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ABSTRACT 

LANDSLIDE OCCURRENCE DECISION TREE MODEL FOR WESTERN 

WASHINGTON FEATURING PRECIPITATION 

Emily McDaniel, M.S. 

George Mason University, 2015 

Thesis Director: Paul Houser 

 

Landslides pose threats not only to infrastructure around the world but also to local 

communities. One particularly susceptible area is the Northern Cascades Mountains in 

the state of Washington in the United States. This study aimed to produce a J48 decision 

tree model using WEKA software that accurately predicts landslides in this area by 

validating the predictions against those historically documented landslides in this region. 

The unique aspect of this study was the use of precipitation in three of the nine 

independent variables used to generate the classification decision tree model. Besides 

precipitation, other independent variables included slope, elevation, land cover type, land 

cover change, soil series type, and bedrock type. A historical landslide event occurrence 

layer posed as the dependent variable classifier in the model. First, testing subsets of 

instances allowed an optimal model to be created with the highest kappa statistic of 0.84 

and a classification accuracy of 92%. Next, this model identified the most influential 

factors causing landslides by using ‘information gain’ statistics in WEKA. Average 

precipitation, elevation, and soil type were determined as being most influential, while 

surprisingly land cover and land cover change were the least. Lastly, the model’s false 
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positive instances indicated areas of potential future landslides throughout the region. 

Because an accurate model was created, decision tree classification models were verified 

as an effective way for landslides to be predicted.
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1. INTRODUCTION 

A landslide is defined as a “downslope movement of a mass of soil and rock 

material” (Ohlmacher and Davis, 2003) and can be a threat to many areas throughout the 

world. Various types of landslides are possible depending on the causes and the physical 

factors existing in the region. For example, in a rotational landslide, the land’s surface is 

“curved concavely upward and the slide movement is roughly rotational about an axis” 

(Al-Tahir and Thompson, 2009). On the other hand, translational and shallow landslides 

have little rotation and are composed of mixed rocks and mud moving straight downhill 

at speeds of 55 km/hr or more (Hong et al, 2007). Mudslides or debris flows are similar 

to translational slides but are not as deep and consist of less material. 

Landslides such as these most likely occur because of heavy rainfall on saturated 

hill or mountain slopes (Baum et al, 2002). Other causes include soil type, soil texture, 

land cover type, lithology, bedrock slope, elevation, aspect, and proximity to rivers (Dai 

and Lee, 2002). A variety of events such as intense rainfall, an earthquake, or a glacial 

outburst can also trigger landslides. Additionally, human activities like road construction 

or deforestation can contribute to this hazard (Al-Tahir and Thompson, 2009). 

As explained by Kjekstad and Highland (2009), the clear problem with landslides 

is the risk they pose to cities, towns, and infrastructure nearby. In the United States alone, 

annual losses exceed 3.5 billion dollars in landslide damages. Not only do landslides 
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destroy buildings, roads, and bridges, peoples’ lives are at risk as well. It is estimated that 

66 million people throughout the world live in areas at a high risk of landslides. 

Populations have been increasingly exposed to this type of hazard because of 

urbanization, uncontrolled land use, and climate change (Kjekstad and Highland, 2009). 

Predicting potential landslides has been a challenge to scientists in the past due to 

the complex combination of factors, such as physical attributes and climatic conditions 

(Al-Tahir and Thompson, 2009). Some countries have implemented organizations to 

mitigate landslide occurrences, such as the Geotechnical Engineering Office in Hong 

Kong (Kjekstad and Highland, 2009). This program provides landscaping treatment to 

dangerous slopes to decrease the risk of slope failure.  

Other communities can benefit from programs such as this by creating 

susceptibility maps or landslide warning systems. Most studies seek to do this by 

assuming that “landslides are most likely to occur in conditions similar to those that have 

caused past failures” (Al-Tahir and Thompson, 2009). This assumption will be the 

underlying basis for the following study. 

1.1 Previous Studies 
 

Previous studies produced landslide susceptibility maps to show areas where 

landslides are most likely to occur according to environmental physical factors. These 

studies implemented various statistical methods to calculate the landslide susceptibility in 

these areas. One of the most common approaches is logistic regression (LR).  

The goal of LR is to “find the best fitting function to describe the relationship 

between the presence or absence of landslides (dependent variable) and a set of 
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independent parameters” (Ayalew and Yamagishi, 2005). A LR equation assigns 

coefficients to each factor according to how strongly each factor influences the resulting 

dependent variable. Usually adding more independent variables results in a more 

complete model. However, variables that do not play a significant role in the results are 

not necessary to include (Ayalew and Yamagishi, 2005). The output of a LR algorithm 

offers the probability percentage from 0 to 1 of an event occurring in all parts of the study 

area. It is important to note that this results in a continuous numeric variable, rather than a 

binomial variable (ex. yes and no). These probability values are then used to map and 

visually show areas at varying levels of percentage of landslide susceptibility. The benefit 

of landslide susceptibility maps is that areas with the highest probability can be 

monitored more carefully. 

In a study by Ayalew and Yamagishi (2005), a LR model was used to map 

landslide susceptibility in the Kakuda-Yahiko mountain region in Central Japan. Six 

parameters were used as the independent variables; lithology, bedrock slope, elevation, 

ground slope angle, aspect, and proximity to roads. Precipitation was not used as an 

independent variable in this study because rain and snowfall were uniform across the 

study area and would not significantly alter the results. In this case, the dependent 

variable was whether a landslide occurred in an area or not.  

The LR method was applied in conjunction with bivariate statistical analyses 

(BSA). The BSA method compares a landslide occurrence map with each of the 

independent variable maps in order to rank the classes according to their influence on 

causing a landslide. Ranks were assigned using densities of the independent variables. 
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These densities were then used in the LR algorithm to find the most precise coefficients. 

The resulting map showed areas as having low to high probability of producing a 

landslide.  

In a similar study, Hong et al (2007) also set out to create a landslide 

susceptibility map, but this time for the entire globe. Another difference was that this 

study used a weighted linear combination (WLC) algorithm to generate the map, as 

opposed to LR or BSA methods. The WLC method applied weights to each factor and to 

the classes within each factor (Hong et al, 2007). The highest weight was assigned to the 

primary level parameter, which was slope. The middle weights were for soil type and soil 

texture. Elevation, land cover type, and drainage density were lowest. By assigning larger 

weights to the primary factors with greater influence on landslide occurrence, a more 

accurate outcome will result.  

The final map showed that regions of the world where landslides are most likely 

to occur are the Pacific Rim, the Himalayas and South Asia, the Rocky Mountains, the 

Appalachian Mountains, the Alps, and parts of the Middle East and Africa. This study did 

not use precipitation as a factor, but discussed that future studies could use the resulting 

susceptibility map and real-time precipitation to monitor where a landslide could be 

initiated. 

A study by Ohlmacher and Davis (2003) used a multiple LR method to find areas 

of susceptibility in Atchison, Kansas and the surrounding area. This study only used two 

independent variables, slope and geology, rather than many. Soil type and aspect ratio 

were considered but were not included in the final analysis since they did not 
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significantly change the LR results. The resulting susceptibility map was very similar to 

an existing landslide inventory map of the same area. This led the study to conclude that 

the multiple LR method was able to predict areas with a high landslide hazard accurately 

for this area by using only two factors. 

A common problem with the use of LR models is that they require all independent 

variables to be of continuous or ratio data type. This is a problem because many of the 

factors used for determining the presence or absence of landslides are non-numerical in 

nature. For example, land cover, soil type, and lithology data are of nominal data type. To 

overcome this challenge, a classification tree algorithm can be used instead of a LR 

model. This type of classification allows a user to input variables that are numeric and 

also nominal (Han et al, 2011). This eliminates inaccuracies or bias that could occur 

when changing nominal data to numeric weights during analysis. The benefits of using 

the decision tree model are it “makes no statistical assumptions, can handle data 

represented on different scales, and is computationally fast” (Yeon et al, 2010). The 

decision tree algorithm is not frequently used in landslide susceptibility mapping since it 

requires a discrete output for landslide occurrence, rather than a probability percentage. 

One study using a classification tree algorithm was done in Injae, South Korea 

(Yeon et al, 2010). This study used more landslide factors in comparison to the previous 

studies. The independent variables were slope, curvature, distance to ridge, aspect, forest 

age, forest type, forest density, forest diameter, soil texture, soil drainage, soil thickness, 

and soil material. Precipitation was mentioned as being a major landslide causing factor, 

but was not included in the independent variables. In this case, the decision tree was 
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constructed using Quinlan’s algorithm C4.5, and the susceptibility of landslide 

occurrence was deduced using leaf-node ranking. The conclusion was a model with 89% 

of landslide occurrence instances classified correctly, which shows this method has been 

used to accurately predict landslides. 

Importantly, all of the previously discussed studies used physical environmental 

factors as independent variables. However, none of them included precipitation, which is 

a major causal factor of landslides. In a study by Kunungo and Sharma (2013), it was 

found that rainfall with high intensities for less than a 24 hour period, or rainfall with a 

higher than average accumulation for longer than 5 days cause landslides more than 

ordinary rain events. In addition to rain, snowfall and snowmelt can also cause instability 

on slopes and should be taken into account. The following study implements these 

findings, and will include precipitation in three of the independent variables.  

1.2 Research Goals 
 

 (1) Develop an accurate landslide susceptibility model using a classification decision tree 

approach that includes precipitation variables; 

(2) Identify the independent variables that are most important in the model’s outcome; 

and 

(3) Note potential landslide vulnerable areas for the future.  

1.3 Study Area 
 

The study area for this project was initiated from the global map of landslide 

susceptibility produced by Hong et al (2007) mentioned above, and the United States 
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portion of this map is shown in Figure 1 below. In Figure 1, the western area of the state 

of Washington is orange where the Northern Cascades Mountains are; this indicates the 

highest probability of landslide occurrence. This project focused on four counties: King, 

Skagit, Snohomish and Whatcom (Figure 2). This area covers approximately 100x200km 

and includes the mountain region east of the Puget Sound and spans north to south 

through the heart of Washington.  

 

 
Figure 1. North America landslide susceptibility (Hong et al, 2007). 
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Figure 2. Counties of the study area. 

 

This area has a history of shallow landslides due to its varying topography, 

sedimentary soil, and sedimentary bedrock types. Also contributing to this history is its 

variable precipitation patterns on each side of the mountain. The western side of the 

mountain has an annual average precipitation of 2800 mm, while the eastern side catches 

only around 300 mm. Creating a landslide model for this region will produce an accurate 

method to predict potential future landslides in this region, should there be a threat of 

heavy precipitation. 
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2. DATASETS 

The aforementioned literature offers a variety of landslide factors to choose from 

in order to perform the analysis in this study. However, the datasets used in this project - 

precipitation, slope, elevation, land cover, soil series type, and bedrock type - seem to 

impact the results the most according to the above literature. In addition, these datasets 

were publicly available and easy to obtain. The factors listed above are the independent 

variables, while the dependent variable is whether a landslide has or has not occurred in 

that area. Tables 6 and 7 in Appendix A and B give a summary of both the nominal and 

numeric attributes used in the study. 

A variable to highlight is precipitation, since it has been mentioned but rarely 

used in previous studies. Rainfall and snowmelt must be taken into account because 

landslide events can be triggered from heavy precipitation events (Baum et al., 2002) and 

because precipitation varies a great deal throughout this region of Washington due to the 

range of elevation and rain shadow effect. The rain shadow effect occurs when mountains 

block weather systems from passing to the other side, making the area on the far side of 

the mountain dry and the near side of the mountain wet. This area is also subject to heavy 

snowmelt in the spring, contributing to more saturated slopes. 

The sections below describe where each dataset was obtained and how it was 

processed into a usable format for this study. The challenge was to combine each 

attribute’s spatial data into one master table with a million example instances. These 

million random points were generated in the study area by the “Create Random Points” 
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tool in ArcMap, and the process of obtaining the spatial data at each point is described in 

the following sections. 

2.1 Landslide Occurrence 
 

The spatial layer of all recent landslides in this study area of Washington was the 

dependent variable in the classification algorithm. First, a polygon landslide layer was 

obtained from the Washington Department of Natural Resources (DNR) Division of 

Geology and Earth Resources (DGER). The attributes of the layer included information 

such as the area of the landslide and the landslide type. Various third parties created the 

layer at many different scales, meaning the layer is by no means complete or 100% 

accurate. However, it does include many of the major landslides that have occurred in the 

area from different sources, so it will be accurate enough to be the dependent variable in 

this study.  

Polygons from five different categories were merged into one. The website 

offered landslides on a 1:24,000 scale, a 1:100,000 scale, and in the categories of 

Miscellaneous, Watershed, and Reconnaissance-Level. The polygons created on a 

1:24,000 and 1:100,000 scale were identified by “field geologists mapping surficial 

geology” (Washington Division of…), meaning mapping bedrock was their primary goal, 

not mapping landslides. This could lead to the omission of some landslide locations.  

The Miscellaneous landslides dataset contains polygons from various projects in 

landslide mapping; however each individual project could have its own methods for 

recording and interpreting the landslide data. The Watershed landslides are created from 

the Landslide Hazard Zonation Project and Watershed Analysis. For this, geologists 
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mapped landslides using aerial imagery, topographic data, and limited field confirmation. 

Finally, the Reconnaissance-Level mapping data was found on “an as-needed basis after 

either a widespread rain or rain-on-snow events or significant landslide 

events”(Washington Division of…). These are commonly found using aerial photography 

or Light Detection and Ranging (LIDAR) with minimal field confirmation. These 

descriptions are significant to keep in mind during this study, since each type was created 

for a different reason through a different process. 

The process started with merging all five polygon layers. Then a spatial join was 

used to give each instance the polygon data where it is located. Figure 12 in Appendix C 

shows the landslide polygons within the study area. A special column was created in the 

attribute table where a 1 was placed if the point was within a polygon, and a 0 was placed 

if it was not in a polygon. This table was exported and added to the master table with 1 

changed to YES and 0 changed to NO in the landslide occurrence column. From now on, 

instances with an actual landslide will be called the ‘YES’ rows and instances without a 

landslide will be called the ‘NO’ rows. The labels in this column were important in 

choosing subsets to train the model as described in the Results section. 

2.2 Precipitation 
 

As previously mentioned, precipitation is a key factor causing landslides because 

when inundated with water, land becomes heavier and more unstable. However, the 

challenge with a precipitation dataset is to take 3-dimensional, time-series precipitation 

data and transform it into a two-dimensional, spatial data layer to use for this study. 

According to Kim et al (1992), rainfall has to be analyzed in three ways – climate cycle 
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within a year, accumulation within a year, and intensities of storms. This was taken into 

account when deciding how to categorize the precipitation data obtained in this section. 

Yearly raster layers were downloaded from PRISM Climate Group – Northwest 

Alliance for Computational Science and Engineering. PRISM (Parameter-elevation 

Relationships on Independent Slopes Model) was used throughout the conterminous 

United States using spatial climate patterns and a climate-elevation regression. Thirteen-

thousand stations throughout the United States were used to aid the interpolation of the 

data (Daly et al, 2008). The result was 3x4 km grids showing the daily, monthly, or 

yearly total precipitation in millimeters. 

Snow was not a separate variable in this study, but snowmelt was included in the 

PRISM precipitation measurement. Snowmelt data was obtained daily from USDA 

NRCS Snow Telemetry (SNOTEL) and snow course stations 

(http://www.wcc.nrcs.usda.gov/snow/) (Daly et al, 2008). The measurement that was 

added was called the “snow water equivalent”, which gives the depth that the snow 

would be if it were melted into water. This snow measurement was considered liquid 

upon falling, which could contribute to a skewed measurement since some snow stays in 

solid form for months at a time.  

 For this project, the yearly totals were downloaded for 33 years in total, from 

1981-2013. A year of higher than average precipitation is shown as an example in Figure 

13 of Appendix D. After these layers were downloaded, information for the one million 

points needed to be extracted for all 33 layers.  To speed up this process, a Python script 

(shown in Appendix K) was created that projected the layer, extracted the values for each 

http://www.wcc.nrcs.usda.gov/snow/
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of the yearly total layers, and then exported the attribute table as a DBF file. To extract 

the value of precipitation at each of the million random points, the “Extract Values to 

Points” tool was used. The script ran for about 5 hours to manipulate the data for all 33 

years. 

After the 33 DBF files were created, they were all pasted into the same 

precipitation Excel sheet. Using simple functions in Excel, the average yearly 

precipitation total was found for each row of the sheet (representing each of the one 

million random points). The average precipitation gave an indication of which areas are 

likely to have the most precipitation per year. Another function that was used was the 

maximum precipitation, which showed the most extreme precipitation event that has 

occurred at each point throughout the 33 years. To see which year this extreme event 

occurred, the year number of the extreme maximum was recorded using the Index and 

Match functions in Excel. This column was added to see if there was a correlation 

between landslides occurring and the year of the largest precipitation events for the whole 

33-year period. 

The end result was three columns in the master table: the average yearly total 

precipitation (mm), the maximum yearly precipitation (mm), and the year of maximum 

yearly precipitation (which is nominal rather than numeric). Table 6 in Appendix A 

shows further attribute information about the numeric attributes while Table 7 of 

Appendix B shows the nominal year options. 
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2.3 Slope and Elevation 
 

Slope is a significant factor causing landslides because it affects the concentration 

of moisture and can be used to predict patterns of land instability (Ayalew and 

Yamagishi, 2005). The higher the slope, the more likely the rocks and soil on the top end 

will slide down due to gravity. Elevation can also have an impact since it is more likely 

that higher elevation land will have a landslide, given the higher slope. 

The slope and elevation layers were created from a Digital Elevation Model 

(DEM). This DEM was downloaded from US Geological Survey (USGS) Earth Explorer 

online, and the data is from October 17, 2011. It was obtained from the Advanced 

Spaceborne Thermal Emission and Reflection Radiometer (ASTER) sensor on NASA’s 

Terra satellite.  

The DEM showed the elevation (in 30m grid size) and is shown in Figure 15 of 

Appendix F. It was converted to a slope raster by using the “Slope” tool in ArcMap. The 

result was a raster with slope as the value (in degrees) which is shown in Figure 14 of 

Appendix E. Since DEM layers are downloadable only in smaller grids, many sections 

were downloaded and then combined into one raster using the “Mosaic to New Raster” 

tool in ArcMap. Then, the “Slope” tool was used to convert the united DEM into a slope 

raster in degrees. Next, the “Extract Values to Points” tool was used on the elevation and 

slope layers to be transformed into a table of the one million points. These two columns 

that were added to the master table were both numeric as their data type. Further 

information on these numeric attributes can be found in Table 6 of Appendix A. 

 



15 

 

2.4 Land Cover 
 

Land cover type is an essential factor to include since land that is bare can be 

more easily displaced because it has no roots to keep the soil compact. Roots reinforce 

the soil, which increases soil shear strength and binds soil particles at the ground surface, 

reducing erosion susceptibility (Kim et al, 1992). Therefore, forested land is not expected 

to be as susceptible to landslides as bare or minimally vegetated land.  

The land cover raster layers were downloaded from the Department of Ecology 

for the State of Washington (initially from NOAA). They were created using Landsat 5 

and 7 Thematic Mapper images with up to a 30m resolution. These detailed land cover 

raster layers included 25 classes, such as shrubs, bare land, cultivated, urban developed, 

etc. These data were nominal since they had labels rather than numeric information in 

each cell of the raster.  

Five raster layers were downloaded for the five available years – 1992, 1996, 

2001, 2006, and 2011. The 2011 raster layer is shown in Figure 16 of Appendix G. 

Across these 19 years, there were many changes in land cover. The land cover type that 

was put in the master table for each instance was the type occurring a majority of the five 

years. This was done by using the “Extract Values to Points” tool in ArcMap for all five 

layers. Then the tables were added to the same Excel sheet. Since the land cover was 

initially indicated by using a number from 1 to 25, the simple Mode Excel function could 

be used across the five years to find which number occurred the most often. This result 

was also added to the master Excel table and changed to nominal data (ex. 25 = 

Snow/Ice). The options for the type of land cover are listed in Table 7 of Appendix B. 
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Montgomery et al (1998) conducted a landslide study in this area of Washington 

as well as some sites in Oregon. The study found that by using hydrologic modeling, they 

could measure the effect of pre-cutting and post-cutting of the forests on landslide 

occurrences. The results showed that watersheds with cut forests have the highest rates of 

landslides. For this reason, another land cover variable included in this study was whether 

there has been a land cover change or not across the examined 19 years. 

To create this dataset, the changes between each of the 5 land cover raster layers 

were found using functions in Excel, and a dataset was created indicating rows with a 1 

as YES there had been a land cover change and 0 for NO change. The resulting land 

cover change raster is shown in Figure 17 of Appendix H. The “Extract Values to Points” 

tool was used to make the column in the master table indicating if there was a land cover 

change or not. 

2.5 Soil Series Type 
 

Soil series classification can be important for predicting landslides because it 

indicates how much water can flow through the specified type of soil. For example, fine 

grained soils allow for more flow, therefore causing more landslides (Kim et al, 1992). 

On the other hand, even though gravelly sands are highly permeable, they are not 

predicted to cause as many landslides because they are usually located on gentler slopes 

(sloping less than 5%).  

The soil series type dataset called CONUS-SOIL was obtained from the Soil 

Information for Environmental Modeling and Ecosystem Management website. It is a 

“multi-layer soil characteristics data set for the conterminous United States” (Soil 
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Datasets…), and it is based on the USDA State Soil Geographic Database (STATSGO), 

compiled by the Natural Resources Conservation Service (NRCS). This data was 

available in many formats, but the Arc/Info polygon format was downloaded for the 

purposes of this study and is at a resolution of 1km. Each polygon in the area has a map 

unit code which links to a file with a description of the soil series type for this specific 

code. The soil series type layer is shown in Figure 18 in Appendix I and the options for 

the soil series types are listed in Table 7 of Appendix B. 

Since this is a polygon layer and not a raster layer, a spatial join was done linking 

the polygon information to each point located within it for the one million points. The 

column containing the nominal soil code was then extracted and added to the master 

table. 

2.6 Bedrock Type 
 

Bedrock is the rock underlying soil layers. This layer must be included in the 

analysis because lithological and structural variations lead to a difference in strength and 

permeability of rocks and soils (Ayalew and Yamagishi, 2005). The polygon layer data 

used is from the Geology of Washington section of USGS Mineral Resources Online 

Spatial Data. The data is from 2005 and contains information such as the type of rock and 

the age the bedrock formed. Areas of Washington have a variety of underlying bedrock 

such as glacial outwash, andesite, extrusive and intrusive basalt, tertiary sediment, 

sandstone, and siltstone (Montgomery et al, 1998). The polygon bedrock layer is shown 

in Figure 19 of Appendix J and the options for the bedrock type are listed in Table 7 of 

Appendix B. 
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Since this is also a polygon layer, a spatial join was performed, linking the 

polygon information to each point located within it for the one million points. The 

column containing the bedrock type was then extracted and added to the master table. 

This information is also nominal. 
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3. METHODS 

The methodology for this study is shown in Figure 3. After all of the data is 

downloaded from these reliable sources, the data pre-processing starts. The data is 

transformed from spatial to tabular, and then cleaned up for testing in the model. The 

next step is to choose subsets of the master table to put into the WEKA software, and 

then to set the correct options and settings in the WEKA software. Next the output of the 

model is analyzed so the most important statistics can be used to determine whether the 

model is reliable. This step is repeated until the most optimal model is created. Then, the 

last step is to find the most influential factors and potential vulnerable areas using the 

statistics from this optimal model. 

 

 
Figure 3. Methods flowchart. 

 

 

3.1 Pre-Processing of Datasets 
 

 The pre-processing of the data encompassed a significant part of the analysis 

because there was a substantial amount of data within each dataset. It was imperative that 
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the data be preprocessed properly so the algorithm in the classification software could be 

directly used. To create the proper input for the software used later in the analysis, a 

comma-separated value (CSV) file was created from the Excel table. 

 As described in the Datasets section, to make this table, a random point layer was 

created in ArcMap using the “Create Random Points” tool. This tool randomly picked 

one million points within the study area as test locations. For each independent variable, 

an attribute table was created using these million points. This was then exported as a DBF 

file, opened in Excel, and combined together into one larger table. These one million 

points were the rows of the master table, and each independent variable’s information 

was in each column. For each instance, there is a different combination of factors 

occurring. An example of the spatial data to table process is shown in Figure 4. 

 

 
Figure 4. Layers to table example. 

 

Landslide 
Slope 

(degrees) 
Elevation 

(m) 

Land 

Cover 
Change 

Land 

Cover 
Type Bedrock 

Soil Series 
Type 

Avg. 

Precip. 
(mm) 

Max. 

Precip. 
(mm) 

Year of 

Max. 

Precip. 
(mm) 

YES 30.61 842 NO 
Evergreen 

Forest Graywacke 

Vanzandt-

Montborne-
Elwell 2891.53 3894.34 1990 
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After all of the data were added to the columns, there were blank spaces in some 

cells of the soil type column. This occurred in all rows which were located in the Salish 

Sea to the north west of the study area because no soil data exists there. Since this project 

pertains to landslides that occur on land, not underwater, the rows with blank data were 

eliminated. Other rows that were deleted were slope and elevation rows that had a value 

of -99999 because of errors in the data collection. A few rows of precipitation were also -

99999, so they were deleted as well. In the end, 946,899 rows were left to be analyzed. 

Before analysis, it was also important to confirm all variables were of the correct 

data type. The landslide and land cover change layer had 1’s and 0’s in the table, but 

when it was loaded into the software it was automatically read as numeric rather than 

nominal. This column required either converting to nominal type within WEKA, or the 

conversion of the numbers to “YES” and “NO” in the original table. For the same reason, 

the year of precipitation column values were changed to text since only the name of the 

year is relevant to this study, rather than a numeric value.  

3.2 WEKA Software 
 

The software applied for this analysis is called Waikato Environment for 

Knowledge Analysis (WEKA) (Hall et al, 2009). This is an open source software created 

in New Zealand and can be downloaded free online. WEKA is a “collection of machine 

learning algorithms for data mining tasks” and can be used for “pre-processing, 

classification, regression, clustering, association rules, and visualization” (Hall et al, 

2009). For the purpose of this study, WEKA’s classification abilities were used to create 

the landslide occurrence model. This classification method predicts class labels for a 
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certain event happening or not (Han et al, 2011). The attributes from each of the 

parameter datasets were used in the algorithm as the independent variables to create a 

model where accuracy is given as the result. The dependent variable was landslide 

occurrence and was either YES or NO. 

 The steps for running a trial in WEKA were as follows. The final Excel data file 

was converted from a table to a comma-separated (.csv) file, which was loaded into the 

WEKA software (Mobasher, 2005). Once a table was loaded, the software did initial 

analysis of each of the attribute’s data, such as its mean, standard deviation, and variance. 

It also allowed a visualization bar chart with the dependent variable selected. This 

allowed a visualization of the factors within an attribute containing the ratio of YES or 

NO instances.  

Next, the ‘Classify’ tab allowed selections to be made for creating the model 

according to the necessary statistics. For the purpose of this study, the training step option 

was used as opposed to the cross-fold or set percentage. The training step option reviews 

the data once and provides resulting statistics on how many correct and incorrect 

instances could be predicted with the same data. The classifier was always chosen as the 

‘Landslide’ column which was the dependent variable. 

 In this case, a decision tree algorithm was implemented to create the model. The 

software gave multiple choices for decision tree models. In general, a decision tree is 

created by using class-labeled training samples. Using the attributes in each sample, a 

decision tree structure is made where each node was a test attribute, each branch is an 

outcome of the test, and each leaf node holds a class label (Han et al, 2011). The 
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flowchart is created according to which attribute combinations occur when a landslide is 

or is not present. 

 The C4.5 decision tree model is called J48 within the WEKA software and was 

chosen for all of the trials in this study. All of the default options were chosen, such as no 

binary splits or pruning and a confidence factor of 0.25. This tree was made by using a 

non-backtracking approach, where the tree was constructed in a top-down manner (Han 

et al, 2011). It began with the training set of samples and class labels, and then the large 

set was partitioned into smaller subsets while the tree was being built. The options for 

branches of the tree were based on the attribute data types.  

 

3.3 Significant Statistics 
 

Once all of the options were set, the start button was pressed, the tree was built, 

and the results were generated. A great deal of information was generated as the output 

for each trial and was interpreted to evaluate whether the sample data trained a reliable 

model during each trial. A reliable model was determined by the following statistics.  

The most common statistic taken from the output in similar studies was the 

percentage of correctly identified YES and NO instances, or the classification 

“accuracy”. Although this value did give an indication of the model’s success, it was not 

the ideal statistic to determine the strength of the model. Accuracy does not take into 

account “chance expected agreement”, which is the chance of predicting the correct result 

by randomly picking the outcome (Carletta, 1996). For example, if there are an even 

number of YES and NO instances, the outcome can be correctly identified 50% of the 
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time just by pure chance. Even so, a high accuracy was one way used in this study to 

classify a model as reliable. 

On the other hand, the value that this study depended on the most was the kappa 

statistic, also called the Keidke Skill Score. This was the second and more dependable 

measure of how reliable the model was, because it took the expected chance agreement 

into account (Carletta, 1996). Kappa statistic values can range from -1 to 1. A model 

having a kappa of 0 means the only agreement is what is expected by chance. If the kappa 

statistic is 1, the model has total agreement, but if it is -1, it has no agreement (Carletta, 

1996). A kappa greater than 0.8 is considered very reliable, and researchers can make 

definite conclusions. A kappa between 0.67 and 0.8 means researchers can only make 

tentative conclusions (Carletta, 1996). This statistic was calculated as part of the output in 

WEKA, but could also be calculated using Equation 1 and the values from the confusion 

matrix (Wilks, 1995). 

 

Equation 1: Kappa Statistic 

K = 2 * (TP * TN – FN * FP) / [(TP + FN)(FN + TN) – (TP + FP)(FP + TN)] 

 

 

 

The confusion matrix gave the number of instances that were considered true 

positive (TP), true negative (TN), false positive (FP), and false negative (FN). TP is the 

number of YES instances the model identifies correctly, while TN is the number of NO 

instances that are identified correctly. If an accurate model was created, the TP and TN 

should be very high. On the other hand, the FP value is the number of instances whose 

actual label was NO but was identified by the model as YES, and the FN is the number of 
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instances that actually are YES but were identified as NO. An ideal model would have a 

small number of FP and FN.  

Two other statistics that were found using the numbers in the confusion matrix 

were the probability of detection (POD) and the false alarm ratio (FAR). The POD shows 

the ratio of correctly identified YES instances to all of the actual YES instances and is 

shown in Equation 2 (Wilks, 1995). Since the goal was to have the model detect the 

outcome most of the time, it was best to have a high POD (Gerapetritis and Pelissier, 

2004). On the other hand, the FAR shows the ratio of wrongly predicted YES instances to 

all of the actual NO instances and is shown in Equation 3 (Wilks, 1995). A small FAR 

was preferable, meaning there were fewer wrongly detected outcomes (Gerapetritis and 

Pelissier, 2004). The POD and FAR were not included in the WEKA results, but were 

calculated separately in Excel using the values in the confusion matrix. 

 

Equation 2: Probability of Detection 

POD = TP / ( TP + FN ) 

 
Equation 3: False Alarm Ratio 

FAR = FP / ( FP + TN ) 

 

Since the first objective of this study was to find an accurate model, sample 

subsets of the original data were taken and tested. According to the accuracy, kappa, 

POD and FAR statistics of the trial, new subsets of data could be selected to train more 

models. Two processes were used to choose subsets of all the data; first was to select 

random instances and second was to control the selection of instances. After many trials 
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were completed, the model with the highest kappa was considered the most reliable. 

These processes are described in detail in the Results section. 

The second objective was to identify which of the independent variables were the 

most influential. To determine this, a statistic called “information gain” was used. 

Information gain measures the difference in entropy before and after a decision tree is 

created, which in turn gives an idea of how well an individual attribute can predict the 

classifier result. If there is high information gain, it means the outcome can be predicted 

more easily. The decision tree output in WEKA shows the independent variables as the 

nodes and the value ranges as the branches the model used to determine the outcomes in 

that particular trial. The optimal model’s tree created in the first objective will be used to 

find the information gain of the variables. Variables at the top of the tree usually have 

higher information gain, which are considered the most influential in causing a landslide. 

Another way to determine information gain is to use the Decision Stump decision tree 

type, but this is also described in more detail in the Results section. 

The third objective was to use the optimal model again to find other areas of 

potential landslides. These areas would be where the model predicted there should have 

been a landslide but there was not one according to the historical results layer. These 

areas are shown by the instances where there was a false positive (FP) in the results of the 

optimal model.  
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4. ANALYSIS AND RESULTS 

The main objective for this project was to generate a model that accurately 

predicts whether a historical landslide happened or not by using the above, landslide-

causing parameters and the decision tree methodology. As it is difficult to create a model 

that is 100% correct, the anticipation was that it would be correct a majority of the time 

so it could be used with confidence in the future. The second and third goals of this study 

could then be achieved using the optimal model; to find the most influential factors and 

potential future susceptible areas. The following section will explain how and how well 

this study was able to accomplish those goals. 

4.1 Most Accurate Model 
 

The first step was to find the best method to choose subsets of instances to train a 

model using the J48 decision tree option described in the Analysis section. The two ways 

this was done was by first picking smaller subsets of randomly chosen instances, and by 

second picking smaller subsets of non-randomly chosen instances. Initially, only the first 

option was tried, but the resulting models were not very reliable. With further research of 

the WEKA software, it became apparent that controlling the instances might yield more 

favorable results. The statistics of these two methods are described below. 

4.1.1 Randomly Choosing Instances 
 

First, the complete master data table (946,899 instances) was loaded into the 

model to find a “control” kappa statistic and accuracy. After training the model, the entire 

set resulted in a kappa statistic of 0.51 and 97% accuracy. Ultimately in this study, a 
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model with a kappa statistic closer to 1 is more ideal given its predictive accuracy 

(Carletta, 1996). Additional trials using randomly chosen subsets of the master table were 

tested to achieve this. It is important to note that the master table included 4% of 

instances as having a landslide and 96% as having no landslide.  

Next, half of the rows in the table (473,449 instances) were chosen as the first 

subset, again keeping with 4% YES and 96% NO. The training model yielded a 0.48 

kappa statistic and 97% correctly identified instances. The kappa statistic decreased when 

the number of instances lessened. To continue the process, the data were split repetitively 

in half while keeping with the same YES/NO ratio, and the results are shown in Table 1. 

When the trial used a random one sixteenth of the total rows (Model 5), the model had a 

kappa statistic of 0 and a 96% accuracy. The kappa of 0 indicated that all prediction 

outputs of the model could be guessed by chance as NO (Carletta, 1996).  Since cutting 

the subset in half again would result in the same outcome, this was the last trial for this 

step. 

                     

Table 1. Changing the number of instances results. 

Trial 1 2 3 4 5 

Selection All Rows 

Half of 

Rows 

Fourth of 

Rows 

Eighth of 

Rows 

Sixteenth 

of Rows 

Accuracy 97.15% 97.10% 96.95% 96.72% 95.93% 

Kappa 0.5062 0.4817 0.4271 0.3412 0 

TP 14581 6704 2834 1058 0 

FP 3818 1704 644 229 0 

FN 23200 12008 6587 3658 2411 

TN 905300 453033 226659 113416 56769 

Total # Instances 946899 473449 236724 118361 59180 

POD  0.38593 0.35827 0.30082 0.22434 0 

FAR 0.0042 0.00375 0.00283 0.00202 0 
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Figure 5. Kappa values with a fraction of randomly chosen instances. 

 

As shown in Table 1 and Figure 5, the kappa statistic and accuracy decreased as 

the number of instances lessened. This indicated that more examples that the model can 

use to train itself allow for a more reliable model. After these five trials, the conclusion 

was that using all of the data in the master data table resulted in the best kappa statistic so 

far; we will call this Model 1. Model 1 also had the highest POD of 0.39, though it is 

preferable for this statistic be higher than this (Gerapetritis and Pelissier, 2004). The FAR 

of Model 1 was small at 0.0042, which is what the study was striving for. 

However, because of the bias caused by the asymmetrical distribution of YES and 

NO instances, a second method of choosing subsets was also tested. 

4.1.2 Controlling Chosen Instances 
 

The second method of choosing subsets was intentionally changing the amount of 

YES and NO rows to see if this would make a positive difference in the resulting 
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statistics. For choosing the subsets, the amount of YES rows remained the same, while 

the amount of NO rows decreased. This made the percentage of YES rows increase. The 

results of the changing percentage of YES rows trials are in Table 2. 

 

Table 2. Statistical results when controlling the instances chosen. 

Trial 6 7 8 9 10 11 12 13 14 

Selection 

10% 

YES 

20% 

YES 

30% 

YES 

40% 

YES 

50% 

YES 

60% 

YES 

70% 

YES 

80% 

YES 

90% 

YES 

Accuracy 94.81% 92.88% 91.96% 91.71% 91.78% 91.83% 92.56% 93.68% 95.67% 

Kappa 0.6842 0.7748 0.8099 0.829 0.8357 0.827 0.815 0.7847 0.7176 

TP 24286 30426 33190 35035 35973 36512 37041 37328 37577 

FP 6116 6086 5538 5088 4401 3878 3273 2532 1612 

FN 13495 7355 4591 2746 1808 1269 740 453 204 

TN 333922 145038 82618 51584 33380 21309 12919 6913 2586 

Total  # 

Instances 377819 188905 125937 94453 75562 62968 53973 47226 41979 

POD 0.6428 0.805325 0.878484 0.9273 0.9521 0.966 0.98 0.988 0.9946 

FAR 0.018 0.040272 0.06282 0.0898 0.1165 0.154 0.202 0.2681 0.384 

 

 

  

 
Figure 6. Controlled chosen instances kappa graph. 
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Figure 7. Controlled chosen instances accuracy graph. 

 

 

As shown in Table 2 and Figures 6 and 7, a pattern occurred using these subsets. 

The kappa statistic was the absolute highest when there was an equal number of YES and 

NO rows, while the kappa decreased if the percentage was changed to both higher and 

lower. This maximum kappa statistic was 0.84, and was the largest kappa found in the 

trials thus far. As the percentage of YES rows increased, the sample size decreased since 

the number of YES rows stayed the same. This contributed to the unevenness of the curve 

in the kappa statistic graph (Figure 6).  

On the other hand, the lowest accuracy percentage (Figure 7) was when there 

were 50% YES rows. When the percentage decreased or increased from 50%, the 

accuracy increased. This was a notable result and likely occurred because accuracy does 

not take into account agreement by chance. Having more of one label (either YES or NO) 

allowed the model to assume it was more accurate because even with the same level of 
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accuracy in the mined models, the kappa values will be higher when the chance 

prediction accuracy is lowest. 

The conclusion from these tests was more helpful than from the first method of 

subset selection because the kappa statistic was higher. Now it seems that the subset 

which gives the optimal model was with an equal number of YES and NO rows. From 

now on this optimal trial will be called Model 10. All of the following trials will use 

Model 10 which includes the same amount of YES and NO rows and the maximum 

amount of instances possible, which is 75,562 rows.  

4.2 Most Influential Factors 
 

The second goal of this study was to find which factors influence the accuracy 

and kappa statistic the most. Since the previous section provided Model 10, the optimal 

trained model to use, the following section focuses on finding the most influential factors 

in causing the YES or NO result. Therefore, it can be concluded that they are most 

influential in the occurrence of a landslide. Information gain from the J48 decision tree 

result and information gain from another WEKA test called the Decision Stump were 

tested against each other to determine the most important factors. 

4.2.1 Decision Tree Information Gain 
 

The first and simpler way to find information gain was by using the actual 

decision tree model created by our optimal trial. The attributes at the top of the decision 

tree are usually considered the ones with the highest information gain. One main concern 

with using this approach was that there is no numeric value to confirm the attributes with 
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the most information gain. For Model 10, the attributes in order from the top of the tree 

were average precipitation, slope and elevation, soil type, and bedrock. 

To further these findings, new models with just these attributes were constructed. 

The goal was to see if these models were as reliable as with all attributes as in Model 10. 

The attribute at the top of the tree, average precipitation, was tested alone, and its model 

showed a kappa statistic of 0.66 and an accuracy of 83%, which was comparatively good. 

When the top three attributes were tested (average precipitation, slope, and elevation), 

they showed a kappa statistic of 0.74 and an accuracy of 87%. When soil and bedrock 

were also added (top 5 attributes), the accuracy was 91% and the kappa was 0.82 which 

was considered reliable (Carletta, 1996).    

The results in Table 3 indicate that using the order of attributes in a decision tree 

was a reliable and quick way to find information gain and the most influential attributes. 

This test concluded that average precipitation was the most important predictive factor, 

slope and elevation are second most important, and soil type and bedrock are third most 

important. Unfortunately, with this method it could not be determined whether slope or 

elevation was more important, or if soil type and bedrock were more important since they 

were on the same level of the tree. However it was concluded that in the future, training a 

model with only these five attributes can be almost as reliable as with nine. This is 

significant because the data pre-processing would be less time-consuming for only five 

variables, but the results would be similar. 
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Table 3. Attribute information gain decision tree results. 

Trial 15 16 17 

Selection 

Top Attribute 

(Average 

Precipitation) 

Top 3 

Attributes 

Top 5 

Attributes 

Accuracy 83.14% 86.82% 90.89% 

Kappa 0.6627 0.7365 0.8179 

TP 33611 33903 4792 

FP 8572 6079 2088 

FN 4170 3878 92 

TN 29209 31702 32989 

Total # Instances 75562 75562 39961 

POD 0.8896 0.8974 0.98116 

FAR 0.2269 0.1609 0.05953 

 

 

4.2.2 Decision Stump Information Gain 

 

 The second way to acquire information gain was to test each attribute individually 

using WEKA’s ‘Decision Stump’ capability. A Decision Stump test is a decision tree 

model with only one level and independent variable. Each of the attributes were tested 

separately in the Decision Stump model against the dependent variable. The result of 

these individual tests was a “complexity improvement” value for each attribute, rather 

than simply the order of top attributes. These values were ordered from highest to lowest 

to see which attributes were individually the most influential on the outcome. The 

resulting list is shown in Table 4.  
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Table 4. Attribute complexity improvement using Decision Stump. 

Order Attribute Complexity Improvement 

1 Average Precipitation 5515.3016 bits 

2 Maximum Precipitation 5250.3486 bits 

3 Year of Maximum Precipitation 3803.1182 bits 

4 Elevation 3409.7382 bits 

5 Soil Series Type 2476.2224 bits 

6 Bedrock Type 2458.7628 bits 

7 Slope 2027.0894 bits 

8 Land Cover Type 1228.5455 bits 

9 Land Cover Change 1033.2654 bits 

 

 

Starting with the top factor, each preceding factor was added on and tested in the 

model to see if using just the top attributes gives a high kappa and accuracy as well. For 

instance, initially one attribute was tested first (average precipitation), then two attributes 

(average precipitation and maximum precipitation), then three attributes (average 

precipitation, maximum precipitation, and year of maximum precipitation), and so on. 

The results of these tests are shown in Table 5 and Figure 8.  

The kappa statistic increased quickly after the top four or five attributes were 

added. Therefore, using a model trained by only average precipitation, maximum 

precipitation, year of maximum precipitation, elevation, and soil series type yielded a 

high kappa (0.79) and accuracy (90%). However, the top five attributes from this 

Decision Stump method did not have as high a kappa as with the Decision Tree results 

(0.82). In conclusion, simply using the decision tree seemed to be a quicker and more 

accurate way to find influential attributes. 
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Table 5. Addition of top information gain attributes results. 

Trial Selection Kappa Accuracy 

18 Top Attribute (Avg Precip) 0.6627 83.14% 

19 Top 2 Attributes 0.6649 83.25% 

20 Top 3 Attributes 0.6649 83.25% 

21 Top 4 Attributes 0.7751 88.76% 

22 Top 5 Attributes 0.7929 89.65% 

23 Top 6 Attributes 0.8123 90.62% 

24 Top 7 Attributes 0.8255 91.27% 

25 Top 8 Attributes 0.8222 91.11% 

26 50% YES, 50%NO 0.8357 91.78% 

 

 

 

 
Figure 8. Kappa statistic results from addition of attributes. 

 

 

In conclusion from both information gain tests, average precipitation and 

maximum precipitation were the factors that affect the probability of landslides the most, 

which was expected. Year of maximum precipitation, slope, elevation, soil type, and 

bedrock all are important factors as well. Unfortunately it is not easy to rank these 

variables since their importance was determined in two separate ways. 
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The two factors that resulted as least important were land cover and land cover 

change, however it is possible that land cover and land cover change were just similar for 

most instances taken from this area. With no change in the values, the factors were less 

significant because the goal is to find variable changes to indicate the landslide result. 

4.3 Most Susceptible Areas 
 

The third and final goal of this study was to use Model 10 to predict new areas 

susceptible to landslides. To do this, the points where Model 10 predicts a landslide 

should have occurred, but did not, were found. As described in the analysis section, these 

would be the instances classified as false positive (FP).  

WEKA has an option to see the actual instances versus the predicted instances for 

each row in the results window. Out of all the predictions, the FP and TP instance rows 

were copied from the results window of Model 10. The ID number of the rows containing 

a FP and TP results were connected to the object IDs in ArcMap using an attribute join. 

Then, only these points were extracted into a new layer and analyzed. Using the “Create 

Fishnet” tool in ArcMap, a grid of 500 square meter boxes was created across the study 

area. Then, all of the FP and TP points which fell inside these boxes were counted using a 

spatial join.  

Boxes with a count of one or more landslides were noted and displayed in the 

figures below by county. Model 10’s FP and TP instances are displayed together in 

Figures 9a, 10a, and 11a. Figures 9b, 10b, and 11b show only the false positive results in 

relation to the actual historical landslides layer. Figures 9c, 10c, and 11c display only the 

true positive instances against the historical landslides layer. The historical landslides 
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layer cannot be seen because the true positive cells cover them completely, indicating that 

all historical landslide areas have been covered and predicted correctly by the model. 

 

 
Figure 9a. Both positive landslide counts for Skagit and Whatcom counties. 
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Figure 9b. False positive landslide count for Skagit and Whatcom counties. 
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Figure 9c. True positive landslide count for Skagit and Whatcom counties. 
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Figure10a. Both positive landslide counts for Snohomish County. 
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Figure 10b. False positive landslide count for Snohomish County. 
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Figure 10c. True positive landslide count for Snohomish County. 
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Figure 11a. Both positive landslide counts for King County. 
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Figure 11b. False positive landslide count for King County. 
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Figure 11c. True positive landslide count for King County. 

 

 

 

Areas on the above maps with higher counts of FP instances merit the most focus 

for analysis. The model indicates that areas with three or four FP counts within a 500 

square meter box should have most likely had a landslide previously. There are many 

areas with a three count, but only two areas where four landslide instances were 

predicted. The first area is in Whatcom County, east of Maple Falls, and south of WA 

Road 542 at the convergence of Glacier Creek and Thompson Creek (Figures 9a and 9b). 

The second area is at the very south of Snohomish County as shown in Figure 10a and 
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10b. The area is south of US Highway 2, south of the town of Gold Bar, and on Youngs 

Creek.  

The other false positive areas are dispersed throughout the mountainous areas of 

the study area. In Figure 9a and 9b in Whatcom and Skagit counties, there are many 

clusters of FP boxes. Clusters in Whatcom County are located to the east of the Maple 

Falls four-count cell, another cluster is west of Whatcom Lake, and another is at the 

southern part of the county in the mountainous region. In Skagit County, clusters are west 

of Baker Lake and in the southern part of the county in the mountainous region. In 

comparison to the other counties, Snohomish County does not have as many historic 

landslides, therefore not as many FP areas (Figures 10a and 10b). The most clusters are 

located at the northern part of the county in a large area east of Arlington. There is also a 

cluster east of Spada Lake. In King County, there is a cluster to the west of Chester 

Morse Lake around the Rattlesnake Mountain area (Figures 11a and 11b). There is also 

an expansive area at the southeast toe of the county surrounding the Green River.  

The two areas with a FP four-count are the slopes that should probably have field 

measurements taken, and possible mitigation strategies put into action, because the model 

strongly indicates that a landslide should have already occurred here. On the other hand, 

the clustered areas also merit focus, but it would be more difficult to make field 

measurements for all of these areas given their abundance. It would also be interesting to 

visit some of the sites of more isolated boxes not mentioned here to see if there is a 

reason why the model indicates they are susceptible. 
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5. DISCUSSION AND CONCLUSION 

5.1 Discussion 
 

This study shows that even with a complex combination of factors, there is a 

model that can successfully predict the occurrence of landslides a majority of the time in 

this landscape of Washington State. The same research in other regions of the world 

could show dissimilar patterns. By training a model in WEKA by using equal numbers of 

each classifier label within the dependent variable attribute, the optimal Model 10 was 

created. This model was able to determine landslide occurrence with 92% accuracy and 

with a final kappa statistic of 0.84. Although logistic regression is used more often in 

landslide analysis as described in the Introduction, this study was able to show that 

decision trees are an effective alternative.  

By finding a selection of top attributes as in the second objective, future models 

created in WEKA would also be accurate when only using a few attributes, rather than 

nine. This would undoubtedly help with data pre-processing time. These top attributes did 

include average and maximum precipitation as factors needed to create an accurate 

model. Therefore (at least in areas of large precipitation variance) precipitation should be 

included in landslide prediction classification decision trees.  

The results of the third objective in this study differs from much of the previous 

literature which have a susceptibility map as the outcome; such as Ayalew and 

Yamagishi (2005), Hong et al (2007), and Ohlmacher and Davis (2003). Instead, this 

study has resulted in a model which predicts areas where a landslide should have already 
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occurred according to existing physical factors and precipitation. Because of this, we can 

expect that this model will also be able to predict susceptible areas for the future. This 

will be determined by future precipitation events that will contribute to the yearly 

precipitation values.  

At this point, using the results of this study, these false positive areas can be 

studied in the field, tested for landslide occurrence, and appropriately mitigated. 

According to Model 10, yearly average precipitation above 1,524 mm or maximum 

precipitation above 1,934 mm can likely cause a landslide. If this occurs in the false 

positive area blocks, then nearby communities can be warned and protected beforehand.  

Mitigation steps to strengthen these vulnerable slopes could also occur. Hong 

Kong’s organization has built up more vegetation on these slopes as a means to protect 

against future landslides (Kjekstad and Highland, 2009). Other methods could be to 

manage the surface and subsurface drainage to avoid oversaturation or to replace weak 

soil materials with compact fill material to enhance stability (See-Sew and Wong, 2009).  

5.2 Future Studies 
 

Unfortunately at this time, an inexperienced GIS user would not easily be able to 

use this model to predict landslides in the future. An additional project idea is to create a 

tool with a Python script that can automate this process. The process should use Model 10 

as created by the original factors, but continuously add current precipitation data. 

Monthly precipitation can be automatically downloaded from the PRISM website and 

added to an algorithm to find the yearly average and the yearly maximum. 
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This can then be compared to the historical precipitation used in this study to see 

if the current month’s data causes the precipitation average or maximum to reach a point 

which would cause a landslide according to Model 10. Rather than just using the training 

option in WEKA, the most current conditions throughout the study area will be in a table 

and put in WEKA as a ‘supplied test set’. The supplied test set could only include the top 

influential factors in the models creation to decrease data pre-processing time, since this 

study has concluded that the accuracy is still acceptable. The outcome would be a new set 

of FP instances, which can be transformed into maps similar to Figures 9b, 10b, and 11b.  

The basis of this new process is a good example of assuming that factors that have 

affected landslides in the past will also affect them in the future (Al-Tahir and Thompson, 

2009). This new process will also be simple enough for most users since it will only 

require ArcGIS and Python software, WEKA, and the press of a button. 

 There are also additional ideas for creating decision tree models that can stem 

from this. Since this study found that precipitation factors are the most influential in the 

outcome of a landslide decision tree, more precipitation data could be included in 

subsequent studies. One idea is to use monthly precipitation data as well as yearly to test 

if that can generate a more optimal model. Also, snowmelt was included in the 

precipitation values in this study, but it would be beneficial to do a subsequent study 

which considers snow as a separate variable. Since some snow remains in solid form, 

solid snow and snow melt could be separated as well. Lastly, since soil series type was 

considered an important attribute to the outcome, additional soil factors like permeability, 

texture, and porosity could be considered for training a model. 
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 Another approach to a new study is to use other decision trees to see if the results 

are similar. The WEKA software offers many more capabilities that can be explored. 

Some other popular decision tree approaches are the Iterative Dichotomizer 3 (ID3), 

Classification and Regression Trees (CART), Chi-squared Automatic Interaction 

Detector (CHAID), extended decision tree (MARS), and conditional inference trees (Han 

et al, 2011). Other classification approaches can be tested which do not use a decision 

tree, such as support vector machines, quadric classifiers, neural networks, nearest-

neighbor classifiers, or learning vector quantization (LVQ). 

 In conclusion, using a decision tree has been shown by this study as an accurate 

way to predict landslide occurrence and can also be used to flag areas of potential 

landslides in the future. It is also significant to include precipitation patterns in these tests 

since they influence the results as well, especially in areas of high precipitation 

variability. Once these models and tests are put into a format easily used by state or local 

government planning organizations, they can assist in evacuation before a deadly 

landslide event occurs. Any small mitigation strategy to stabilize slopes or model tool of 

warning could end up impacting nearby communities in a big way. 
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APPENDIX 

 

Appendix A 
Table 6. Numeric attributes data. 

Attribute 

Slope 

(degrees) 

Elevation 

(m) 

Avg Yearly 

Precipitation 

(mm) 

Max Yearly 

Precipitation 

(mm) 

Data 

Minimum 0 0 578.32 782.8 

Data 

Maximum 76.162 3290 5328.35 7140.2 

 

Appendix B 
Table 7. Nominal attributes data options. 

Landslide 

Occurrence 

Land 

Cover 

Change Land Cover Type Bedrock Type Soil Series Type 

Year of Max 

Precipitation 

YES YES 

Low Intensity 

Developed Gneiss Everett-Alderwood 1983 

NO NO 

Medium Intensity 

Developed Serpentinite 

Forsyth-Chuckanut-

Cathcart 1990 

  

High Intensity 

Developed Till Hoypus-Clallam-Bow 1996 

  Deciduous Forest Andesite 

Kapowsin-Buckley-

Alderwood 1997 

  Mixed Forest Glacial Drift Kapowsin-Dupont 1999 

  Evergreen Forest Arkose 

Norma-Lynnwood-

Custer 2004 

  Scrub/Shrub Graywacke 

Pitcher-Pheeney-Mal-

Jonas 2011 

  Grassland Conglomerate Playco-Nimue-Getchell 2012 

  Pasture/Hay Volcanic Rock Puget-Pilchuck-Oridia  

  Bare Land Alluvium Reggad-Index-Altapeak  

  Cultivated Dunite Revel-Oakes  

  

Develped Open 

Space 

Metasedimentary 

Rock 

Rockoutcrop-Glaciers-

Cryumbrepts-

Cryorthods-

AndicCryumbrepts  

  

Palustrine 

Emergent Wetland Argillite 

Rockoutcrop-

Humicryods-Fears-

AndicCryumbrepts  

  

Palustrine 

Scrub/Shrub 

Wetland Moraine 

Rubbleland-

Rockoutcrop-

Cryorthods-

AndicCryochrepts  

  

Palustrine Forested 

Wetland Outwash 

Scamman-National-

Mashel  
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Palustrine Aquatic 

Bed Siltstone Skykomish-Saxon-Jug  

  

Estuarine Aquatic 

Bed Sandstone Swinomish-Bow  

  

Estuarine Emergent 

Wetland Landslide Tacoma-Eliza  

  

Unconsolidated 

Shore Quartz Diorite 

Tenino-Cathcart-

Beausite-Alderwood  

  Snow/Ice Greenstone Thow-Choralmont  

  Water Rhyodacite 

Tokul-Squalicum-

Skipopa-Chuckanut  

    Granodiorite 

Tradedollar-

Rockoutcrop-Ethania-

Cattcreek  

    

Quartz 

Monzodiorite Twinsi-Edfro  

    Schist 

Vabus-Rockoutcrop-

Kachess-Chinkmin-

Blint  

    Quartz Monzonite 

Vanzandt-Montborne-

Elwell  

    Phyllite Water  

    Biotite Gneiss 

Whatcom-Tromp-

Pangborn-Lynden-

Hale-Fishtrap  

    Latite Whitehorn-Birchbay  

    Basalt 

Wilkeson-Scamman-

Klaus-Barneston  

    Granite Zymer-Yalelake  

    Chert    

    Gabbro    

    Greenschist    

    Tholeiite    

    Dacite    

    Water    
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Appendix C 

 
Figure 12. Landslide occurrence layer. 
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Appendix D 

 
Figure 13. Precipitation year 1990 raster layer. 
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Appendix E 

 
Figure 14. Slope layer. 
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Appendix F 

 
Figure 15. Elevation layer. 
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Appendix G 

 
Figure 16. Land cover types layer. 
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Appendix H 

 
Figure 17. Land cover change layer. 
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Appendix I 

 
Figure 18. Soil series type layer. 
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Appendix J 

 
Figure 19. Bedrock types layer. 

 

 

Appendix K 
Precipitation Conversion Python Script 

 

import arcpy 

from arcpy.sa import * 

arcpy.CheckOutExtension("Spatial") 

arcpy.env.overwriteOutput = True 

 

#SET VARIABLES 

wrk = 'C:/Users/ehm5dq/Documents/GMU Grad 

School/Thesis/Datasets/Precipitation/Yearly_totals' 

gdb = 'C:/Users/ehm5dq/Documents/GMU Grad 

School/Thesis/Datasets/Precipitation/Precipitation.gdb' 

arcpy.env.workspace = wrk 

points = 'C:/Users/ehm5dq/Documents/GMU Grad 

School/Thesis/Datasets/Miscelaneous/Washingon.gdb/random_points_mil' 
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#MAKE LIST OF BIL FILES IN A FOLDER 

rasterList = arcpy.ListRasters("","BIL") 

for raster in rasterList: 

inputRasterName = 'P_'+raster[23:-8] 

#PROJECT RASTER TO THE SAME AS THE POINTS LAYER 

proj=arcpy.ProjectRaster_management(raster,wrk+'/'+inputRasterName+'_proj',p

 oints,"NEAREST","","","","") 

#EXTRACT VALUES FROM RASTER TO POINTS 

extractPoints = 

 arcpy.sa.ExtractValuesToPoints(points,proj,gdb+'/'+inputRasterName+'_pnt') 

 

#CONVERT THE ATTRIBUTE TABLE INTO A DBF FILE 

arcpy.TableToTable_conversion(extractPoints,wrk,inputRasterName+'_tab.dbf',"","","") 

print 'Table Extracted, Done with ',inputRasterName 
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