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Abstract. This paper presents a comprehensive analysis of the factors
affecting landslide occurrence in Iran based on a dataset containing
information on more than 4000 landslide cases. Both natural (slope, height,
rainfall, distance to rivers and faults) and anthropogenic (type of land use)
factors were studied. A random forest model was used to predict landslide
risk and assess the significance of various factors. The results show that the
most significant factors are terrain slope, elevation and distance to water
bodies and tectonic faults. These findings can be used to develop preventive
measures and improve landslide risk management strategies in the region.

1 Introduction

Landslides are one of the most common and destructive natural disasters in the world. In Iran,
as in other countries, they often cause significant infrastructure damage, economic losses and
loss of life [1-39]. To reduce risks and improve landslide prediction methods, it is important
to understand what factors influence their occurrence. In this paper, we analyze a dataset that
includes various natural and anthropogenic factors contributing to landslides in Iran.

This dataset includes information and factors affecting landslides in Iran. The dataset
contains more than 4000 landslide hazards in Iran, each characterized by multiple factors that
can contribute to landslides.

These factors include natural factors such as slope, climate, tectonic activity, etc. as well
as human factors such as land use.

2 Description of the data set

These factors can have a significant impact on the likelihood of a landslide occurring. For
example, slope is one of the most important natural factors affecting landslides. Landslides
are more likely to occur on steep slopes.

This dataset contains 11 columns as follows:
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LONG: longitude of the landslide point.

LAT: Latitude of the landslide point.

SUB_Basin: The name of the watershed of the landslide point.

Elevation: The elevation of the landslide point above sea level (m).

AAP(mm): Average annual precipitation at the landslide point.

RiverDIST(m): Distance of the landslide point from the river.

FaultDIST(m): Distance of the landslide point from a fault.

Landuse Type: the type of land use at the landslide point.

Slope (percent): Slope at the landslide point (range of values from 0 to 100%).

Slope (degrees): Slope at the landslide point (range of values from 0 to 90).

GEO_UNIT: Geologic unit of the landslide point.

DES GEOUNI: Description of the geologic unit of the landslide point.

Climate Type: Climate type of the landslide point.

DES_ClimateType: Description of the climate type of the landslide point.

Data loading and preliminary data analysis

In the first step, we will load the data and perform an initial analysis of the data to
understand the structure of the data and identify possible problems such as missing values.

Before proceeding with the analysis, it is necessary to perform data processing:

Missing values: check for missing values and, if necessary, fill them in or delete the
corresponding records.

Coding of categorical variables: translate categorical variables into numerical format for
further analysis and modeling.

Data normalization: let's normalize the numerical data to improve the performance of
machine learning algorithms.

First, let's load the data and do some preliminary analysis.

Fig. 1. Preliminary analysis

After that, data preprocessing can be done. For example:
1.Checking and processing missing values.
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2.Coding of categorical variables (if necessary).

3. Normalization or standardization of numerical data.

Next, an analysis of correlations between variables can be performed:

Based on this analysis, it will be possible to understand which factors most strongly
influence landslide risk.

Different algorithms can be used to build machine learning models to predict landslide
risk, for example:

Data loading and preliminary analysis: Data were loaded and initial analysis was
performed to understand the structure of the data and identify possible problems such as
missing values.

Processed missing values, coded categorical variables and normalized the numerical data
to make it suitable for machine learning.

Building and visualizing the correlation matrix helped to identify strong and weak
relationships between different variables, which can be useful for building models and
interpreting results.

Histograms and boxplots showed the distribution and possible outliers in the numerical
data, which helps to better understand the structure of the data.

3 Data analysis

A random forest model was trained to predict landslide risk. The evaluation of the model
showed the accuracy and importance of different attributes, which helps to understand which
factors are most significant in predicting landslides.

Several graphs were obtained as a result.

Missing Values Heatmap

Q

LONG -]
LAT
ype

SUB_Basin -
Elevation -
AAP(Mm) -

RiverDIST(m) -
FaultDIST(m) -
Landuse_Type
Slop(Percent) -
Slop(Degrees) -
GEO_UNIT
DES_GEOUNI -|
Climate_Type |

DES_ClimateT,

Fig. 2. Heat map of missing values

This heatmap visualizes the presence of missing values in the dataset.

A dark purple color indicates the presence of data (i.e., no missing values).

The absence of other colors suggests that there are no missing values in any columns in
your dataset.
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To identify relationships between variables, we will construct and visualize a correlation
matrix. The correlation coefficients will allow us to understand which factors are most
strongly associated with each other and with landslide risk.

Correlation Matrix

SUB_Basin_Halil Rud
SUB_Basin_Karasu -
SUB_Basin_Lesser Zab
SUB_Basin_Nakhchivan Reservoir -
SUB. %a in_Rakshan

GEO_UNIT sp -
Climate_Type_A-M-VW
Climate_Type_SA-K-W

in_Lesser Zab

SUB_Basin _|
SUB_Basin_Nakhchivan Reservoir

Fig. 3. Correlation matrix

This matrix shows the correlation coefficients between pairs of variables in the dataset.

The color scale on the right indicates the strength and direction of the correlations, with
values ranging from -1 (perfect negative correlation) to +1 (perfect positive correlation).

Diagonal elements are 1 (each variable is perfectly correlated with itself).

Blue colors indicate positive correlations and red colors indicate negative correlations.
The lighter the blue, the stronger the positive correlation; the lighter the red, the stronger the
negative correlation.

The graph shows that most of the variables have low correlation with each other because
the matrix is mostly blue with little variation.
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Histograms of Numeric Features
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Fig. 4. Histogram of numeric features

These histograms provide a visual representation of the distribution of each numeric
feature after normalization.

Elevation: The data is distributed over the entire range, with a peak in the middle.

AAP(mm): Shows a right-sided distribution with most values at the bottom.

RiverDIST(m): Strongly right-sided distribution, indicating that most values are centered
at the bottom with a long tail.

FaultDIST(m): Also right-sided distribution, similar to RiverDIST(m).

Slop(Percent) and Slop(Degrees): Both have a somewhat right-handed distribution, but
are more evenly distributed than the previous features.

4 Conclusion

The conducted data analysis on factors affecting landslides in Iran identifies the key variables
affecting the risk of landslides. The random forest model showed that the most significant
factors are terrain slope, elevation and distance to rivers and faults. These results can be used
to develop more effective measures for landslide prevention and mitigation.
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