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Abstract
The purpose of this study was to evaluate landslides in�uencing factors and prepare landslide
susceptibility zonation map, Dessie area is situated in South wello Ethiopia. For this study, lithology,
slope, curvature, elevation, land use, slope aspect, distance from road, river and tectonic fault were
considered as landslide causative factors. The landslide inventory database was developed from
extensive �eldwork and Google Earth imagery and randomly partitioned as training datasets (70%) and
testing datasets (30%) using the Subset features Tools in ArcGIS. The training datasets combined with
landslide causative factors to produce landslide susceptibility zonation maps. The testing datasets used
to validate the maps using Area under the curve (AUC) of the Receiver Operating Characteristic (ROC)
method. The spatial relationship between landslide and landslide causative factors analyzed in
frequency Ratio and logistic regression models and the results used to prepare landslide susceptibility
zonation (LSZ) maps in GIS environments. Landslide susceptibility zonation maps were classi�ed into
�ve categories: very low, low, medium, high and very high zones. Finally, the results of analysis were
validated by comparing known landslide location with LSZ maps using AUC of ROC. The prediction
accuracy value obtained shows that the logistic regression model (84.4%) is better in prediction than
frequency ratio model (80.8%). The analysis shows that the prediction rate of FR model achieved 80.8%
while the LR model achieved 84.4%. These maps show areas prone to landslides that will be used for
proper land use planning and further sustainable development activities in the area.

1. Introduction
Landslides are one of the most serious geological hazards in the world, especially in mountainous areas,
causing widespread destruction on the loss of life, properties, and infrastructure (Parise & Jibson 2000;
Alexander 2005; Pan et al. 2008; Mersha & Meten 2020). Globally, landslides cause appropriately 1000
deaths per year and property damage of more than 4 billion (Lee & Pradhan 2007; Solaimani et al. 2013).
Over the past 25 years, governmental and international research institutes have invested considerable
resources to assess landslides and develop susceptibility maps (Guzzetti et al. 1999; Yalcin et al. 2011).
Landslides in mountainous region of Ethiopia are a serious geological hazard, often resulting in loss of
life, properties and infrastructure (Ayalew 1999; Abebe et al. 2010; Woldearegay 2013; Mersha & Meten
2020). About 60% of Ethiopia population lives in the highlands (with elevation ranging from 1500 m − 
4550 m) with complex geology, heavy rainfall, rough morphology, and active geomorphological
processes (Ayalew 1999; Mersha & Meten 2020). In recent years, landslide related hazards are increasing
due to rapid expansion of urbanization, improper land use practice and slope excavation over landslide-
prone areas. Hence, to reduce the hazard related to landslides, it is important to identify areas susceptible
to landslides and predict future landslides for land use management.

Dessie area is the most landslide-prone region of South wello in Ethiopia, which are characterized by
frequent landslide occurrences causing damages to infrastructures and properties. Landslides interact
with geology, human activities such as land-use change; develop infrastructures without detailed
geotechnical investigations are aggravating and reactivating landslides, which caused to damage
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infrastructures and property Fig. 2. From 2014 to 2020, there was a signi�cant increase in landslides in
the Dessie, especially in the area under new construction (e.g. Agere Gizat site 2016 due to over-
excavation) Fig. 2C and 2D. Large scale landslide hazard may be expected in the future due to
unexpected urban expansion, infrastructures developments in landslide prone-area. To minimize the
damage caused by landslides, it is important to evaluate the factors causing landslides and determine
landslide susceptible areas for future suitable land use management.

Hence, main objectives of this study were to evaluate the landslide causing factors and apply bivariate
(frequency ratio) and multivariate statistical (logistic regression) analysis within the GIS framework to
prepare the landslide susceptibility zonation maps. Landslide susceptibility zonation mapping plays a
key role in developing sustainable infrastructure, urban plan and land-use planning. The words used to
study landslide related hazard such as landslide hazard mapping, landslide susceptibility zonation, etc.,
are very confusing among the researchers (Anbalagan 1992; Guzzetti et al. 1999; Ayalew & Yamagishi
2005; Lee & Pradhan 2007; Yilmaz 2009; Anbalagan et al. 2015). According to Varnes (1984), in the
context of landslides, the term 'zonation' refers to the general term for dividing the land surface into
similar zones and based on the actual or potential hazard of landslides. Since the 1980s, 1990s and early
2000s, landslide hazard zonation mapping has been used by many authors to study landslides
(Anbalagan et al. 2015). Also, the researchers describe the term 'landslide susceptibility mapping, in the
context of landslides given to the spatial probability of occurrence of landslides based on a set of local
geo-environmental conditions (Lee & Sambath 2006; Kanungo et al. 2012). Landslide hazard mapping is
also a division of terrain into zones characterized by the spatial and temporal probability of landslide
occurrence (Guzzetti et al. 1999; Guzzetti 2006; Anbalagan et al. 2015; Shano et al. 2020).

Nowadays landslide susceptibility zonation combines the terms landslide hazard zonation, landslide
susceptibility and is often used to study landslide associated hazards (Kanungo et al. 2012; Anbalagan et
al. 2015). Similarly, in this study landslide hazard zonation, landslide susceptibility and landslide
susceptibility zonation have been considered as the same. GIS-based landslide studies using frequency
ratio (FR) and logistic regression (LR) models are used by several researchers to map landslide
susceptibility zonation based on local geo-environmental factors (Aleotti & Chowdhury 1999; Kanungo et
al. 2012; Mersha & Meten 2020). Many approaches are used to study landslides such as qualitative,
semi-qualitative and quantitative. Qualitative and semi-qualitative methods are subjective and represent
susceptibility level by descriptive expressions and expert based. Quantitative methods such as
deterministic, probability approaches and statistical methods are closely based on mathematical models,
with no personal bias (Aleotti & Chowdhury 1999; Kanungo et al. 2012; Mersha & Meten 2020).
Quantitative methods are also used to evaluate landslide events and predict future landslides. Thus, for
this study quantitative approaches of FR and LR models were embraced and applied to prepare landslide
susceptibility zonation maps in the Dessie area of South Wello, Ethiopia. The output susceptibility
zonation maps have been validated using the area AUC of the ROC.

2. Study Area
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Dessie area is located in the South Wello, highlands of Ethiopia. It is characterized by a chain of
mountains and a technologically fragile zone along the western Afar margin Fig. 1A and B. It is bounded
by two N–S striking steep slopes formed by the action of normal faults: the Tossa escarpment to the
west and the antithetic Azwa Gedel escarpment to the east (Ayenew & Barbieri 2005; Fubelli et al. 2008;
Abebe et al. 2010). Most of the river network and their engagement processes resulting in deep incision
emerged from Tossa Chain mountain made the area more susceptible to landslide (Ayalew 1999; Fubelli
et al. 2008; Abebe et al. 2010) (Fig. 1B).

The morphology of this area is very gentle to very steep slope; the gentle slope is covered by Quaternary
deposit (Tefera et al. 1996; Ayenew & Barbieri 2005). The climate of the Dessie area is characterized as
sub-humid to humid with a bimodal rainfall regime and the annual rainfall distribution is characterized by
pronounced seasonality, with the heaviest rainfall occurring in July and August (Ayalew 1999; Fubelli et
al. 2008). Intensive rainfall has caused disastrous �ash �oods in river basins and many landslides on the
slope (Ayalew 1999).

2.1. Geological and Geomorphological setting of Dessie
area
The geology of the Dessie area consists of sequences of basaltics Trap Series ranging between 30 and
25 Ma and Quaternary deposit (Tefera et al. 1996; Ayenew & Barbieri 2005; Fubelli et al. 2008). These
rocks are moderate to highly weathered and densely jointed basaltic rock which corresponds to strati�ed
beds of successive lava �ows, inter-bedded with weakly degraded volcanic units and several reddish
paleosol horizons (Ayenew & Barbieri 2005; Fubelli et al. 2008; Vařilová et al. 2015). The porous and
friable vesicular basalt, which overlying the strati�ed basalt is dominantly covered in the central part of
Dessie Town (Ayenew & Barbieri 2005; Vařilová et al. 2015). The �oor of Dessie Basin and Boru Meda are
�lled with Quaternary sediments which reach up to several tens of meters thick (Fubelli et al. 2008).
These Quaternary sediments are mainly alluvial-swampy and colluvial deposits likely derived from
volcanic products (Ayenew & Barbieri 2005; Fubelli et al. 2008).

The Oligocene continental �ood basalt volcanism, which resulted in producing sequences of basalt and
ignimbrite, is considered the start of the geomorphological evolution of the Dessie area (Fubelli et al.
2008). In the Pliocene-Quaternary times, the western Afar margin has been affected by E-directed
extension (Boccaletti et al. 1998; Chorowicz et al. 1999; Fubelli et al. 2008). This extensional phase was
accompanied by an important regional uplift which raised the Ethiopian plateau by 800–1000 m to attain
the present elevation (Almond 1986; Fubelli et al. 2008). This area also has been affected by active
geomorphological processes and human activities such as land-use change and construction, especially
at relatively low elevation and at the foot of the Tosa Chain Mountain. The slopes of the western and
eastern areas (from Dessie to Konbolcha Road, Tosa Slopes, Azwa Gedel and Dorommezlia slide) were
faced rock falls, and rock slides while the Center of the Dessie was in�uenced by a rotational landslide
(Ayenew & Barbieri 2005; Fubelli et al. 2008; Vařilová et al. 2015).
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3. Methods

3.1 Data collection and preparation
To achieve the objective of the study, necessary geo-environmental data were collected and organized
from different data sources. These include DEM (Digital Elevation Model) from USGS, Satellite image,
Google Earth imagery from Google Earth, relevant literature and extensive �eldwork were major data
sources used to map landslide susceptibility zonation maps in the area Table 1. Slope, slope aspect and
curvature were derived from DEM using the spatial analyst tool in ArcGIS 10.3 while the land-use map
has been extracted from Landsat-8, 2020 satellite image using supervised classi�cation techniques. The
distance from drainage was extracted from the DEM database while road networks were extracted from
Google Earth. Also, Google Earth is used as references to check the land use types for each class and
determines the area of high frequency of landslides. The distance from river and distance from road were
calculated by the Euclidean distance tool in spatial analysis of ArcGIS 10.3.

During �eldwork, data collection was carried out on landslide inventory datasets on both active and scarp
areas, land-use conditions, man-made activities prone to landslide have been determined. Then, actual
�eld data has been organized in excel format and analyzed and processed in the GIS environment. The
spatial database containing landslide causative factors that were in�uencing to landslide occurrence are
elevation, slope, slope aspects, curvature, distance to fault, distance from river, distance from road,
lithology and land use were prepared. All data layers have been rasterized and resampled as uniform
pixel size (30x30) and thematic maps prepared. The spatial correlation between the landslide location
and landslide causative factors were evaluated using FR and LR approaches. Finally, Landslide
Susceptibility zonation maps were prepared using FR and LR approach by summing all statistically
signi�cant landslide causative factors using map algebra in the ArcGIS environment Eqs. 2 and 3.
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Table 1
Sources of data

Data Description Source

Landsat 8 Downloaded https://earthexplorer.usgs.gov/

Aster DEM (Digital Elevation Model DEM)
Resolution 30 m

Downloaded https://earthexplorer.usgs.gov/

Slope angle and Slope aspect Derived from DEM
30 m

DEM 30 m

Land-use Derived from
Landsat 8

Landsat 8 OLI

Slope aspect Derived from DEM
30 m

DEM 30 m

Road Extracted Google earth

Drainage Extracted DEM 30 m

Landslide location Inventory map Field data/ literature/ Google
earth

Geological and structural data Literature Geological Survey of Ethiopia

3.2 Spatial Database

3.2.1. Landslide Inventory database
Preparing a reliable landslides inventory database is the basic step to study landslide susceptibility
zonation mapping. According to Lee and Talib (2005), the basic assumption is that future landslides will
occur under the same condition factors as past landslides. Hence, it is important to determine the
location, spatial distribution, frequency and intensity of past landslides during preparation landslides
susceptibility zonation map. In this study, more 210 landslides points were identi�ed by extensive
�eldwork and from Google Earth imagery interpretation Fig. 3. For this study, landslide datasets were
randomly divided into training datasets (70%) and testing datasets (30%) using the Subset features Tools
in ArcGIS (Chung & Fabbri 2003). The training datasets combined with landslide causative factors to
produce landslide susceptibility zonation maps using GIS tools and testing datasets used to validate the
performance of the maps.

3.2.2 Landslides in�uencing factors
Landslide in�uencing factors considered in this study are lithology, slope, slope aspect, curvature, land
use, distance from fault, distance from road, and distance from river are described in the following
subsections.
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Lithology

The lithological units in the study area are basalt, colluvial and alluvial deposits edited from regional
geological maps (Fig. 4A). Landslides occurred in all lithological units, but the frequency and spatial
distribution of landslides was relatively concentrated in thick colluvial deposits and alluvial deposits.
Basalt is cover the highest elevation (Tossa chain ridge) and forming steep slope (Azwa Gedel and
Doromezleya) to gentle. Colluvial deposit is affected by numerous landslides, mostly retrogressive
rotational slides of different size (Fubelli et al. 2008). Alluvial deposits are restricted to low-lying areas
close to Borkena river and have high contribution in occurrences of landslides along riverbanks (Ayenew
& Barbieri 2005; Fubelli et al. 2008). Most of the slow-moving and some rotational slides were observed in
the colluvial and alluvial deposited area.

Curvature

The surface curvature represents the morphology of topography of the area and controls the hydrological
condition of the soil. The curvature of the study area was generated from DEM data and classi�ed as
concave slope (negative value), convex slope (positive value) and �at surface Fig. 4B. The positive value
indicates that the surface is upwardly convex (convex slope) at that cell and the negative value indicate
that the surface is upwardly concave (concave slope) at that cell while the zero value indicates that the
surface is linear (Gallant et al. 2000; Mersha & Meten 2020). Concave slopes have the ability to retain
water and prospect for landslides occurrence than the convex slope (Mezughi et al. 2012; Meten et al.
2015b; Mersha & Meten 2020).

Land-use

Land use in the Dessie area has changed dramatically over the past �ve decades due to urbanization,
deforestation, and infrastructure expansion (Fubelli et al. 2013; Vařilová et al. 2015). The construction
process also causes the change in groundwater level and �ow, modifying the slope, adding load to the
slope, which initiate and reactivate landslides on hill slopes (Anbalagan 1992; Abay et al. 2019). Analysis
shows that landslides occurred in the central Dessie town and its area were due to land use and
construction processes, particularly in the lower slope.

Land use map of the study area is classi�ed as built-up area, barren land and forest (Fig. 4C). The built-
up area covers most of the centre of the area and along the road section. Forest area cover at toe of the
Tossa and distributed overall the area and barren land covers the top of the Tossa, Azwa Gedal area and
some areas of the northern part of the area. Google earth and Satellite image analysis show that most of
the forest-covered and barren land areas were changing to infrastructures, which aggravate and
reactivate landslides in the study area.

Distance from river

The river networks have a high probability of landslide occurrence as it erodes the slope and saturates the
underwater section of the slope forming material (Dai et al. 2001; Moradi et al. 2012; Abay et al. 2019).
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Most of the recorded landslides occurred in Dessie areas close to the vicinity of the rivers. That means if
the area is closer to riverbanks, the area will be more susceptible to landslide occurrences (Guedjeo et al.
2013; Ali et al. 2019). The �eld analysis shows that high magnitude of landslide threat to built-up areas
and properties were aligned along with E–W trending or following riverbanks. Consequently, as the
distance to rivers increases, the susceptibility to landslide is decreasing shown in Fig. 4D.

Slope aspect

Aspect related parameters such as exposure to sunlight, prevailing winds and the amount of rainfall on a
slope may vary depending on its orientation to control the occurrence of landslides (Dai & Lee 2002). The
Aspect map of the study area was derived from the DEM of the study area and grouped into nine main
directions (Fig. 4E). Slopes facing the N, NE, and E have more records of landslides.

Slope

The slope gradient is one the topographic factors that are directly related to terrain susceptibility of
rockfall and landslide (Dai et al. 2001; Forbes & Broadhead 2013; Abay et al. 2019). In this study area,
most of the landslides occurred in the slope range of 25°- 35° and 5°-15°. The slope map was extracted
from DEM using ArcGIS tool (Fig. 4F).

Distance from Fault

The presence of main fault N-S northern and southern edges of the Dessie Basin and SW-NE trending
transfer faults control the topography of the area, which contributes signi�cantly to the occurrence of
landslides in the area (Fubelli et al. 2008, 2013). However, most of the landslides in the area occurred in
colluvial and alluvial deposits far away from the fault. Hence it needs detailed investigation whether the
fault is causative landslide or not in Dessie area (Fig. 4G).

Distance from road

Distance to roads is one of the major human activities factors in�uencing landslide occurrences (El
Jazouli et al. 2019). Road constructions change the nature of the topography and decrease the shear
strength of the toe of the slope and cause tensile stress (Moradi et al. 2012). The slope may be stable
under normal condition, but road construction can have an undesirable effect on slope and causes for
in�ltrating of water in slopes and enforces extra stresses due to tra�c loads (e.g. Dessie to Kombolcha
road). In the study area, landslides occurred closest alongside the road section (Fig. 4H).

Elevation

The intensive �eldwork shows that most of the landslide occurred relatively in the lower elevation (2516
m − 2635 m). This is due to the lower elevation covered by unconsolidated Quaternary deposits and
easily affected by human activities and rainfall (Fig. 4I).
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Figure 4 Landslide in�uencing factors maps: A) lithological map B) Curvature map, C) land use map, D)
Distance from River map

3. Modeling

3.1 Frequency ratio
Frequency ratio model is one of the probability model based on spatial distribution of landslides and
considered causative factor, to reveal the relationship between landslide location and its causative
factors in the study area (Lee & Talib 2005; Lee & Pradhan 2007; Solaimani et al. 2013). To evaluate the
contributions of causative factors towards landslide susceptibility, the training landslide data points were
combined with data layers using the following procedure (Lee & Talib 2005). First, count the number of
pixels of landslide in each factor class using tabulated ArcGIS tools. The number of pixels is calculated
as the total area of the class divided by cell size area (30*30) using a �eld calculator in ArcGIS and
Microsoft Excel. Second, change the landslide and non-landslide area into number of pixels, percentage
and results were summarized in Table 2. Then, the Frequency Ratio of each factor class was calculated
by dividing the percentage of landslide pixels in each causative factor class to the percentage of total
area pixels of each causative factor class Eq. 1. Mathematically, FR calculation is expressed as;

FR =
a
b =

Nlpix
Npix

Ntlpix
Ntpix

 ……………………………..………………... Eq. 1

Where FR = Frequency Ration; Nlpix = number of pixels that contains the landslide in each factor class;
Npix = number of pixels within the in each factor; Ntlpix = total number of pixels that contains the
landslide in the whole study area; and Ntpix = total number of pixels of the whole study area.

The calculated FR value represents the level of correlation between landslide and certain class of the
causative factor. If the value of FR is 1 an average value, but, if the value is greater than 1, it means a
class has strong correlation with landslide which indicates high probability of landslide occurrence and
values less than 1 means lower relation with landslide, which has low probability of landslide occurrence
in a certain class of a landslide causative factor (Lee & Talib 2005; Solaimani et al. 2013; Mersha &
Meten 2020). After, FR maps of each causative factor have been prepared by reclassifying using
calculated FR values in ArcGIS tools. Finally, the landslide susceptibility index (LSI) map was prepared by
adding the value of all landslide causative factors of FR maps using (Eq. 2) raster calculator of the
spatial analysis tool in ArcGIS 10.3.

FR = FR1 + FR2 + FR3 + ⋯ + FRn ………………………………………….… Eq. 2

Where FR1, FR2, FR3…FRn are the frequency ratio raster maps of landslide causative factors, LSI
represent landslide susceptibility index and n is the number of factors.

3.2 Logistic regression model
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Logistic regression allows one to establish a multivariate regression relation between a dependent
variable and several predictor variables. Logistic regression model is the most common multivariate
analysis used to predict a result measured by a binary variable such as presence or absence of landslide
based on the value of a set of independent variables (Meten et al.2015). Also, the independent variables
may be either continuous or discrete or any combination of both types and do not necessarily have
normal distributions (Lee & Talib 2005; Schicker & Moon 2012). In the case of landslide susceptibility
mapping, the purpose of this model is to �nd the best �t to describe the relationship between dependent
variable and set of independent parameters (Ayalew & Yamagishi 2005).

For this study, the dependent variable is a binary variable representing the presence (coded as 1) or
absence (coded as 0) of landslide and the study area partitioned into equal numbers of landslide and
non-landslide. Then, merge landslides and non-landslides points using ArcGIS tools and extract the
values of each frequency ratio maps for each landslide causative factor and processes for coe�cients of
each independent factors in SPSS (Akgün & Bulut 2007; Meten et al. 2015c).

Mathematically, the relationship between landslide occurrence and its dependency on several variables
can be expressed (Lee & Talib 2005; Lee & Sambath 2006; Lee & Pradhan 2007; Schicker & Moon 2012;
Meten et al. 2015c; Shano et al. 2021) as:

P =
1

1+e −z  ……………………………..………………….………….…………..… Eq. 3

Where p is the probability of landslide occurrence that varies from zero to one on the S-shape curve and Z
is the linear combination. When probability (P) closer to 1 landslide is more probable to occur and closer
to 0, landslide is less probable to occur. Logistic regression coe�cient can be used to measure the
contribution of the independent variables in the model.

Z can be de�ned as:

Z = B0 + B1X1 + B2X2 + B3X3 + ⋯ + BnXn ……………….……………… Eq. 4

Where B0 is the intercept of the model, the B1, B2, B3…Bn represent the coe�cient of the model and X1,
X2, X3…Xn represent independent variables and n is the number of factors.

In the case of a logistic regression model, all independent variables are not included in the model. If the
observation is statistically signi�cant (< 0.05 in this study), the predictor variable is used to develop the
model.

3.3 Model validation
In landslide susceptibility zonation mapping, validation is very important, otherwise, the prediction
models have no scienti�c signi�cance (Chung & Fabbri 2003; Bui et al. 2012; Rasyid et al. 2016). For this
study, to validate landslide susceptibility zonation maps, Area under Curve (AUC) of Receiver Operating
Characteristic (ROC) has been applied (Mersha & Meten 2020). The AUC of predictive rate was obtained
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by comparing known landslide location with LSZ mapping in SPSS (Chung & Fabbri 2003; Meten et
al.2015). This is done by susceptibility index maps that are reclassi�ed into 100 and rearranged in
descending order. Then, the LSI maps values were extracted from ArcGIS in bdf format and the AUC
(predictive rate) was generated in SPSS (Fig. 5). This resulted in 80.8% and 84.4% AUC values for FR and
LR models, respectively. Rasyid et al. (2016) stated that the values range from 0.50–0.60 (model failed),
0.60–0.70 (model is weak), 0.70–0.80 (model is fair), 0.8–0.90 (model is good) and 0.90–1.0 (model is
very good). Therefore, the models are good performance level, which means that the models are
acceptable and will be used to predict future landslides and land-use management for urban expansion.

4. Result And Discussion
GIS-based landslide susceptibility zonation mapping was prepared using frequency ratio and logistic
regression models. The analysis of FR values and LR coe�cients determines the important in�uencing
factors/classes of independent variables on landslides and the results have been summarized in Table 2
and Table 3.

Thus, the FR value analysis of slope shows high FR value (ratio > 1), from (5̊-15̊) and (25̊-35̊), which
indicates that this class has high probability of landslide occurrences in the area. The other slope classes
have a ratio < 1, which indicates the class has low correlation with landslides i.e. it has low probability of
landslide occurrence in this slope class in normal conditions (without extensive human activities and
earthquakes) (Table 2).

In the case of slope aspect classes, the high FR value (ratio > 1) detected in the direction of NE, SE and E
slope faces, which have high probability of landslide occurrences. Similarly, the concave slope has a high
probability of landslide occurrences (ratio value > 1), due to retaining water and saturating the slope
forming material and initiation for landslide occurrences.

In the case of lithology classes, the FR Value analysis shows that the high probability of landslide
occurrence is observed in colluvail deposit. The basalt and alluvial deposit are show low frequency ratio
value (< 1), which indicates low probability of landslide occurrence in this area. In the case of distance
from fault, river and road, the probability of landslide occurrence increases as close to river and road
(Table 2). In the study area, most of the landslide observed closer to riverbank and road section.

Similarly, FR values analyses of land use shows that the built-up area has higher probability of landslide
occurrence than the bare land and forest areas. This clearly shows that human activities aggravate and
reactivate landslides in the area, particularly in the center of Dessie town. Hence, adequate geotechnical
investigation must be conducted before construction or upgrade of buildings carried out. In the case of
elevation, high probability of landslide occurrence is observed relatively in lower elevation classes (2516–
2635 m). This is because settlements are located on the reclaimed land, which is often unstable due to
human activity.
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Table 2
frequency ration values of each landslide causative factors

Factor Class No. area pixels in
each class

% area
pixels b

No.
landslide
pixels

% Landslide
pixels a

FR = 
a/b

Slope 0̊-5̊ 15963 22.30 12 16.67 0.75

5̊-15̊ 37880 52.91 42 58.33 1.10

15̊-25̊ 10616 14.83 7 9.72 0.66

25̊-35̊ 4551 6.36 10 13.89 2.19

> 35̊ 2587 3.61 1 1.39 0.38

Slope aspect Flat 4672 6.50 3 4.17 0.64

N 8139 11.33 15 20.83 1.77

NE 11211 15.60 24 33.33 2.14

E 7477 10.41 13 18.06 1.74

SE 5400 7.52 5 6.94 0.92

S 7813 10.87 1 1.39 0.13

SW 9011 12.54 4 5.56 0.44

W 9076 12.63 6 8.33 0.66

NW 5404 7.52 1 1.39 0.18

Curvature Convex
slope

3177 4.42 1 1.39 0.31

Flat 46476 64.68 39 54.17 0.84

Concave
slope

22200 30.90 32 44.44 1.44

Lithology Colluvial 7325 10.22 37 51.39 5.03

Alluvial 14606 20.37 8 11.11 0.55

Basalt 49774 69.41 27 37.50 0.54

Distance from
River(m)

0-100 17535 24.44 30 41.67 1.70

100–
200

15300 21.33 18 25.00 1.17

200–
300

12859 17.92 12 16.67 0.93
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Factor Class No. area pixels in
each class

% area
pixels b

No.
landslide
pixels

% Landslide
pixels a

FR = 
a/b

300–
400

9324 13.00 8 11.11 0.85

> 400 16727 23.31 4 5.56 0.24

Distance form
Road (m)

0-100 9298 12.96 35 48.61 3.75

100–
200

8232 11.47 16 22.22 1.94

200–
300

6488 9.04 6 8.33 0.92

300–
400

5517 7.69 5 6.94 0.90

> 400 42210 58.83 10 13.89 0.24

Land use Built-up 12877 17.94 24 33.33 1.86

Bare-
land

42226 58.84 37 51.39 0.87

Forest 16659 17.94 11 15.28 0.85

Elevation(m) 2250–
2516

4012 5.58 4 5.56 0.99

2516–
2635

13411 18.66 51 70.83 3.80

2635–
2731

31459 43.78 17 23.61 0.54

2731–
2824

16917 23.54 0 - -

2824–
3064

6054 8.43 0 - -

Fault 0-100 5139 7.16 14 19.44 2.71

100–
200

5408 7.54 13 18.06 2.40

200–
300

4400 6.13 10 13.89 2.26

300–
400

4128 5.75 11 15.28 2.66

> 400 52670 73.41 24 33.33 0.45



Page 14/25

Table 3
logistic regression of coe�cients, multicolinearity test and model statistics

Landslide causative
factors

  Collinearity
Statistics

Hosmer Lemesh

Coe�cients p-
value

Tolerance VI

Fault − .148 .790 .936 1.068  

Land cover − .602 .048 .819 1.222 Nagelkerke R
Square

.435

River − .578 .339 .962 1.040 Hosmer-Lemeshow tes

Slope .970 .017 .936 1.068 Chi-square df sign

Curvature .595 .046 .866 1.155 14.277 8 0.075

Slope aspect .299 .523 .724 1.382 Cox & Snell R
Square

.326

Road − .296 .203 .548 1.823 AUC curve

Lithology .485 .002 .663 1.508 Frequency Ratio
(FR)

78.6%

Elevation .776 .001 .686 1.458 Logistic
Regression (LR)

84.4%

Logistic regression model also used to prepare landslide susceptibility zonation maps. To analyze
logistic regression equal proportions of landslide and non-landslide points were extracted using the
ArcGIS tool and applied the principle of logistic regression and processed in SPSS software (Meten et al.
2015c; Rasyid et al. 2016). Then, the coe�cient of independent factors has been calculated using SPSS.
The coe�cients of independent variables show negative sign and positive sign (Table 3). The positive
coe�cient indicates that as the independent variable increases, the probability of occurrence of landslide
increases assuming that the other variables in the model are held constant (Chen & Wang 2007; Shano et
al. 2021). The negative coe�cient indicates that as the independent variable increases, the probability
occurrence of landslide decreases whereas other variables are constant (Peng & So 2002; Chen & Wang
2007; Rasyid et al. 2016; Shano et al. 2021). It doesn’t mean that the independent variables with negative
coe�cients have no relationship with a landslide, but it is based on the researcher's data analysis
perspective (Peng & So 2002; Chen & Wang 2007; Rasyid et al. 2016; Shano et al. 2021).

P-values or signi�cance level is an important parameter in logistic regression analysis, which is used to
determine whether the independent variable is statistically signi�cant or not to include in the model
analysis. The independent variable with low p-value (< 0.05) indicates changes in predictors are related to
changes in the response variable, which is statistically signi�cant. The low p-values of the independent
variables included in the model analysis have high in�uence on landslide occurrence (Shano et al. 2021).
Hence, in this study independent variables like slope aspects, fault, distance to river and road are
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statistically insigni�cant and not included in model constructions according to the authors data. Thus,
independent variables such as lithology slope, curvature and elevation are statistically signi�cant and are
used in model analysis. The other issue in the logistic regression model is about multicollinearity among
the independent parameters. Multicollinearity has been detected by two important indexes of Tolerance
(TOL) and its reciprocal, called variance in�ation factor (VIF) (Menard 1995; Zhu & Huang 2006; Meten et
al. 2015c). Menard (1995) states that if the Tolerance is smaller than 0.1, it shows that there is serious
multicollinearity between independent parameters and the independent variables with VIF value > 5 are
excluded from the LR analysis. In this study, the smallest tolerance is ≥ 0.557 (Table 3) showing that
there is no multicollinearity problem among independent landslide factors. Then, the value of Z was
calculated by substituting the coe�cient of independent factors in Eq. 3. Lithology, slope, land use,
curvature and elevation are statistically signi�cant in�uences towards causing landslides. Using the
calculated Z value, the probability of landslide occurrence of the study area was calculated by
substituting the Z value in Eq. 3 and result shown on Fig. 6B.

Landslide susceptibility zonation mapping

The values of LSI were classi�ed into �ve classes as very low susceptibility zone, low susceptibility zone,
moderate susceptibility zone, high susceptibility zone and very high susceptibility zone area using the
natural breaks method in Arc-Map (Fig. 6A and 6B). Natural breaks method has been used to determine
the best arrangement of values into different classes and maximizes the variance between classes and
reduces the variance within classes.

According to FR map result, the very low zone coverage is 25.9%. The low, medium and high zones cover
30%, 21.3% and 13.5% of the total area. The very high susceptibility zone covered 6.6% of the total study
area. In the case of LSZ map prepared by LR method the very low zone covers 26.6% of the total study
area. The low, moderate and high susceptibility zone consist of, respectively, 35.5%, 17.9% and 9.2% of
the total study area coverage. The very high zone covers 10.7% of the total area.

The FR and LR methods result show that areas with very low and low susceptibility classes are
dominantly covered in the northern part of the study area and on top of Tossa Chain Mountain. This area
is covered by fewer infrastructures and grass land. The moderate susceptibility zone is widely distributed
in the study areas and to some extent in the area of construction and deforestation. High susceptibility
zones cover the area near roads and rivers that are rapidly being encroach into the urban. The very high
susceptibility zone covers the centre of Dessie town, particularly in the Agere Gizat, Pepsi, Tekoam and
some areas of Pissa and along the Dessie Kombolcha and Kutaber road segments (Fig. 6). In the study
area, very high and high susceptibility zones are associated with relatively low elevation and colluvial
deposits. This is due to the fact that the construction has been upgraded and the excavations have been
carried out without detailed geotechnical investigation. However, landslides are less common on �at,
steep slopes and grassland, where human activity is limited. Therefore, very high landslide susceptibility
zones should be free of further infrastructure development and settlement planning without detailed
geotechnical investigation and adequate landslide prevention measures taken.
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6. Conclusion
Landslide susceptibility zonation maps in South Wello, Dessie area produced using GIS-based FR and LR
approaches. These maps are classi�ed into �ve classes: very low, low, medium, high and very high
susceptibility zones. The study determines that factors and factor classes contribute more to the
occurrence of landslides in the area. Hence, FR analysis shows that the probability of landslide
occurrence is high in colluvial deposit, concave slope, built-up areas, elevation range from (2516–2635
m), slope from(5̊-15̊) and (25̊-35̊), slope facing to NE, E and SE and areas closer to road and river. Also,
LR coe�cient analysis shows that landslide causative factors such as lithology, slope, curvature and
elevation have been revealed as high contribution to landslide occurrence in Dessie area of South Wello,
Ethiopia. The maps have been validated by comparing LSZ maps with known landslide location using
AUC of receiver operating characteristic curve (ROC). The analysis shows that the prediction rate of FR
model achieved 80% while the LR model achieved 84.4%. The prediction accuracy shows that the logistic
regression model (84.4%) is better in prediction than frequency ratio model (80.8%). These maps show
areas prone to landslides that will be used for proper land use planning and further sustainable
development activities in the area.
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Figure 1

location map of the study area A) Geomorphological map of Ethiopia (the brown and yellow shades of
the map show the Ethiopian highland while the green and light green shades indicate the lowland (Meten
et al. 2015)  B) indicate morphology of study area 
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Figure 2

Landslide damaged to infrastructures in the Dessie area A) damaged asphalt road and retaining wall B)
deep incision develop by gully erosion C) damaged public building D) building �oor cracked E) destructed
of the individual home and F) cracked wall of public sectors
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Figure 3

Landslide inventory map of the Dessie area

Figure 4
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Landslide in�uencing factors maps: A) lithological map B) Curvature map, C) land use map, D) Distance
from River map 

landslide in�uencing factors maps: E) slope aspect map, F) slope map G) Distance to fault map, H)
Distance to road map

landslide in�uencing factors map: I) Elevation

Figure 5

predictive rate curves from Frequency ratio (A) and Logistic Regression (B)
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Figure 6

Figure show landslide susceptibility zonation maps A) frequency ratio map and B) logistic regression
map


