priority areas for the implementation of the policy of returning cultivated land
to forests. In terms of locational factors, the relationship between the traffic conditions
and the probability of conversion from cultivated land to forests is positive, while there
is an optimal distance between cultivated land and the nearest tourist attraction with the
highest probability of conversion into forests. The closer the cultivated land is to the nearest
main road, the greater the probability of conversion from cultivated land to forests. The
middle distance between the cultivated land and the nearest tourist attraction is the optimal
distance, and, in this study, the middle distance is defined with a range from 9 km to 18
km. Here, it enjoys the advantage of closer proximity to the natural environment and,
at the same time, can obtain the economic opportunities brought by the development of
tourism. In terms of socioeconomic factors, the conversion from cultivated land to forests is
significantly associated with human interventions. The conversion from cultivated land to
forests is more likely to occur in areas where the population grows and the light is enhanced
at nighttime. Therefore, relevant government departments can intervene in the direction
of cultivated land conversion in an effective way, such as exploring suitable economic
incentives and conducting rational land use planning.

4.3. Limitations and Future Work

The ecological governance of transboundary watersheds is procedurally complex,
and providing policy advice universally is not feasible. For example, land is an important
means of production, and governments should formulate different land use policies based
on different ownerships systems. Theoretically, the means of production are publicly
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owned in socialist countries and privately owned in capitalist countries. In Thailand, the
land law was amended in 2008 through the Land Law Amendment Act (No. 12). The
current land system in Thailand is based on private ownership, and land throughout
the country is divided into three categories: crown-owned, state-owned, and privately
owned. The recent changes in Thailand’s land system have led to the establishment of
private land ownership, which has significantly contributed to the country’s modernization
process. The Land Law in Cambodia was promulgated in 1992 and amended in August
2001. The amended Land Law focuses on provisions related to the protection of immovable
property. At the end of 2009, the Cambodian National Assembly approved the law on land
expropriation, granting the government the authority to expropriate land in the interest
of social and public welfare. The law defines public interest activities as the construction,
rehabilitation, protection, or expansion of infrastructure projects, development of defense
and civil security buildings, border crossing posts, facilities for research and development of
natural resources, as well as oil pipelines and gas networks. According to the Constitution
of Vietnam, land is collectively owned by the people, and the State acts as the representative
of the owners, managing the land in a unified manner. Vietnamese law does not recognize
private ownership of land.

Our research can contribute to the development of national policies for converting
cultivated land to forests. This study not only explored the factors influencing the con-
version of cultivated land to forests but also delved into the extent and direction of the
influence of these factors on the conversion process. Compared to discriminant analysis,
logistic regression analyses are less demanding in terms of the distribution of explanatory
variables [38]. Logistic regression models are particularly useful when dealing with qual-
itative or dummy variables. Hosmer et al. authored a book providing guidance on the
application of logistic regression [39]. Two of the authors are biostatisticians, while the other
is an academic in the Department of Mathematical Sciences. Assessing the performance
of the model is a crucial step in the modelling process. The area under the ROC curve
is a reliable indicator for assessing the performance of the model, in addition to overall
accuracy [40]. However, there are still some shortcomings, such as the large size of the
study area and the overall accuracy and AUC value of the model not being particularly
satisfactory. Future studies could focus on smaller spatial units within the study area and
employ alternative models that achieve higher overall precision by fitting the explanatory
and response variables. In addition, climatic factors such as temperature and precipitation
were not considered in the analyses. An AUC value above 0.7 or below 0.3 indicates that
the model has good categorization performance. Although the overall accuracy and AUC
value of the logistic regression model in this study exceeded 0.7, the performance can be
improved by adding additional variables. Factors associated with returning cultivated land
to forests may change over time, so spatial models should be updated periodically to reflect
these changes.

5. Conclusions

This study considers the spatio-temporal patterns of LUCC within the study area
from 2000 to 2020. To promote forest restoration, binary logistic regression models were
applied to analyze the factors influencing the conversion from cultivated land to forests
in the LMRB during 2000–2020. The results indicate that areas with a slope ranging from
5◦ to 15◦ exhibit the lowest probability of conversion, while cultivated land located 9 km
to 18 km from the nearest tourist attraction has the highest probability. The conversion
process demonstrates a positive correlation with traffic conditions and is significantly
influenced by human interventions. Meanwhile, the models we built were evaluated using
the ROC curve. The models we built possess a high degree of universality, despite the
relatively huge size of the study area, resulting in a relatively low AUC value. Future
studies could apply similar modeling approaches to different regions within the LMRB. The
findings in this research can inform decision-making processes in the LMRB, encouraging
the governments of various countries within the LMRB to establish mutual incentives and
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effectively implement land use policies that promote increased forest cover. This is crucial
for mitigating water disasters, soil erosion, and biodiversity loss, ensuring the sustainable
development of the region while protecting its natural resources and ecological systems.
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