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Abstract— Landslides are among the most hazardous phenomena in the Pacitan Regency, especially in the Sub-Districts of Pacitan, 

Kebonagung, Tulakan, and Arjosari, where the landslide mainly occurs. Strategic planning through GIS analysis can be applied to 

minimize potential losses and strengthen resilience to natural disasters. This study combined the binary logistic regression method and 

GIS to map the landslide susceptibility in the Sub-Districts of Pacitan, Kebonagung, Tulakan, and Arjosari, Pacitan Regency, East 

Java, Indonesia. An inventory map of 293 landslides was randomly divided into 80%-20% basis for model training and testing. Fourteen 

landslide conditioning factors including elevation, slope, aspect, plan curvature, profile curvature, topographic wetness index (TWI), 

land use, proximity to roads, proximity to rivers, proximity to faults, soil types, lithology, normalized difference vegetation index (NDVI) 

and rainfall was used. Analysis shows that fourteen landslide conditioning factors are contributed to 22.7%. The analysis shows that 

36.59% or 17,734.95 Ha of the study area has high-very high susceptibility. The area of high-very high susceptibility is mainly located 

in the western part of the study area. It is related to high slope value and volcanic and sediment-volcanic rock from the formation of 

Arjosari and Mandalika. The validation using AUROC showed an excellent fit of 0.806. Validation of susceptibility map using testing 

data showed 0.711 accuracy value and 0.694 precision value, which meant that the susceptibility model was quite sensible. This 

information could be helpful to support the local government for hazard mitigation efforts. 
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I. INTRODUCTION

Ground deformation is a dynamic process on the earth's 

surface [1]. This process can occur due to human intervention 

or naturally [2], [3]. One form of surface deformation is a 

landslide. Landslides are events of mass movement of soil or 

rock falling down the slope due to disruption of the stability 

of the soil or rock [4], [5]. Landslides are the most detrimental 

event in Pacitan Regency. In 2017, more than 150 landslides 
killed 19 people and damaged 615 houses, with a total loss of 

> 600 billion rupiahs [6]. Strategic planning through GIS

analysis can be applied to minimize potential losses and

strengthen resilience to natural disasters [7]–[11].

This study utilizes GIS and logistic regression in landslide 

susceptibility mapping (LSM) in the Sub-Districts of Pacitan, 

Kebonagung, Tulakan, and Arjosari. The four sub-districts 

have the highest landslide occurrence in Pacitan Regency. 

Some types of LSM methods include inventory, deterministic, 

and probabilistic [10], [12]. For regional planning and 

mitigation, the probabilistic method can be used on a medium 

scale (1:25,000 to 1:50,000) [10] with several advantages: (1) 
Probabilistic methods with statistical approaches have higher 

objectivity than deterministic methods [13], (2) the 

probabilistic method can assess the contribution of each factor 

that is considered to affect the occurrence of landslides [13], 

and (3) the probabilistic method does not require any field 

survey data such as the inventory method, so it is considered 

more efficient to map landslide susceptibility on a medium 

scale [10].  

One type of probabilistic method widely used is logistic 

regression [4], [10], [14]–[17]. The logistic regression method 

was applied to predict the probability of landslide occurrence. 
The relationship between the occurrence of landslides in an 

area and its influence on several variables (causative factors) 

can be traced, both those that have a full or partial effect. 

Logistic regression consists of two types of variables, 

namely independent and dependent variables. The 

independent variables, also called the physical aspect, are the 

factors that influence or control the occurrence of 

landslides[18]–[20]. Meanwhile, the dependent variable is a 

description of the landslide itself, in the form of numbers 0 
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and 1, which reflect the presence or absence of landslide 

events [16]. Physical aspects can be continuous, interval, 

dichotomous, categorical, or combined, while the dependent 

variable is only dichotomous [21]. By utilizing logistic 

regression and GIS, this study aims to identify the relationship 
of each physical aspect with the occurrence of landslides and 

identify the level of landslide susceptibility in the Sub-

Districts of Pacitan, Kebonagung, Tulakan, and Arjosari. 

II. MATERIALS AND METHOD 

A. Study Area 

The Sub-Districts of Pacitan, Kebonagung, Tulakan, and 

Arjosari are located in the central part of Pacitan Regency, 

with about 484.69 km² and 250,217 people in 2020 [22]. The 

Southern Mountains formed a hilly topography in most of the 
study area with an elevation of 0 – 950 m above sea level (Fig. 

1) and dominated with a slope value of 15 - 25°. Sedimentary 

rock types and volcanic sediments form hills in some research 

areas, especially in Mandalika and Arjosari Formations [23]. 

In addition, several high and steep hills result from magma 

intrusions, such as Sepang hill in Tulakan Sub-District and 

Limo hill, Kukusan hill, and Lanang hill in Kebonagung Sub-

District. A large flat area is only found downstream of the 

Grindulu River in Pacitan Sub-District, which serves as the 

economic and activity center for Pacitan Regency. 

 

 
Fig. 1 The administrative area of Pacitan, Kebonagung, Tulakan, and Arjosari 

Sub-Districts 

B. Landslide Inventory and Spatial Database 

The methodology is described in Fig. 2, divided into (1) 

data collection, (2) landslide susceptibility modeling, and (3) 

validation. In the independent variable with categorical data 

types, the assessment of each class is obtained by comparing 

the landslide density of each particular physical aspect [9], 

[24] with the following equation: 

 ������� = 	
�
��


∑ 	
�
��
����

 (1) 

where ��  is the area in the ���  sub-parameter of specific 

physical aspect parameters, �� is the landslide area in the ��� 
sub-parameter of specific physical aspect parameters [24]. 

Landslides mainly occur in the rainy season from 

December to March, with an average rainfall of 240 - 543 

mm/month. Landslide points data came from a combination 

of the landslide inventory of the BPBD of Pacitan Regency 

for 2017 - 2020, field observations in November 2020, and 

identification of satellite images from 2016 - 2020. As many 

as 293 landslide points were obtained across the four sub-

districts. The number of landslide points is then separated; as 

much as 80 percent of the data is used to build the model 

(training), and the remaining 20 percent is used for validation 
purposes [8], [25], respectively of 234 and 59 points. 

The selection of 14 physical aspects predicted to influence 

landslides is carried out based on [20], [21], [26], [27], and a 

review by [28] on 220 papers. Fourteen physical aspects are 

most often used: slope, lithology, aspect or direction towards 

the slope, land use, proximity to rivers, altitude, proximity to 

faults, plan curvature, profile curvature, soil type, proximity 

to roads, TWI, rainfall, and NDVI. Raster data of 14 physical 

aspects have a pixel size of 15 x 15 meters [16], as shown in 

Fig. 3. 

C. Binary Logistic Regression 

Logistic regression is a multivariate statistical model. All 

physical aspects that are thought to contribute to landslides 

are processed together. The resulting relationship will predict 

(probability) the presence or absence of landslides in the study 

area [16], [27], [29]. The logistic regression model was used 

because some data on physical aspects were not normally 

distributed [16]. Both the physical aspect and the dependent 

variable must be in the form of raster or grid data [29]. A 

simple model of logistic regression can be expressed as 
follow: 

 P(y = 1) = (��)
���� (2) 

 (� = 1) is the probability of a successful event or the 

occurrence of a landslide whose value ranges from 0 to 1 on 

an S-shaped curve [21]. If the prediction result is close to 1, 

the landslide is more likely to occur [17]. ! is defined as the 

equation below, and the value varies between −∞ to ∞. $% is 

a constant, $�  is the ���  regression coefficient, and &�  is the 

��� physical aspect. 

 ! = $% + $�&�+. . . +$�&�  (3) 
Binary logistic regression calculations were performed 

using the R Studio software. Meanwhile, the formation of 

raster data for each physical aspect and the dependent variable 
was processed using ArcGIS.  
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Fig. 2  Methodology of the study 

 
Fig. 3  Raster data of fourteen physical aspects

Based on a 1:25,000 scale topographic map sourced from 

[30] and further reclassified, land use in the study area is 

dominated by shrub (bs) of 22,248.02 Ha, dryland agriculture 

(u) of 7,371.9 Ha, plantations (e) of 6,318.72 Ha, settlements 

or build-up area (p) of 4,525.88 Ha, and others including 

rainfed paddy field (wt), irrigated paddy field (w), forest (h), 

water body (a), grassland (r), other non-cultivated vegetation 

(n). The topographic map from [30] is further analyzed to 
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create proximity to rivers and proximity to faults maps. 

Lithological formation in the study area is dominated by 

Arjosari Formation (Toma) of 20,222.92 Ha, Mandalika 

Formation (Tomm) of 7,631.55 Ha, Alluvial (Qa) of 5,056.53 

Ha, Jaten Formation (Tmj) of 4,346.92 Ha, and others 

including Wonosari Formation (Tmw), Intrusive rocks 

(Tomi), Wuni Formation (Tmw), Oyo Formation (Tmo), 

Nampol Formation (Tmn), and Watupatok Formation 

(Tomw) [23], [31].  

The soil type in the study area is dominated by lithosols (I) 

of 15,775.51 Ha, alluvial soil (A) of 15,697,27 Ha, cambisols 
(K) of 8,174.63 Ha, rock outcrop (Sto), and others, including 

Mediterranean (M), Arenosols (Q), gleisols (G), escarpments 

(Esc), and regosols (R) [32]. The digital elevation model or 

DEMNAS product sourced from [30] is further analyzed to 

create the physical aspects of slope, elevation, aspect, plan 

and profile curvature, and TWI. The yearly rainfall maps are 

sourced from [33] and NDVI map NDVI maps are processed 

from Copernicus Sentinel-2 satellite imagery. 

D. Validation 

In this study, validation was carried out by constructing a 

ROC or Receiver Operating Characteristic curve. The ROC 

curve analysis method is widely used to assess the quality of 

logistic regression models by comparing the area under curves 

or AUC [26], [34]–[36]. For example, the logistic regression 

model is acceptable if the area curve under the ROC or AUC 

is between 0.7 and 0.8. Likewise, the model is considered 

excellent if the AUC is between 0.8 and 0.9 [16], [37]. 

Moreover, if the AUC is above 0.9, the model is considered 

extraordinary [37]. 

Validation is also done by forming a confusion matrix that 
compares the final prediction results with actual data on 

landslide and non-landslide points from observations [19], 

[38]. Data were classified into true positive (TP), true 

negative (TN), false-positive (FP), and false-negative (FN) to 

assess accuracy and precision (positive predictive value) [14], 

[27] using the following equation: 

 �**+,-*� = (./�.0)
(./�.0�1/�10) (4) 

  , � *���2� = (./)
(./�1/) (5) 

Accuracy is defined as the model's ability to choose which 

classes to select and which classes to reject. In other words, 

accuracy describes the model's ability to classify data 

correctly. Precision is defined as comparing the amount of 

data relevant to the classification results [39]. 

III. RESULT AND DISCUSSION 

A. Relationship of each Physical Aspect 

Based on the results of logistic regression calculations in R, 

14 physical aspects have different significance. The 

significance column is the result of the Wald test. At =0.05, 

there are two hypotheses, namely: 

 3%: $� = 0  

 (logit coefficient is not significant to the model)   (6) 

 3�: $� ≠ 0   

 (logit coefficient is significant to the model)  (7) 

The model has six significant physical aspects: proximity 

to roads, NDVI, rainfall, slope, lithology, and land use. 

Meanwhile, the other eight physical aspects: proximity to 

rivers, profile curvature, plan curvature, elevation, TWI, 

aspect, and soil types, were considered insignificant to the 

model. Model testing using the McFadden R² test resulted in 

a value of 0.227. In other words, the 14 physical aspects could 

explain the dependent variable as far as 22.7 percent. The 

physical aspects that greatly influence the test data on 

landslide events in the study area include slopes of 8.5 percent, 
lithology of 4.9 percent, and land use of 3.3 percent, as shown 

in the importance column in table 1.  

TABLE I 

LOGISTIC REGRESSION COEFFICIENTS, SIGNIFICANCE, IMPORTANCE, AND VIF 

TEST VALUE OF FOURTEEN PHYSICAL ASPECTS 

Physical 

Aspect 
Coeffi-

cients 
Signifi-

cance 
Impor-

tance 
VIF 

Intercept -5.851 P<0.001 - - 
Slope 0.109 P<0.001 0.085 1.356 
Slope Aspect 0.338 P=0.196 0.002 1.049 

Elevation -0.001 P=0.412 0.009 1.346 
TWI 0.076 P=0.457 0.007 1.622 
Profile 
Curvature 

0.011 P=0.928 0.000 1.180 

Plan 
Curvature 

0.354 P=0.141 0.003 1.607 

Proximity to 
faults 

0.0001 P=0.418 0.000 1.068 

Proximity to 

roads 

-0.0004 P=0.046 0.003 1.102 

Proximity to 
rivers 

0.0005 P=0.051 0.007 1.117 

NDVI -3.464 P<0.001 0.017 1.281 
Rainfall 0.001 P=0.043 0.009 1.316 
Land use 1.167 P<0.001 0.003 1.199 
Soil type 0.264 P=0.483 0.006 1.089 
Lithology 1.229 P<0.001 0.049 1.109 

 

The Hosmer and Lemeshow GOF test on the model have a 
P-value of 0.235. In other words, the model is suitable and can 

be used because the P-value > 0.05. The VIF test is used to 

assess the relationship between physical aspects in the model 

[14]. If the VIF value is > 5, it means that there is 

multicollinearity. Based on the VIF column in table 1 above, 

the VIF value in 14 physical aspects is <5, meaning that there 

is no multicollinearity problem, and 14 physical aspects can 

be used in the model. 

The regression coefficient table above has positive (+) and 

negative (-) numbers. Physical aspects with positive 

coefficient values include slope, aspect (direction towards 

slope), rainfall, land use, soil types, lithology, plan curvature, 
profile curvature, proximity to faults, rivers, and TWI. 

Meanwhile, physical aspects with negative coefficient values 

include elevation, proximity to the road, and NDVI. A 

positive coefficient value indicates that landslides are more 

likely to occur as the physical aspect value increases [10]. 

Meanwhile, a negative coefficient value indicates that 

landslide events are less likely to occur when the value of the 

physical aspect increases. Physical aspect value is the value 

of each pixel in each physical aspect. 
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B. Level of Landslide Susceptibility 

Jenks Natural Break is used to divide landslide probability 

into five-level, namely very low, low, medium, high, and very 

high [8], [14], [17]. Based on the calculation results, the study 

area is dominated by a very low to medium landslide 
susceptibility level of 63.41 percent or 30,735.38 Ha. 

Meanwhile, the high to very high landslide susceptibility level 

is about 36.59 percent or 17,734.95 Ha, as shown in Table 2. 

TABLE II 

PROBABILITY CLASSIFICATION AND THE AREA OF EACH LANDSLIDE 

SUSCEPTIBILITY LEVEL 

Probability Class Susceptibility 

Level 
Area  

(Ha) 
Percentage 

(%) 
0.00006 – 0.21181 Very Low 10,275.07 21.20 
0.21181 – 0.39218 Low 10,457.59 21.58 
0.39218 – 0.57647 Medium 10,002.19 20.64 
0.57647 – 0.76861 High 9,422.28 19.44 
0.76861 – 0.99995 Very High 8,312.67 17.15 

 

Areas with a very high level of landslide susceptibility are 

mainly located in the western part of the study area in the Sub-

District of Kebonagung, the northern part of Pacitan Sub-
District, and the southern part Arjosari Sub-District, and small 

parts of Tulakan Sub-District as shown in Fig. 4.  

 

 
Fig. 4 Landslide Susceptibility Level in the study area; (a) Very Low Level 

of Landslide Susceptibility Found in Flat Area in Pacitan Sub-District, (b) 

Very High Level of Landslide Susceptibility Found in Steep Hilly Area in 

Kebonagung Sub-District, (c) Huge landslide area at Gembuk Village, 

Kebonagung Sub-districts, (d) Small landslide besides the road at Ngile 

Village, Tulakan Sub-districts 

 

Sedimentary and volcanic sedimentary rocks from Arjosari 

Formation dominate this area. The average rainfall of 2,300 

mm/year makes the alluvial soil in this area more easily 

eroded. Steep hills also dominate this area with shrub cover 

that is less able to bind the soil, as shown in Fig. 4a to 4c. 

Usually, alluvial soil is a source of landslide mass because it 

has high water absorption and is quickly saturated [15], [40]. 

If the saturation reaches the slip plane, it can cause a landslide 

[16], [36]. 

Meanwhile, areas with a very low landslide susceptibility 

dominate the eastern part of the study area, especially in the 

central part of the Tulakan Sub-District. This area has a hilly 

topography with low to moderate slopes and is used for rice 

fields and other dryland agriculture. Areas with a very low 

level of landslide susceptibility also can be found along and 
downstream of the Grindulu River in Pacitan and Arjosari 

Sub-Districts, as shown in Fig. 4a. The flow of the Grindulu 

River forms a flat sedimentary plain on its side and is used as 

rice fields and settlements. 

C. Validation 

The results of model validation using the AUROC curve 

produce a value of 0.806, as shown in Fig. 5. If, for example, 

100 decisions are made, then the model can distinguish 
between landslide and non-landslide conditions as much as 

80.6 percent is correct. These results are in the range of 0.8 to 

0.9 according to the class made by [37], indicating an 

excellent value. 

 
Fig. 5  Plot of the area under the curve 

 

A total of 59 validation points were used to assess the 

accuracy and precision of the landslide susceptibility level. 

Susceptible areas are considered high and very high 

susceptibility levels, while non-susceptible areas are 

considered very low, low, and medium susceptibility levels 
[19]. Table 3 below is a confusion matrix that shows the 

number of landslide points that fall into the level of 

susceptible and non-susceptible. 

TABLE III 
CONFUSION MATRIX TO VALIDATE THE LANDSLIDE SUSCEPTIBILITY LEVEL 

 Target Class (Observation) 

Validation 

Sample 
Susceptible Area 

(High – Very High 
Level of Landslide 
Susceptibility) 

Non-Susceptible Area 

(Very Low – Medium 
Level of Landslide 
Susceptibility) 

Landslide 
Points (1) 

41 18 

Non - 
Landslide 

Points (0) 
16 43 

�**+,-*� = (41 + 43)
(41 + 18 + 16 + 43) = 0.711 
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 ,�*���2� = (41)
(41 + 18) = 0.694 

 
Accuracy has a value of 0.711 or 71.1 percent. As a result, 

the model can correctly predict the occurrence of landslides 

and non-landslides as much as 71.1 percent. Meanwhile, the 

precision has a value of 0.694 or 69.4 percent. Thus, the model 

can correctly predict landslide events in as many as 69.4 

percent of all landslide events. 

IV. CONCLUSION 

The combination of the logistic regression method and GIS 
has succeeded in mapping the level of landslide susceptibility 

in the study area, as evidenced by the results of model 

validation using AUROC and accuracy and precision 

assessment using a confusion matrix. However, the model 

must be continuously improved. The physical aspect of the 

slope and lithological formation greatly influence landslide 

occurrence in the study area. A total of 17,739.95 ha of the 

area is included in the high to a very high level of landslide 

susceptibility, especially in the western part of the study area, 

which is dominated by steep hills composed of sedimentary 

rocks and volcanic sediments from the Arjosari Formation, 
covered by shrub. 
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