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Abstract: Turkey, a country affected by natural disasters is natural disasters such as flooding and
landslides are seen frequently. Floods and landslides are one of the common natural disasters in
Turkey. The use of GIS-based spatial statistical analysis in disaster studies has increased in recent
years. From this point, it is essential to examine the spatial distribution of disasters to prevent and
mitigate disasters. In this study, flood and landslides disasters that occurred between 1960 and
2018 in Turkey is aimed to determine the spatial analysis using spatial autocorrelation methods.
The problem of how these two disaster types distribute is the most pressing thing in disaster risk
assessment. Data set was taken from the Disaster Knowledge Base system (TABB) of the
Republic Of Turkey Ministry Of Interior Disaster And Emergency Management Presidency.
Various indices related to spatial autocorrelation were classified and also they were explained
mathematically. Spatial autocorrelation indices such as Moran's I, Getis Ord G, and Geary C were
used to determine whether there were clustering in the data set. The rates of flood and landslide
in the provinces showing clustering and their distribution are examined and also Flood and
landslide distributions in clustered provinces were examined, tested with indices and compared
and the results are presented in detail.

Keywords: GIS, natural disasters, spatial analysis, spatial autocorrelation, temporal analysis.
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Zamansal ve Mekansal Analizi

Oz: Tiirkiye, dogal afetlerden etkilenen bir iilke olup, sel ve heyelan gibi dogal afetler sik
goriilmektedir. Sel ve heyelanlar Tiirkiye'deki yaygin goriilen dogal afetlerdendir. Afet
calismalarinda, Cografi Bilgi Sistemi(CBS) temelli mekansal istatistik analizinin kullanimi son
yillarda artmistir. Bu nedenle, afetlerin 6nlenmesi ve hafifletilmesi i¢in afetlerin mekansal
dagiliminin incelenmesi dnemlidir. Bu ¢alismada, Tiirkiye'de 1960-2018 yillar1 arasinda meydana
gelen sel ve heyelan felaketlerinin mekansal otokorelasyon yontemleri ile mekansal analizi
belirlemesi amaglanmustir. Afet risk degerlendirmesinde en 6nemli noktalardan biri bu iki afet
tiiriiniin nasil dagilim gésterdigidir. Calismada kullanilan veriler T.C. Igisleri Bakanlig1 Afet ve
Acil Durum Yonetimi Bagkanligi'nin Tiirkiye Afet Bilgi Bankasi (TABB) sisteminden alinmustir.
Mekansal otokorelasyon ile ilgili gesitli indeksler simiflandirilmis olup matematiksel olarak
aciklanmustir. Veri kiimesinde kiimeleme olup olmadigini belirlemek i¢in Moran I, Getis Ord G
ve Geary C gibi mekansal otokorelasyon indisleri kullanilmistir. Kiimelenme gosteren illerde
tagkin ve heyelan dagilimlari incelenmis, indisler ile test edilmig ve karsilastirilmis olup sonuglar
ayritili bir sekilde sunulmustur.

Anahtar kelimeler: CBS, dogal afetler, mekansal analiz, mekansal otokorelasyon, zamansal
analiz.

1, This article was presented at ISAG 2019 symposium.

Bu makale ISAG 2019 sempozyumunda sunulmustur.
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INTRODUCTION

Disaster is defined as an event that “causing
unexpected loss of life and property, injuries and negative
environmental consequences, affecting the society
economically and socially, cannot be overcome with local
resources, need national or international help, often occur
due to natural causes, but can also occur due to human
causes.” According to the center for research on the
epidemiology of disasters (CRED) statistics; at least 17%
of all deaths caused by natural disasters in the world occur
as a result of landslides. Landslide events and their results
are often included in losses caused by the main triggering
factor such as earthquake and excessive rainfall. In this
respect, their direct effects could not be revealed
realistically and they were included in the reports very soon
because they were referred to as secondary events (CRED,
2019; Fidan & Gorum, 2019). Turkey, the majority of the
territory is located in Asia, is a country of 780 thousand
square kilometers in the bridge position between Europe
and Asia. Turkey, because of geological, meteorological
and topographical structure is located in a geographical
nature often exposed to disasters. Turkey struggles with a
variety of disasters such as landslides, floods, earthquakes,
rock falls, and avalanches. Disaster types that have the
most damaging effects occur in our country as earthquakes,
landslides, and floods. Landslides and flooding disasters
because of the negative impact it creates in both Turkey
and in the nature of the world holds an extremely important
place. Landslide incidents are frequently experienced due
to wrong land use and geological, climatic, geographic
features and are often repeated and turned into disasters
(AFAD, 2015; Gokce et al., 2008). It is important to
understand the geographical distribution and pattern of
natural disasters. Examining the spatial and temporal
distributions of landslides offers the opportunity to
recognize areas that may be sensitive to landslides in the
future. GIS is a very useful technology to show the
distribution and pattern of natural disasters. GIS is a
powerful tool for the management, analysis, visualization,
interpretation and presentation of spatial data (Qiu et al.,
2019; Wang et al., 2020). GIS in spatial data analysis
provides stronger results when integrated with statistical
methods, therefore this integration is demanded in many
studies. This study emphasizes the distribution of spatial
patterns of natural disasters such as flooding and landslides
in Turkey. In the study, for the 1960-2018 period of
flooding and landslides in Turkey geographical patterns are
analyzed by statistical regions at different levels.
According to the Nomenclature of Territorial Units for
Statistics (NUTS), Turkey is divided into 12 regions TSI,
(2006) (Figure 1).

The data used in the study were obtained from
TABB application of the Republic Of Turkey Ministry Of
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Interior Disaster And Emergency Management Presidency.
These data were used to determine the geographical and
temporal distribution of landslides and floods in the
country. Mapping and spatial autocorrelation tests were
performed using ArcGIS (ESRI) and GeoDa (Spatial
Analysis Laboratory, Urbana).
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ArcGIS using the source of TSI.

MATERIAL AND METHOD

In this study, data from 81 provincial-level data
belonging to landslides and floods that took place in
Turkey are used to indicate the spatial distribution.
ArcMap software is used to run the analyses and visualize
the result maps. The analyses that were run in this study are
also described in detail. Classical statistics assume that
observations are chosen independently and are spatially
independent. Spatial statistics were laid by Tobler. It can
be concluded that the correlation in one space is a natural
thing occurring between one location and another, and this
causing spatial autocorrelation (Hayati et al., 2019; Tobler,
1970). According to Tobler; although everything is related
to each other, those in close range tend to be more related
than those in long distances. This observation,
geographical data analysis, and emphasizes the concept of
autocorrelation  Salima et al., (2018). Spatial
autocorrelation can also be expressed as the process of
evaluating the properties of spatial objects as positive or
negative depending on the distance. Spatial autocorrelation
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is expressed in three different ways. Positive
Autocorrelation is called the clustering of objects close to
each other and showing similar properties. Negative
Autocorrelation is defined as the objects being close to
each other but not showing similar characteristics. And
finally, zero autocorrelation means that there is a random
pattern and attributes are independent of location
(Goodchild, 1986; Griffith, 1992). Spatial autocorrelation
indices such as Moran’s I, Geary C and Gets G are
frequently used in the literature. The first step in spatial
autocorrelation analysis is to create spatial weights. The
distance of objects is entered as a weight to define spatial
relationships; here autocorrelation of neighboring objects
is more important than autocorrelation of distant objects
(Anselin, 2003; Redecker et al., 2020).

Spatial Weight Matrix: An important aspect of
defining spatial autocorrelation is the determination of
"neighborhoods” of the data set in a particular area. The
neighborhood structure of a dataset is optimally formulated
in the form of a spatial weight matrix W. The spatial weight
matrix nxn is a positive matrix also it expresses the
existence of a neighboring relationship as a binary
relationship Fischer and Wang, (2011). Spatial Weight
Matrix (SWM), spatial between observations it is a clear
expression of addiction. In other words, spatial values exist
between values in a dataset. It provides a numerical
expression of relationships and can be determined in many
ways. The weight matrix can be calculated based on the
polygonal border (shape) contiguity or distance between
points. It takes 1 if the zone boundaries are shared and O if
not shared in the contiguity based weight matrix. It means
that symmetric matrix (Anselin, 2002; Seya, 2020; Zeng,
2019). The most used SWMs in the literature are known as
rook's case, queen's case, nearest neighbor, reverse
distance, fixed distance. In the rook based contiguity
relationship, only the edge neighborhoods are taken into
account in four directions adjacent to each cell while in the
queen-based relationship, neighbors in all directions are
taken into account. Moreover, in Bishops contiguity
relationship only is taken into account the diagonals of the
location Mathur, (2015). First-order rook contiguity SWM
was created in the study because first-order rook contiguity
SWM describes with neighbors observations that share
common boundaries.

Moran’s I, Geary C and Gets Ord G Indices: The
Moran’s index was developed by Patrick A Alfred Pierce
Moran in 1950 as a statistical tool to calculate spatial
autocorrelation Moran, (1950). Moran’s I and Geary ¢
indices have statistic local versions that are used to define
similar values. In literature, Moran's | index is one of the
most widely used indices to show spatiality. Moran’s I is
an indicator for both measuring spatial autocorrelation and
distinguishing the spatial clusters and outliers. In order to
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calculate the Moran's I, it first calculates mean value then
both the values of neighboring features and target feature
compare with the mean value. Moran’s I can be defined as
equation 1:

NZZ\Nij(Xi _K)(Xj —Y)
OHRTHACTIS
B ®

Here, the number of spatial units is denoted by N.
Wij represents the spatially weighted matrix, while Xi and
Xj represent the value of the variables (Pujianto et al.,
2020; Sung et al., 2020). The calculated | value takes a
value between [-1,1]. It means that, a positive
autocorrelation when the value converges to 1, a negative
autocorrelation when converging towards -1. If | value is
equal to zero, it means that there is no spatial
autocorrelation. Positive spatial autocorrelation in the
dataset means that similar values tend to be spatially
clustered, but in negative spatial autocorrelation it means
that higher values tend to accumulate near the low values;
this means that similar values are not clustered in space
(Aksha et al., 2018; Mitchel, 2005).

Although the calculation of Geary C and Moran's
| indices are similar, their interpretation is different. C
value calculated in Geary C index gets value in the range
from 0 to 2. Typically it can be interpreted as positive
spatial autocorrelation if the C value takes values less than
1 (that is, between 0 and 1), and negative spatial
autocorrelation if it indicates values greater than 1 (that is
between 1 and 2) (Geary, 1954; Wu & Kemp, 2019).
Formally Geary c index is defined as Eq. (2):

~ NESw(xix;)
- 2(IZ§J:WU-)Z(XF7)2 (2

While Moran's | compare the neighboring values
with the mean value, Geary C index compares the two
neighboring values directly to each other Anselin, (2019).
Gi index calculates the using the distance-based
neighborhood or adjacent features. To calculate Gi index
(equation 3), once the value of each neighbor is multiplied
by the weight of the target neighboring pair and the results
are collected, the founded value is divided by the sum of
the values of all features in the study area (Getis et al., 1992
; Levine, 2013). Getis ord G index mathematical is defined

as follows.

G Zj:Wij(d)X i
@)=t

2X,
! @)
While the attribute values are multiplied by 1
neighbors feature, the others are multiplied by 0. Therefore
only the values of the neighbors are included. If the
calculated G value is larger from the expected value, it
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indicates that the high values are clustered together, which
indicates the hot spots. In contrast, if the value of G is less
than the expected value, the low values are clustered
together, which indicates cold spots (Mitchel, 2005; Ren et
al., 2020).

The geostatistics program GeoDa used in the
study is a free and open-source software tool which is an
introduction to spatial data analysis. It is designed to
provide new insights from data analysis by exploring and
modeling spatial patterns. GeoDa was developed by Dr.
Luc Anselin and his team. The program provides a user-
friendly and graphical interface for the implementation of
spatial data analysis (ESDA) methods such as spatial
autocorrelation statistics for aggregate data and basic
spatial regression analysis for point and polygon data
GeoDa, (2003). ArcGIS is software produced by ESRI and
helps to solve all GIS related problems. ArcGIS provides a
scalable framework for implementing GIS for a single user
or many users on desktops, in servers, over the webs, and
in the field.

RESULTS AND DISCUSSION

According to TABB data, all provinces except
Nevsehir have experienced a flood incident. The total
number of floods recorded is 776. Flooding disaster
occurred the most frequently in Istanbul (52), Erzurum
(49), Giimiishane (39), Ankara (29) (Figure 2).

2

Number of Flood
Declarations

o8

0 60120 240 360 480
T — — T

-

Figure 2. The Number of flood declarations in Turkey.
According the TABB data, the map shows the number of times
floods were declared in Turkey.

In the assessment made for landslide disaster, it is
seen that all provinces are affected to a specific extent by a
landslide. When provinces are examined one by one
according to the number of landslide incidents; the most
common landslide events are observed in Artvin (76),
Trabzon (73), Rize (68), Giresun (61) and Erzurum
(60)(Figure 3).

Firstly, Moran’s I value was tested by using the
spatial weight matrix formed according to neighborhood
relationships in order to examine the spatial auto-
correlation of landslide and flood data. The Moran scatter
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plot is a useful tool that can visually describe the
relationship between observations and their neighbors. A
Moran scatter plot is a plot that is variable of interest on the
x-axis and the spatial lag on the y-axis. Figures 4 and 5
show the relationship between the landslide and flood
numbers (X-axis) and the mean values of the neighboring
landslide and flood number (Y-axis) whose weight is
calculated using first-order rook contiguity spatial weight
matrix.

0 60120 240

360 480
Km

Figure 3. The Number of landslide declarations in Turkey.
According the TABB data, The map shows the number of times
landslides were declared in Turkey.

Moran's I = 0.473642

-260 -1.00 080 220 380
The Number of Landslide Disaster

Figure 4. Moran scatter plot of the number of landslide disasters
of provinces in Turkey.

In the Moran scatter plot, there are four quarters
express the type of spatial relationship between
observations and their neighbors. This scatter plot shows
the value of the original variable (the number of landslide
disaster) on the horizontal axis and the spatial lag of the
variable (average the number of landslide disaster
neighbors) on the vertical axis.

The four quarters on the graph are expressed as
high-high (top right), low-low (bottom left), high-low
(bottom right) and low-high (top left). While high-high
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(upper right) and low-low (lower left) indicate positive
spatial autocorrelation, low-high (upper left) indicate
negative spatial autocorrelation. The upper-right quarter of
the graph corresponds to the areas where the provinces
with the highest landslide numbers are surrounded by the
provinces with the highest landslide numbers. The left-
lower quarter indicates that the provinces with low
landslides again surrounded by the provinces with low
landslides (low-low).

—_—
Moran's [ = -0.0486384

600

400

000

200

4

6.0 4,00 200 000 200 400 600

The Number of Flood Disaster

Figure 5. Moran scatter plot of the number of the flood disaster
of provinces in Turkey.

In our study, the slope of the regression line in the
Moran scatter plot for landslides is 0.473642 while the
slope of the regression line in the Moran scatter plot for the
flood is -0.0486384. In this case, the landslide distribution
in Turkey implies that there is positive spatial
autocorrelation. In the flood distribution in Turkey is seen
as negative autocorrelation. Therefore, dispersed values
are observed.

L af

[ Mot Significant (5)
I High-High (2)

W Lovw-Low (8)

[ Low-High (3)

[ High-Low (2)

Figure 6. Spatial distribution of the number of landslides
according to Moran's | index.

The landslide map obtained by Moran's | method
is shown in Figure 6. The high-high and low-low locations
is that mean spatial clusters, although the high-low and
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low-high locations are typically referred to as spatial
outliers. Accordingly, landslide settlements in Turkey,
particularly are concentrated in the east and northeast of the
Black Sea region of Anatolia. On the other hand, it is
observed that landslide disasters constitute a significant
spatial class in low-low classification too (Table 1). The
regions that indicate low-low locations are the Aegean,
Western  Anatolia, Central Anatolia, and the
Mediterranean. In our study, it is understood that there is
no clustering since the Moran's value calculated for flood
disaster is below zero. In other words, it appears to be a
dispersed pattern. It is shown in figure 7.

Table 1. According to Moran's | analysis, the distribution of

landslide events according to settlement units.
Class Statistical Region Province

High-High TR9 Giresun,Rize3Ordu,Artvin,Trabzon,Gﬁmﬁshane
TRA Erzurum,Erzincan
TR3 Denizli,Manisa, Usak,Afyon
TR2 Tekirdag
Low-Low TR6 Antalya
TR7 Nevsehir
TR5 Konya

- o
> and
L 3

| Not Significant (52)

owe-Law (4)
Low-High (8]

T ]

Figure 7. Spatial distribution of the number of flood disaster
according to Moran's | index.

Another spatial autocorrelation index used in this
study is Geary C. Positive spatial autocorrelation in Geary
C method is defined as small differences imply similarity.
This association can identify as high-high or low-low. For
negative spatial autocorrelation in Geary C implies large
values imply dissimilarity.

Not Significant (57)
I High-High (8)
M Low-Low (10)
[ ] other Positive (2)
[ negative (3)

Rt o

Figure 8. Spatial distribution of the number of landslides
according to Geary C index.

As shown in Figure 8, there are 9 such high-high
locations and 8 low-low locations. There are 2 locations
with positive spatial autocorrelation classified as other
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positive in this case. There are three observations with
negative spatial autocorrelation. Three locations are shown
dispersed. According to the Geary c index, the settlements
where the number of landslides is high, are concentrated in
the Black Sea region (Artvin, Rize, Trabzon, Giresun),
North-eastern Anatolia region (Erzurum, Erzincan),
Middle East Anatolia (Bing6l, Malatya). It is observed that
the provinces showing low-low relationship where the
number of landslides is low, constitute a spatial class in the
Aegean region (Afyon, Denizli, Manisa, Aydin),
Mediterranean region (Adana), Central Anatolia region
(Nigde, Nevsehir) and Western Anatolia region (Konya).
On the other hand, as shown in Figure 9, no significant
spatial distribution was observed for floods.

L 3

B
i

Mot Significant (72)

I High-High (1)

I Low-Low (2)
Other Pasitive (0)

B Negative i8)

Figure 9. Spatial distribution of the number of floods according
to Geary C index.

Getis and Ord suggested third indices for local
spatial autocorrelation. The Get-Ord G index is interpreted
as high-high clustering or hot spots if the G value is larger
than the expected value and it is interpreted as low-low
clustering or cold spots if the G value is smaller than the
expected value. While Local Moran and Local Geary
statistics consider the spatial outliers, the Getis-Ord G does
not take into account spatial outliers.

iw

|_ Not Significant (56)
Il High (1)
W Low (14)

Figure 10. Spatial distribution of the number of landslides
according to Getis Ord G index.

The corresponding cluster map, illustrated in
Figure 10, shows 11 high-high cluster cores or hot spots (in
red on the map), and 14 low-low cluster cores or cold spots
(in blue on the map). For landslide data, it was observed
that the locations determined for Local Moran were the
same.
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Not Significant

0 60120 240 360 480
T — — T

High-Low

Figure 11. Spatial distribution of the number of landslides
according to ArcGIS.

ArcGIS is a full-fledged GIS application with
editing, mapping, data analysis and database management
features. While the GeoDa program has the advantage of
being free software for spatial data analysis that focuses on
time series and spatial clustering, there are also
cartographically insufficient aspects (Figure 11).

CONCLUSION

Spatial autocorrelation can be a useful tool to
examine how spatial patterns change over time. This study
has tried to investigate and reveal spatial patterns of
landslides and floods in Turkey. In this respect, the spatial
distribution of landslides and flood disasters were
examined using spatial autocorrelation techniques.
Moran’s I value was calculated for both landslide and flood
disaster and relationship types were shown with Moran
scatter diagram. Local spatial relations were investigated
by local analysis.

As a result, the Eastern Black Sea region and
North-East Anatolia around the cities of Erzurum and
Erzincan was emerged as the mostly landslide occurred
settlements with the clusters of three applied indices. It
helps the decision makers to direct the strategic efforts to
reduce landslide damages or their risks and concentrate the
efforts on these regions. According to TABB data TABB,
(2019) flood incidents have occurred in all provinces of the
study region Turkey within the studied time period.
Clustering was not observed when these indexes were
applied due to the dispersed data of the provinces. That’s
why, different spatial indices which do not focus on the
location but the distribution of the events with respect to
reasons of the incidents could be helpful for the dispersed
data for the future studies. An example for flood another
incidence like meteorological events may also be added
with the topography and the most prone areas for flood can
be identified with the TABB (2019) data. Presenting the
distribution of disasters with spatial autocorrelation
methods will give a different dimension to the studies. And
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using the real world data like in TABB will help to estimate
the upcoming disasters in the future.
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