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Abstract: The land use change (LUC) and urbanization caused by human activities have markedly
increased the occurrence of landslides, presenting significant challenges in accurately predicting
landslide susceptibility despite decades of model advancements. This study, focusing on the Li River
Valley (LRV) within the Yongding District, China, employs two common models, namely an analytic
hierarchy process—comprehensive index (AHP-CI) model and a logistic regression (LR) model to
assess landslide susceptibility (LS). The AHP-CI model is empirically based, with the advantage
of being constructible and applicable at various scales without a dataset, though it remains highly
subjective. The LR model is a statistical model that requires a training set. The two models represent
heuristic and statistical approaches, respectively, to assessing LS. Meanwhile, the basic geological
and environmental conditions are considered in the AHP-CI model, while the LR model accounts
for the conditions of LUC and urbanization. The results of the multicollinearity diagnostics reflect
the rationality of the predisposing factor selection (1.131 < VIF < 4.441). The findings reveal that
the AHP-CI model underperforms in LUC and urbanization conditions (AUROC = 0.645, 0.628,
and 0.667 for different validation datasets). However, when all the time-varying human activity
predisposing factors are considered, the LR model (AUROC = 0.852) performs significantly better
under the conditions of solely considering 2010 (AUROC = 0.744) and 2020 (AUROC = 0.810). The
CA-Markov model was employed to project the future land use for the short-term (2025), mid-term
(2030), and long-term (2040) planning periods. Based on these projections, maps of future LS were
created. Importantly, this paper discussed the relationships between landslide management and
regional sustainable development under the framework of the UN SDGs, which are relevant to Goal
1, Goal 11, Goal 13, and Goal 15. Finally, this study highlights the importance of integrating strategic
land planning, reforestation efforts, and a thorough assessment of human impact predisposing factors
with SDG-aligned LS predictions, advocating for a comprehensive, multi-stakeholder strategy to
promote sustainable landslide mitigation.

Keywords: landslide susceptibility; land use change; urbanization;, CA-Markov model; SDGs;
sustainable development
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1. Introduction

Since the economic reforms of 1987, China has experienced a swift phase of urban
expansion. Some regions have witnessed a rise in geological hazards due to suboptimal
urban planning and risk management practices [1-4]. Landslide susceptibility (LS) refers to
the likelihood of landslide occurrences within a specific region, and landslide susceptibility
assessment (LSA) involves forecasting the potential for future landslides by integrating
both quantitative and qualitative approaches with pertinent factors that influence landslide
events [5,6]. Currently, diverse models have been proposed for LSA, which can be catego-
rized into heuristic, statistical, and deterministic models [7-9]. Heuristic methods, largely
qualitative, utilize expert judgments and prior knowledge, exemplified by techniques such
as the analytic hierarchy process (AHP) [10] and weighted linear combination (WLC) [11].
These methods, adaptable across various scales, often rely heavily on an expert under-
standing of landslides’ causes, introducing subjectivity and uncertainty into LSA [12,13].
Deterministic methods, on the other hand, quantify LS based on the physical principles
governing slope stability [14,15]. They are pivotal for engineering design and understand-
ing failure mechanisms, utilizing models like TRIGRS [16], SHALSTAB [17], SINMAP [18],
and FSLAM [19]. Despite their precision, deterministic approaches are constrained by
their requirement for detailed geotechnical or monitoring data and their applicability to
largely homogenous slopes and simple landslide scenarios [4,20-22]. Statistical methods,
including logistic regression (LR) [23], frequency ratios [24], weight of evidence [25], and
artificial neural networks (ANNSs) [26], predict future landslide occurrences by analyzing
past events [6,27,28]. These approaches, particularly machine learning models, have be-
come mainstream due to their objectivity and high performance. However, these methods,
relying on historical data, are very accurate in considering static predisposing factors (e.g.,
lithology, aspect, and faults) but face challenges when dealing with changing environments
and conditions, such as land use change (LUC) and urbanization [21,29-31].

Since 1980, human activities have triggered over 70% of landslides in urban areas
across China [21]. The urbanization process exerts a significant strain on geological environ-
ments [32], subsequently elevating the risk of geological hazards [33]. Meanwhile, the land
use types may rapidly change in areas of intense human activities, especially areas of urban
expansion and farmland reclamation [34,35]. Hence, the influence of human interventions,
particularly LUCs, on LS has been a focal point of numerous studies in recent years. For
example, Pisano et al. [36] identified that alterations in land cover could compromise slope
stability and modify the distribution of LS. Meneses et al. [37] determined that the precision
of land use data significantly influences the accuracy of predicting LS for road networks.
Xiong et al. [21] considered LUCs over different periods for LSA and discovered that
models incorporating the latest land use and the changes therein exhibited higher model
performance. They advocated for a collaborative approach between land managers and
landslide managers, emphasizing the incorporation of future land use scenarios into the
LSA framework. Recently, Pham et al. [38] adopted the above approach, forecasting land
use in 2050, and utilized future land use as an predisposing factor for LSA. Hiirlimann
et al. [39] found that an increase in the land use of forest will significantly decrease LS
despite more intense rainfall. Similar conclusions were also reached by Jurchescu et al. [40],
who explored the impact of land use/cover changes on LS in Romania at the national level,
finding that an increase in forest areas in the future will significantly reduce landslide
risks. These pioneering studies have made significant contributions to understanding LUC
in LSA.

However, on the one hand, while some studies highlight the significance of LUC and
urbanization in LSA, and some studies such as Chowdhuri et al. [41] and Pham et al. [38]
have considered LUC as a predisposing factor in LSA, their analyses of dynamic predispos-
ing factors have not been comprehensive. Key time-varying human activity predisposing
factors, such as road density and changes in the NDVI, have not been fully addressed. On
the other hand, despite calls to integrate future land use scenarios into the LSA framework,
as stated in Xiong et al. [21], case studies implementing this framework are still limited.
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Lastly, the aim of LSA is to facilitate improved sustainable landslide management for
city development, which is linked with the United Nation’s Sustainable Development
Goals (SDGs), particularly Goal 11 (Sustainable Cities and Communities) and Goal 15 (Life
on Land) [42,43]. However, there is currently a lack of a comprehensive framework for
integrating landslides, land use, and regional sustainable development [42,44].
Considering the above research gaps, this study will employ two typical heuristic and
statistical models, namely the analytic hierarchy process—consistency index (AHP-CI) model
and the LR model, to discuss the impact of changes in three time-varying human activity
predisposing factors (changes in land type, the NDVI, and traffic density) on LSA by taking
the Li River Valley in Yongding as a case study. The AHP-CI model is empirically based. Its
advantage lies in the fact that it can be constructed without a dataset and applied at various
scales, although it is highly subjective. On the other hand, the LR model is a statistical model
that requires a training set. The two models represent heuristic and statistical approaches,
respectively, to assessing LS. It should be emphasized that our intention is not to compare
the relative performance of the AHP-CI and LR models. Instead, we aim to demonstrate
how each model addresses landslide susceptibility in the context of changing environments
(land use and urban expansion) from different perspectives. The AHP-CI model focuses
on basic geological conditions and reflects “changes” across different landslide validation
datasets. In contrast, the LR model considers changes within its predisposing factors and
uses landslides from different periods as the training and validation set data. Additionally,
the CA-Markov model will be used to predict future land use and to create LS maps for
the short-term (2025), mid-term (2030), and long-term (2040) planning periods. Finally, a
framework concerning land, landslides, and sustainable development has been proposed to
comprehensively guide decision-makers in achieving urban sustainable development from
the perspectives of geological hazard and land management. The Li River Valley (LRV) is a
deep-cut valley area in the northwest of Hunan Province, China. Due to its complex geological
structure and large topographic relief, landslides occur frequently in the LRV. The specific
objectives include (1) comparing the ability of the AHP-CI model and the LR model to predict
LS with current land use conditions and landslide data; (2) determining whether the time-
varying human activity predisposing factors can improve the model prediction performance
for LSA under LUCs and assessing their impact; and (3) using these findings to forecast land
use and LS, offering strategies for landslide mitigation towards sustainable development.

2. Materials and Methods
2.1. Study Area

The LRV, covering approximately 680 km?, is situated within a pronounced valley in the
northwest of Hunan Province (110°04’ E to 110°39’ E longitude and 28°01" N to 29°18’ N lati-
tude) (Figure 1). The region is characterized by a humid subtropical monsoon climate, with an
average annual precipitation of approximately 1377.4 mm, which is relatively uniform across
the area. Seasonal variability is marked, with spring and summer experiencing significant
rainfall. Geomorphologically influenced by the Wuling Mountains and the Li River, the terrain
exhibits a gradient from high in the northwest to low in the southeast, culminating in a central
deep valley (Figure 1B,D,E). The area is traversed by multiple faults, predominantly following
NE and NEE orientations. The northern mountainous zones predominantly feature heavily
weathered Carboniferous sandstone and siltstone, whereas the valleys flanking the Li River
predominantly comprise Quaternary sediments due to erosion and sediment accumulation.
The areas with carbonate rocks display widespread dissolution in their tectonic topography,
while tectonic denudation in the topography, primarily constituting metamorphic rocks and
rocks with weak intercalations, emerges notably in the fault-affected zones (Figure 1C). The
human activities within the LRV are significantly influenced by its topographical and geologi-
cal makeup, with settlements and agricultural activities primarily concentrated along the Li
River and its tributaries. Over time, as human encroachment has intensified, there has been
a notable expansion in areas designated for shrubs, cropland, and artificial structures at the
expense of forestland, evidencing significant LUCs (Figure 2).
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Figure 1. Location and basic geological conditions of the study area: (A) location of the study area;
(B) elevation and landslides points; (C) stratigraphic lithology and geological structure; (D) cross-
section of A-A’; (E) cross-section of B-B’.

2.2. Data Source

The DEM data were provided by the Geospatial Data Cloud site, Computer Network
Information Center, the Chinese Academy of Sciences (http://www.gscloud.cn/ (accessed
on 5 February 2023)); the traffic route distribution data were from Baidu Map; the traffic
data were from the public information of Zhangjiajie People’s Government; the land use
data were from GlobeLand30 (http://www.globallandcover.com/ (accessedon 5 February
2023)); the annual NDVI data were synthesized from MOD13Q1 data; the data on the
lithology, faults, and landslides during 2000~2010 are from Hunan Geological Environment
Monitoring Station; and the data on landslides during 2015~2020 were collected from
Zhangjiajie City and Hunan Provincial People’s Government (Table 1). All the data were
resampled to a resolution of 30 m.

Table 1. Data sources.

Data Name Data Layer Source of Data Scale
Elevation
DEM Slope Geospatial Data Cloud 30 m
Aspect
Lithologic
Basic geologic map Fault Hunan Geological Environment Monitoring Station 1:250,000

River network

NDVI

NDVI NASA (MOD13Q1) 250 m
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Data Name Data Layer Source of Data Scale
Landslides 2000~2010 Landslides 2000~2010 Hunan Geological Environment Monitoring Station /
Landslides 2015~2020 Landslides 2015~2020 Zhangjiajie City and Hunan Provincial People’s /

Government
Road network Traffic conditions Baidu Map 1:100,000
Land use Land use GlobeLand30 30 m

Railway

Highway

Cropland

[ ]

- Forest
|| shrw
[]
]

Water

Artificial

Figure 2. Land use conditions in the study area: (A) land use in 2000; (B) land use in 2010; (C) land
use in 2020.

2.3. Methods

Figure 3 shows a schematic diagram of this study. In this study, the AHP-CI and LR
models were used to LSA. The AHP-CI model provides an assessment including basic
geological and environmental factors. Conversely, the LR model addresses the variability
in LS according to the NDVI, land use, and traffic conditions, incorporating time-varying
predisposing factors. Specifically, regression coefficients (RCs) derived from data spanning
from 2000 to 2010 were applied to the subsequent decade (2010-2020) to estimate the
updated landslide occurrence probabilities. The empirical foundation for this analysis
was established by leveraging landslides recorded between 2000 and 2010 to derive the
informational value of various predisposing factors, while the period from 2015 to 2020
served to validate our evaluative models. To project future land use scenarios, we utilized
the CA-Markov model, which informed our predictions of LS over the next 5, 10, and
20 years by integrating the anticipated LUCs (Figure 3). Specifically, in land planning,
the periods of 5 years, 10 years, and 20 years, respectively, represent short-term, medium-
term, and long-term intervals. Therefore, these three periods are also applied in landslide
management in this study.
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Figure 3. Schematic diagram of this study.

2.3.1. Predisposing Factor Selection and Rating Criteria

In the analysis of LS within the study area, a total of seven predisposing factors were
initially chosen for the AHP-CI model to assess slope stability. These predisposing factors
encompass slope gradient, elevation, slope aspect, lithology, fault density, river density, and
vegetation coverage conditions. Each predisposing factor was rated on a scale from 1 to 5,
where a rating of 1 indicates high slope stability, and a rating of 5 signifies a high propensity
toward instability. The classes, separation values, and scores assigned to these classes are
based on our understanding of how various factors influence landslide occurrence in the
study area, with this understanding drawn from an extensive literature review [45-53].
These scores are used exclusively in the AHP-CI model and not in the LR model. Given
that the AHP-CI model is empirical, it is acceptable to assign ratings based on our prior
understanding. Subsequently, these ratings were subjected to normalization to ensure
uniformity in the analysis. The relationships between the predisposing factors and LS, as
well as the corresponding scores, can be found in Table 2.

Table 2. Selected predisposing factors and scores of AHP-CI model.

Predisposing Factors Level Selected Reasons Score
Slope gradient (A1) 3;3;50 The LS increases with slope steepness due to the corresponding ; 28;8;
55-70° rise in the rock mass sliding force and stress concentration at 3 (0'30)
. the slope toes, enhancing instability risk [45,46]. ’
>70 4 (0.40)
flat 1(0.04)
<45(°) 2(0.07)
;()5:19305((2 ) Aspect influences LS by affecting terrain’s moisture, 2 gg}é;
Aspect (A2) 135~180(°) weathering, and vegetation through its role in directing 5 (0'19)
P 180~225(°) precipitation, wind, and solar radiation, leading to varying 5 (O‘l 9)
225-270(°) conditions that can either stabilize or weaken slopes [47,48]. 3(011)
270~315(°) 2(0.07)
>315(°) 2(0.07)
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Table 2. Cont.

Predisposing Factors

Level Selected Reasons Score

<300 m Elevation indirectly influences landslide occurrence by altering 3 (0.30)

Elevation (A3) 300~500 m precipitation, sunlight exposure, vegetation types, human 4(040)
500~700 m o . L . - ) 2(0.20)
activities, and soil characteristics across different heights [48,49].
>700 m 1(0.10)
very soft Slope stability is greatly affected by lithology because uniform, 5(0.33)
soft . . 4(0.27)
. hard rock slopes are stable, while mixed soft-hard rock slopes
Lithology (A4) moderate . . . . 3(0.20)
are prone to landslides, especially in areas with weakly
hard cemented, easily weathered Carboniferous sandstone [50]. 2(0.13)
very hard ! 1(0.07)
Density of faults (A5) <20 Faults’ presence can induce the formation of fractures within 1(0.10)
20~45 the surrounding rock mass, thereby facilitating the 2 (0.20)
45~80 development of potential slip surfaces that compromise slope 3(0.30)
>80 stability [51]. 4 (0.40)
<25 Rivers erode slope bases and elevate nearby groundwater 1(010)
. . 25~70 . . i . 2(0.20)
Density of rivers (A6) levels, thereby increasing slope mass and sliding forces while
70-130 reducing resistance, ultimately heightening LS [52] 3 (0.30)
>130 ! ’ 4(0.40)
<0.4 Vegetation roots enhance soil stability and mitigate water 4 (0.40)
Vegetation cover conditions (A7) 0.4~0.6 erosion on slopes; thus, increased vegetation coverage, as 3(0.30)
8 0.6~0.8 indicated by higher NDVI values, is correlated with reduced 2(0.20)
>0.8 LS [53]. 1(0.10)

Addressing the impact of human activities, the LR model incorporated an additional
three predisposing factors (LUCs, traffic condition changes, and vegetation condition
changes), expanding upon the initial six to provide a more comprehensive evaluation of LS.
When considering the change in the NDVI over time, Equation (1) was used to calculate
the change degree relative to the base year.

NDVI(t = i + n) — NDVI(t = i)

ANDVI =
N NDVI(t = i)

(1)

where ANDVI is the relative rate of change in the NDVI, and NDVI(t =i+ n)
and NDVI(t = i) are the NDVIs in different years. This study divided the ANDVI into
4 grades: <—0.15, —0.15~0.05, —0.05~0.05, 0.05~0.15, and >0.15.

Human activities significantly alter land surfaces, with varied impacts across different
land use types. Construction activities can undermine slope stability by excavating slope
toes and increasing the slope load, while blasting and vibrations exacerbate instability.
In agricultural areas, certain vegetation types and irrigation can cause soil erosion and
heighten slope mass. Conversely, urban areas with developed infrastructure and long-term
croplands typically see enhanced slope stability through effective landslide mitigation
and ecological measures. Thus, landslides triggered by human activities predominantly
occur in areas of new construction and new cropland, and we consider old shrubland, new
shrubland, old cropland, and new cropland.

The construction of transportation infrastructure, specifically through excavation
and blasting, is a notable trigger for landslides in mountainous regions. However, once
completed, such infrastructure often incorporates slope protection measures that reduce
landslide risks. This distinction highlights the complex impact of traffic route development
on slope stability. This study employs traffic density as a predisposing factor for traffic
conditions, recognizing the significant variation in this factor over time. To address this,
we calculate relative density using Equation (2):

(D - Dmin)

(Dmux - Dmin) (2)

Relative density =
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where D is the density of the main routes; D,,;,, is the minimum of the density of the main
routes; Dy, is the maximum of the density of the main routes. And the relative density
was divided into 4 grades: <0.2, 0.2~0.4, 0.4~0.6, 0.6~0.8, and >0.8.

When considering the change in traffic conditions over time, Equation (3) was used to
calculate the change degree relative to the base year:

D(t=i+n)-D(t=i)
D(t =) )

Adensity =

where Adensity is the relative rate of change in the density of the main routes, and
D(t =i+ n) and D(t = i) are the densities of the main routes in different year. This
paper divided Adensity into 4 grades: <0.1, —0.1~0.3, 0.3~0.5, 0.5~0.7, and >0.7.

The relevant predisposing factors are shown in Figure 4. Notably, all continuous
variables have been transformed into categorical variables for input into the LR model,
which offers several advantages, such as ease of interpretation, relationship simplification,
handling of non-linear effects, and control for outliers [54-56].
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Figure 4. Predisposing factor maps for LSA.

2.3.2. Multicollinearity Analysis

Collinearity between predisposing factors will affect the model construction and the
accuracy of the output results. On the one hand, the AHP-CI model assumes that each factor
is independent from the others; on the other hand, multicollinearity will lead to unstable
outcomes of the LR model. Thus, before the calculation and/or training of the AHP-CI and
LR models, the multicollinearity between factors was analyzed using Equations (4) and (5):

1
VIFE, = — 4
- 4)

1
TOL; = VIE 5)

where VIF; and TOL; are the variance inflation factor and tolerance of the ith predis-
posing factor, respectively, and R? is the coefficient of determination of the multi-liner
regression model.

2.3.3. AHP-CI Model

The AHP-CI model, introduced by Saaty [57], is a structured technique for organizing
and analyzing complex decisions based on mathematics and psychology. It facilitates the
breakdown of a problem into a hierarchy of more easily comprehended sub-problems,
each of which can be analyzed independently. The method employs pairwise comparisons
for ranking and prioritizing the importance of various elements, thereby allowing for
both qualitative and quantitative evaluation [58-61]. Notably, the AHP’s effectiveness in
weight calculation does not necessitate information on the landslide distribution, enabling
the derivation of more accurate weights for fundamental geological and environmental
conditions, unaffected by the clustering of landslides due to human activities. In this study,
the AHP-CI model was utilized to ascertain the LS within the basic geological environment



Sustainability 2024, 16, 4416

11 of 25

of the designated area. The comparative significance of each predisposing factor in the
evaluation was quantified using a judgment matrix, with the nine-scale method adopted to
assess the importance of each predisposing factor, as detailed in Table 3.

Table 3. Intensity of importance and definition in the nine-scale method.

Intensity of Importance Definition

Equal importance

Weak

Moderate importance

Moderate plus

Strong importance

Strong plus

Very strong or demonstrated importance
Very, very strong

Extreme importance

O O NN U WN =

The consistency test is passed when the consistency ratio (CR) < 0.1. CR can be
calculated by applying Equations (6) and (7):

el
- RI

A—n
n—1

CR (6)

Cl=

(7)

where RI is the random consistency index; A is the maximum characteristic root of the
matrix; and # is the order of the matrix. And the weights of the predisposing factors can be
obtained by calculating and normalizing the eigenvector corresponding to the maximum
eigenvalue. The LS index (LSI) can be calculated with the weights of the predisposing
factors (w;) and the corresponding score of each evaluation predisposing factor (S;) by
applying Equation (8):

2.3.4. LR Model

The LR model is a generalized linear regression model and the most common data-
driven LS evaluation method. In this study, binary LR was adopted, and a regression
relationship was built between the dependent variable (whether landslides occurred) and
the independent variable (affecting factors of landslides) to calculate the probability of
landslides in a certain region. Y = 1 and 0 are defined to indicate whether a landslide
occurred or did not, respectively. The odds function is defined as the ratio of landslide
occurring to not occurring, and its logarithm is taken to obtain the following formula:

P(Y =1)

lOgltP(Y = 1) = lnm

:Dc+,31X1+‘32X2+"'—|—‘Ban 9)

P(Y: 1) _ eXP(OC+ﬁ1X1+ﬁ2X2+~-~+ﬁan)
1+ exp(tx + ﬁ1X1 + ﬁzXz + 4 ﬁan)

where P is the probability of landslide occurrence; X; is each factor affecting landslides; « is
the constant term; B; is the RC of each factor.

In this study, we used the backward elimination method for indicator selection and
the Wald test with a p-value threshold of 0.25. This is because conventional thresholds like
0.05 may not adequately capture variables that are known to be significant [62-65].

This paper assumes that the logistic RC of the same predisposing factor does not
change when the affecting factors change with time. The logistic RC calculated from the
early affecting factors was substituted into the later influencing factors for superposition
calculation. When time-varying predisposing factors (NDVI, LUC, and traffic density

(10)
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changes) are considered, the use of the LR model for these predisposing factors is shown in
Figure 5.

Regression coefficient of Layer A Regression coefficient of Layer B Regression coefficient of Layer N

RC (A1) |RC (A1) [RC (A2) RC (81) [RC (B2) RC (N1) [RC (N2) .

RC (A1) [RC (A2) RC (B2) |RC (B2) |RC (B1) e RC (N2) |Rc (N2) [RrC (N1) RC (B2) [RC (B2) |RC (B1) RC (N1) RC (N2) [RC (N1)

RC (A2) |RC (A1) |RC (A2) RC (B1) |RC (B1) |RC (B2) .RC (N2) |RC (N1) .RC (B2) |RC (B2) RC (N2) [RC (N2) [RC (N1)

Figure 5. Schematic diagram of LR model when predisposing factors change with time.

Regression coefficient of Layer B Regression coefficient of Layer N

RC (B1) |RC (B2) RC (N1) |RC (N2) |RC (N2)

2.3.5. Model Validation

Model validation plays a crucial role in the assessment of LS, guaranteeing the pre-
dictive models” dependability and robustness. For this research, we employed several
key predisposing factors for validation purposes: precision, recall, F; score, overall accu-
racy (OA), and the area under the receiver operating characteristic (AUROC) curve. The
calculations of these metrics are shown as follows:

Precision = %flfp (11)

Recall = sz_% (12)

Fi score = % (13)

OA=7p7 §Zi£§+ FN 14

AUROC = ni:l (FPR;;1 — FPR;) x (w) (15)
i=1

where TP denotes the instances where landslides were correctly predicted by the model
to occur and did indeed occur; FP represents the instances where the model inaccurately
predicted landslides that did not occur; and TN indicates the locations accurately identified
by the model as not prone to landslides, where no landslides occurred. FN are the cases
where the model failed to predict landslides yet landslides happened. FPR,; is the false
positive rate (ratio of false positives to the total number of actual negatives) at the ith
threshold; FPR;. is the false positive rate at the (i + 1)th threshold; TPR; refers to the
true positive rate (also known as recall or sensitivity) at the ith threshold, representing
the ratio of true positives to the total number of actual positives; and TPR;, is the true
positive rate at the (7 4 1)th threshold.

2.3.6. CA—Markov Model

The CA-Markov model was employed to project the land use patterns in 2025, 2030.
and 2040. The land use data of 2010 and 2020 and the slope gradient, lithology, elevation,
density of faults, and density of rivers were selected as driving factors. This model inte-
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grates Cellular Automata (CA) with Markov chain analysis for land cover predictions [66].
Based on the CA-Markov model, the IDRISI Selva 17.0 software can be used to predict
future land use types. The general steps are as follows:

i Convert the existing land use data and driving factor data into ASCII format and
import the ASCII data into IDRISI Selva software.

ii. Reclass the land use data.

iii. Use the Markov function in the software to make the Markov transition area file on
land use and set the proportion error as 0.1 (10%).

iv. Use the Reclass function to make a binary map of every land use type in the
prediction base year.

. Use a binary map to collect transition suitability images for the driving factors and
every land use type with the Logistic function in the software.

vi. Predict the future land use data in ASCII format by using the base year land use

data, the transition suitability image collection, and the Markov transition area file,
with the CA-Markov function in the software. And set the number of iterations to

5/10/20 times.
Vii. Convert ASCII future land use data into vector data.
3. Results

3.1. Results of Multicollinearity Analysis

The results of the multicollinearity analysis are detailed in Table 4, where all the Vari-
able Inflation Factor (VIF) values are shown to be less than 10 (1.131 to 4.053). This confirms
that there is no significant issue of multicollinearity among the indicators used in our study,
which validates the appropriateness of our choice of predisposing factor selection.

Table 4. Results of multicollinearity analysis.

Predisposing Factors VIF
Slope gradient 2.129
Aspect 1.169

Elevation 1.131
Lithology 1.360

Density of faults 1.864
Density of rivers 1.463
Vegetation cover conditions 3.441
Land use conditions 1.823
Traffic condition changes 4.053
Vegetation condition changes 3.142

3.2. Outcomes of the AHP-CI Model and the LR Model

A judgment matrix was constructed through expert scoring, and the weight of each
predisposing factor in the evaluation was calculated (Table 5). And the LS index (LSI) in
the study area was calculated by applying Equation (6): LSI = 0.0427 ~ 0.3571. The study
area was divided into five grades using the natural break method: very high (30.43%), high
(30.65%), moderate (22.00%), low (12.55%), and very low (4.37%) (Figure 6). The low- to
very low-susceptibility areas are mainly distributed in the flat area around the Li River and
its tributaries, while the high- to very high-susceptibility areas are mainly distributed in
the mountainous areas and densely developed faults north and south of the LRV.
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Table 5. Weights of factors in AHP-CI model.

Predisposing Factors A1l A2 A3 A4 A5 A6 A7 Weight
Al 1 7 5 1 4 5 5 0.3281
A2 1 1/2 1/7 1/3 1/3 1/2 0.0351
A3 1 1/5 1/2 1 1 0.0646
A4 1 4 5 5 0.3281
A5 1 2 3 0.1148
A6 1 1 0.0684
A7 1 0.0609

A =7.1315; CI = 0.0219; CR = 0.0161
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Figure 6. LS map of AHP-CI model.

Table 6 shows the results of the LR model for different conditions. Before the analysis,
a significance test of the parameters was carried out, and the non-significant (with 95%
levels) predisposing factors were eliminated (shown as slashes). It can be observed that
slope, aspect, and elevation are not significant indicators, whereas changes in the NDVI and
land use play a significant role in the generation process of the LR model. The maps created
by the LR model (Figure 7) were classified into five susceptibility categories using the equal
interval method, based on the calculated probabilities (P): very high (>0.8), high (0.6-0.8),
moderate (0.4-0.8), low (0.2-0.4), and very low (<0.2) (Figure 7). For the maps considering
the time-varying predisposing factors in 2010 and 2020, the low- to very low-LS areas are
mainly distributed in the mountainous areas north of the Li River, while the high- to very
high-LS areas are mainly distributed in the croplands and artificial surface areas around
the Li River and its tributaries (Figure 7A,B). When the changes in the predisposing factors
are considered, the low- to very low-LS areas are mainly distributed in the mountainous
areas and densely developed faults north and south of the LRV, while the high- to very
high-LS areas are mainly distributed in the cropland and artificial surface areas around the
Li River and its tributaries (Figure 7C).
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Table 6. Results of LR model.

2010 2020 2000~2010 (LUC)
Preg;:f’o"rss‘“g Level RC Sig. RC Sig. Level RC Sig.
Intercept / —4.446 0.000 -3.914 0.000 / —1.407 0.036
Slope gradient (A1) / / / / / / / /
Aspect (A2) / / / / / / / /
Elevation (A3) / / / / / / / /
Very hard / / / / Very hard / /
Hard 0.551 0.108 —0.061 0.064 Hard —0.884 0.009
Lithology (A4) Moderate 2.143 0.000 1.482 0.000 Moderate 1.173 0.000
Soft 2171 0.000 1.406 0.000 Soft 1.331 0.000
Very soft 1.485 0.000 1.186 0.000 Very soft 0.749 0.007
<20 / 0.000 / 0.000 <20 / /
Density of faults 20~45 —0.375 0.021 —0.749 0.000 20~45 —0.352 0.037
(A5) 45~80 0.612 0.004 0.075 0.041 45~80 0.471 0.022
>80 —0.140 0.021 —0.637 0.008 >80 —0.639 0.005
<25 / 0.000 / 0.000 <25 / 0.000
Density of rivers 25~70 0.226 0.157 0.169 0.304 25~70 0.136 0.024
(A6) 70~130 1.075 0.000 0.496 0.021 70~130 0.936 0.000
>130 2.203 0.000 1.598 0.000 >130 3.557 0.000
<0.4 / 0.000 / 0.000 ANDVI < —0.05 / 0.000
Vegetation cover —0.05 < ANDVI <
o a7 0.4~0.6 / 0.000 / 0.000 0.05 ~0.328 0.015
0.6~0.8 2.045 0.000 1.823 0.000 ANDVI > 0.05 —3.513 0.000
>0.8 2.167 0.000 2.296 0.000
Forest / 0.000 / 0.000 Forest / /
Shrubland 0.384 0.139 0.697 0.041 Old shrubland 0.282 0.028
Land use Water 0.981 0.040 0.648 0.01 New shrubland 0.499 0.033
o Cropland 0.225 0.111 0.65 0.000 Water —3.06 0.007
conditions (B1) Artificial 1.904 0.000 1.682 0.002 Old cropland 0.727 0.033
New cropland 2.936 0.000
Artificial 4.062 0.000
<0.2 / / / / Adensity < 0.1 / /
Traffic conditions 0.2~0.4 / / 0.534 0.002 0.1 < Adensity <0.3 / /
(B2) 0.4~0.6 / / 0.346 0.082 0.3 < Adensity < 0.5 / /
0.6~0.8 / / 1.507 0.000 0.5 < Adensity < 0.7 / /
>0.8 / / 2.02 0.000 Adensity > 0.7 / /

3.3. Model Validation and Performance Comparsion

Figure 8 presents the validation results for the AHP-CI and LR models, and Table 7
shows the 95% confidence intervals of the ROC curves generated by bootstrap sampling
1000 times. For the AHP-CI model, validation was conducted using old landslide points,
new landslide points, and all the landslide points, respectively, and the AUROC values
were 0.628 (precision = 0.554, recall = 0.713, F; score = 0.623, and OA = 0.569), 0.667
(with precision = 0.634, recall = 0.847, F; score = 0.732, and OA = 0.667), and 0.645 (with
precision = 0.556, recall = 0.974, F; score = 0.708, and OA = 0.598), respectively (Figure 8a—
c). For these three models, the lower bounds of their AUROC values range between 0.5
and 0.6, while the upper bounds are between 0.7 and 0.8. The LR model was validated
using new landslides, and the AUROCs considering human activities in 2010 and 2020
are 0.744 (with precision = 0.568, recall = 0.968, F; score = 0.716, and OA = 0.617) and
0.810 (with precision = 0.703, recall = 0.867, F; score = 0.776, and OA = 0.750), respectively
(Figure 8d,e). Figure 8f illustrates the performance of the LR model considering the human
activity predisposing factors, and its UROC, precision, recall, F; score, and OA are 0.852,
0.765, 0.813, and 0.800, respectively.
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Figure 7. LS maps of LR model: (A) LS map in 2010;
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Figure 8. Model performance comparison: (a) AHP-CI model (all landslides); (b) AHP-CI model (old
landslides); (c) AHP-CI model; (d) LR model (2010); (e) LR model (2020); (f) LR model (LUC).
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Table 7. AUROC summary with 95% confidence intervals.
Model AUROC Lower Bound Upper Bound

AHP-CI model (all landslides) 0.645 0.573 0.718

AHP-CI model (old landslides) 0.628 0.541 0.705

AHP-CI model (new landslides) 0.667 0.523 0.781

LR model (2010) 0.744 0.623 0.861

LR model (2020) 0.810 0.695 0.904

LR model (LUC) 0.852 0.743 0.938

3.4. Future Prediction of LSA Using the CA—Markov Model

Building on the model performance comparison, it is determined that the LR model,
incorporating existing landslide occurrences and time-varying predisposing factors (NDVI,
LUC, and traffic density changes), serves as an effective tool for forecasting future LS. Due
to the challenges associated with predicting future NDVI values in the current study and
considering that changes in traffic density do not have a significant impact on landslide
occurrences in the areas of the LRV (Table 6), we focus on land use as a case study for
conducting future predictions of LSA. Utilizing the CA-Markov model, we predict future land
changes to spatially forecast future landslide susceptibility in 2025, 2030, and 2040 as the short
term, medium term, and long term. The slope gradient, lithology, elevation, density of faults,
and density of rivers were selected as driving factors according to the above discussion results
and previous results [67-69]. Figure 9 shows the predictions for land use in 2025, 2030, and
2040, respectively. Then, based on the prediction of land use, the future landslide susceptibility
was assessed (Figure 10), indicating that with an expansion of the range of human activities,
the high- to highest-susceptibility areas are mainly concentrated in the reaches of the Li River
and its tributaries, and the low- to lowest-susceptibility areas are mainly distributed in the
mountainous area with less human activity.

Cropland

Forest
Shrub

Water

Artificial

Figure 9. Prediction of land use in 2025, 2030, and 2040.
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Figure 10. Prediction of LS in 2025, 2030, and 2040.

4. Discussion
4.1. AHP-CI and LR Model Result Interpretation

In the AHP-CI model, slope gradient and lithology are considered the most critical
predisposing factors, both having the same weight of 0.3281, which aligns with the out-
comes of many studies on LSA based on the AHP-CI model [70-73]. This indicates that the
geotechnical body, as the main body of landslides, along with slope as the driving force,
are considered important factors causing landslides in the minds of most people. However,
this contrasts with the outcomes from the LR model, highlighting the significant differences
between heuristic and statistical models in their approach to model construction. According
to Table 6, it can be found that slope gradient, aspect, and elevation were not significant
factors in the LR model, despite slope gradient often being considered a crucial indicator of
landslide occurrence. This is primarily attributed to the concentration of urban expansion
in areas with gentle slopes from 2000 to 2010. With the expansion of cities, human activities,
especially engineering construction, rapidly expand to high-slope regions, leading to an
increase in landslides in areas with gentle slopes. This diminishes the importance of slope
gradient as an indicator in the LR model. Similarly, human activities can reasonably account
for the insignificance of aspect and elevation. Another interesting finding is that among
the three new predisposing factors considering temporal changes, the NDVI and LUC
played a role, but changes in traffic density did not affect landslide occurrence. Notably,
regions with a ANDVI greater than 0.05 saw an RC of —3.513, while new cropland areas
had an RC of 2.936. This suggests that afforestation policies can reduce the likelihood
of landslides, whereas the conversion of land into cropland increases it, aligning with
the findings of Xiong et al. [21], Depicker et al. [74], Hiirlimann et al. [39], and Jurchescu
et al. [40]. Therefore, prudent land planning is a vital measure for landslide management,
and integrating environmental considerations (e.g., planting) into development projects is
essential to reduce landslide susceptibility.
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4.2. Model Performance Comparsion and Future Prediction of LSA by CA-Markov Model

In terms of the AHP-CI model, the results based on the ROC curve in Figure 8 demon-
strate minimal variation and generally poor performance. Regardless of whether validation
was conducted using old landslides, new landslides, or all the landslide points, all the
AUROC values fell below 0.7. The AUROC values are very low, bordering on unacceptable,
and the lower bound of the three AHP-CI models even approaches 0.5. The AHP-CI model
primarily considers geological and environmental factors. It struggles to accurately predict
landslides primarily driven by human activities, whether this human activity impacts occur
over short-term (old landslides) or long-term (new landslides) periods. This limitation
reflects the model’s inability to incorporate the significant impact of human interventions
on landslide susceptibility effectively. Moreover, compared to the data-driven LR model,
the inherent subjectivity of the AHP-CI model has also adversely affected its performance
to some extent [6,75]. Therefore, the heuristic AHP-CI model, which is based solely on
geological and environmental conditions, is not recommended for LSA under scenarios of
LUC and urbanization from a temporal perspective.

For the three LR models, by using new landslides as validation data, it is found that
using updated predisposing factors (2020) significantly improves the model performance
compared to using the predisposing factors from 2010. This is primarily due to the dramatic
LUC and urbanization, which also impact the fundamental geological and environmental
conditions, such as the NDVI, land use, and traffic conditions [30,76,77]. Meanwhile,
the models exhibit their best performance when employing time-varying predisposing
factors. This not only confirms that LUCs and urbanization significantly affect landslide
occurrences [41,76,78-80] but also indicates that not only the condition of LUC should be
considered. Variations in the NDVI are also crucial measures of human activities, greatly
contributing to the accuracy of the LSA models. However, the current predisposing factors
measuring human activities or expansion primarily rely on changes in land use. The
consideration of changes in the NDVI, road density, urbanization index, city accessibility,
and other factors remain insufficient in existing studies. Therefore, a comprehensive
consideration of predisposing factors that measure the impact of human activities and
urban expansion on landslides may be key to enhancing model accuracy.

Figures 9 and 10, respectively, show predictive maps for future land use and LS. This
approach aligns with the framework for LSA simulations, with dynamic LUCs proposed by
Xiong et al. [21] and Pham et al. [38]. Based on the results for 2025, 2030, and 2040, we can
conclude that new artificial surfaces are mainly concentrated in the reaches of the Li River’s
tributaries. These predictive results underscore the urgent need for proactive management
strategies that not only focus on controlling and monitoring the spread of artificial surfaces
but also incorporate comprehensive land use planning that integrates with LSA. For these
high-LS areas, enhanced land management should involve the establishment of strict
zoning laws and regulations that limit construction in these areas, the reinforcement of
infrastructure to withstand potential landslides, and the restoration of natural vegetation to
stabilize slopes and manage runoff. Furthermore, community awareness and preparedness
programs are essential to ensure local populations understand the risks and can respond
effectively in the event of a landslide.

4.3. Landslide Management and Sustainable Development

Land use and its changes are considered closely related to landslide management, and
a bilateral management framework for landslide management and land management has
also been proposed. However, there is currently a lack of a comprehensive understanding
of integrating landslides, land use, and regional sustainable development. The UN SDGs
offer a comprehensive framework, aiming to address global challenges such as poverty,
inequality, and climate change, promoting a collaborative effort towards achieving a sus-
tainable and equitable world by 2030 [81]. As reported by Nanehkaran et al. [42], Although
none of the Sustainable Development Goals (SDGs) directly target landslides, multiple
goals tangentially relate to this issue, including Goal 1 (No Poverty), Goal 11 (Sustainable
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Cities and Communities), Goal 13 (Climate Action), and Goal 15 (Life on Land). The
relationship between these four SDGs and landslide mitigation is illustrated in Table 8,
showcasing how each goal contributes to reducing landslide susceptibility through various
strategies and actions. Herein, we aim to emphasize that although a significant body
of literature positions LSA as a mechanism for managing landslides and mitigating the
associated risks, this objective should not be perceived as terminal. Under the framework
of the UN SDGs, greater emphasis should be placed on the attainment of landslide-related
SDGs, as delineated in Table 8. The summary in Table 8 highlights a broad range of in-
terconnected areas, including but not limited to land use, resource governance, housing
solutions, early warning systems, urban planning strategies, infrastructure development,
climatic considerations, and the ecosystem. Therefore, landslide management cannot rely
solely on a single department; while bilateral management with land departments is crucial,
it is not the end goal. A trend towards integrated, multi-sectoral management is emerging
for the future. Consequently, future research should concentrate on how the results of
landslide susceptibility predictions can be linked with the SDGs and on developing a more
comprehensive and multi-stakeholder framework for sustainable landslide management.

Table 8. The relationship between these four SDGs and landslide mitigation.

Goals Interpretation for Landslide Mitigation

SDG1

SDG11 Sustainable Cities and Communities

SDG13

SDG15

Goal 1 impacts landslide mitigation by empowering communities
through enhanced resilience and access to resources, enabling more
effective land use strategies, safer housing, and early warning
systems in areas at risk.

Goal 11 highlights the link between sustainable urban development
and landslide risk reduction, advocating for enhanced urban
planning and infrastructure to safeguard communities in
landslide-prone areas.

Goal 13 mitigates landslide risks by addressing climate-induced
Climate Action changes, such as altered rainfall patterns and weather extremes, that
influence landslide occurrences.

Goal 15 enhances resilience to landslides through sustainable land
management, the conservation of forests, and the preservation of
natural landscapes, thereby stabilizing slopes and promoting
ecosystem health.

No Poverty

Life on Land

4.4. Limitations and Future Research

This study acknowledges four limitations and outlines four future directions. The first
limitation concerns the inconsistency in the resolution of predisposing factors. Although
resampling techniques were employed to address this issue, their impact on the results
remains uncertain. This effect is deemed acceptable, aligning with assertions made in some
publications on landslide susceptibility [21,82]. The second limitation derives from the
LR model’s findings, which identify changes in the NDVI as a critical indicator for future
LSA. However, predicting the NDVI is currently a challenging task in the field of remote
sensing [83]. The third limitation is regarding the models we used. The AHP-CI model is an
expert-based model, yet subjectivity still exists within it. The LR model is a data-dependent
machine learning model, and the 117 landslide location samples used to build the model
are somewhat insufficient. The fourth limitation concerns the transformation of continuous
variables into categorical variables, which may oversimplify relationships and increase
the model complexity due to the high number of parameters when there are many levels.
Future research directions encompass three key areas: firstly, the adoption of prudent land
planning and the integration of environmental considerations, such as reforestation, into
development projects are deemed essential for reducing landslide susceptibility. Secondly,
there is a need for a comprehensive evaluation of predisposing factors that quantify the
impact of human activities on landslide occurrences. Thirdly, it is crucial to explore
alternative methods like the Generalized Additive Model (GAM) in LSA to address the
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issue of nonlinearities. Lastly, forthcoming studies should focus on aligning the outcomes
of landslide susceptibility predictions with SDGs, aiming to establish a more inclusive and
multi-stakeholder framework that promotes sustainable management of landslide risks.
This holistic approach is pivotal in advancing our understanding and mitigation strategies
against landslides, highlighting the interplay between human activities, environmental
stewardship, and sustainable development objectives.

5. Conclusions

Despite advancements in the modeling over decades, landslide occurrence caused
by LUC and urbanization due to extensive human activities poses ongoing challenges for
precise LS predictions. This study employs two typical heuristic (AHP-CI) and statistical
(LR) models to discuss the impact of changes in three time-varying and human activity
predisposing factors (changes in land type, the NDVI, and traffic density) on LSA by taking
the LRV in Yongding as a case study. The main findings are shown as follows.

Four LS maps were generated using the AHP-CI and LR models, and the RCs in the LR
model highlight the significance of land changes and NDVI variations as key parameters.
The AHP-CI model, constrained by its focus on geological and environmental factors and
subjective nature, underperforms in LUC and urbanization. For the AHP-CI model, the
validation process was conducted using old landslide points, new landslide points, and
all landslide points, respectively. Their respective AUROC values were 0.628, 0.667, and
0.645, with the AUROC values consistently below 0.7. Conversely, however, when all the
time-varying human activity predisposing factors (changes of land use, NDVI and traffic
density) are considered, the LR model (AUROC = 0.852, precision = 0.765, recall = 0.867,
F; score = 0.813 and overall accuracy = 0.800) performs significantly better in terms of
its accuracy under the conditions of only considering 2010 (AUROC = 0.744) and 2020
(AUROC = 0.810). This highlights the importance of incorporating a broad spectrum of
human-related factors for improving LSA accuracy.

Employing the CA-Markov model for predicting future land use, our study spatially
forecasts LS for 2025, 2030, and 2040. The predictions indicate increased LS in areas near the
Li River due to urban expansion, highlighting the need for focused management strategies
in terms of artificial surface control and the integration of land use planning with LSA to
reduce landslide risks effectively.

While LUCs are closely linked to landslide management, the existing frameworks lack
a holistic view integrating landslides, land use, and sustainable development. The UN
SDGs provide a broad scaffold for addressing global challenges, including those related to
landslides through Goals 1, 11, 13, and 15. Our analysis underscores the necessity of tran-
scending traditional, single-department approaches and moving towards a comprehensive,
multi-sectoral strategy that aligns LSA with the broader objectives of the SDGs. Future
research should aim to enhance landslide management through prudent land planning,
reforestation, comprehensive evaluation of human-impact-related predisposing factors,
and the alignment of LS predictions with the SDGs, fostering a holistic, multi-stakeholder
approach to sustainable mitigation strategies.
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