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Abstract

Accidents are a major problem that claim the lives of many people in the world each year. Fatalities and severe
injuries could leave adverse and irreversible impacts on public health and economic prospects. A review of the
variables affecting the severity of crash injuries can help reduce fatal accidents. However, a detailed prediction
of fatal crashes as a smaller-data class than other classes is seen as a challenge. This study uses three robust
machine learning such as Bayesian classifier, random forest, and support vector machine techniques. First, three
imbalanced data prediction models were developed, suggesting they could not differentiate fatal data from injury
data. To address this problem, three random, k-means clustering, meta-heuristic algorithms clustering techniques
were used to balance the data. It should be noted that the genetic algorithm performed better than the particles
swarm. Models developed by intelligent optimization methods, k-means clustering, and random methods were
found to be more accurate, respectively. These criteria helped evaluate the models developed, which yielded the
best model. The support vector machine method for genetic clustering-balanced data could predict fatal, and
injury crashes with a 0.96% accuracy, becoming the best model. Finally, sensitivity analysis was performed on
the best model, indicating that the highway, horizontal curves, and head-on variables contributed to fatal
accidents.
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1. Introduction

Like other industries, the transportation
industry  has various advantages and
disadvantages. Over time, vehicles become
more popular and this, in turn, increases the
number of vehicles on the roads. To meet this
end, the safety of users is one of the most
important issues which assumes special
consideration. By safety, it is meant
minimizing the number and severity of
accidents by examining the major factors
affecting them. One of the most important
solutions to the safety problem is to predict the
severity of accidents, which has received
growing attention over the past years.
Prediction of accidents will positively help
lower direct costs, reduce fatalities and
financial losses while lowering indirect costs
from energy waste and loss of manpower [Le
Yu et al., 2021]. Accident figures released by
the World Health Organization (WHO) suggest
that approximately 1.35 million people die
each year as a result of road traffic crashes,
and about fifty million are injured across the
world. Iran is no exception and sees its rate of
fatalities and damages from accidents rising as
it ranks fifth for high-risk road driving.
Therefore, in recent years, some research has
been done on accident prediction [WHO, 2018,
Mirbaha et al. 2013, Karami et al. 2020,
Washington et al. 2014]. Statistical methods-
based traditional techniques such as logistic
regression, quantitative  regression, and
discriminant analysis have largely been used to
examine and analyze accident prediction. For
prediction, statistical models often require
much historical data; however, the data
provide unintended results when they have a
lot of input variables [Niveditha et al. 2015,
Washington et al. 2014, Ba et al. 2017,
Tabachnick et al. 2007, Wang et al.
2019].Machine learning methods have widely
been used in recent years for the following
reasons:

International Journal of Transportation Engineering,

Vol. 10/ No.3/ (39) Winter 2022

1) Higher capacity to solving nonlinear

problems;

2) Higher capability of prediction dependent

variables in new data and

3) Higher capability of prediction by

extracting rules from data [Basso et al. 2018,

Theofilatos et al. 2019, Li et al. 2018, Li et

al. 2016, Ahmed et al. 2011].
Machine learning has also been used to predict
accidents, which has proved to have performed
well. For example, Abdel Wahab and Abdel-
Aty (2001) [Abdelwahab et al. 2001] used an
artificial neural network to predict the severity
of crashes. They examined such various factors
as the driver, vehicle, road, and environmental
features for modeling. They concluded that the
neural network performed better than other
instruments. Li et al. [Li et al. 2008] used
support vector machine techniques to predict
accidents. They also used the dual Bayesian
models to evaluate the performance of the
support vector machine, which was found to
perform better and greatly predict the severity
of accidents.
Available data play a key role in predicting
accidents. According to road accident data,
injury samples usually outnumber fatal ones
with lower fatal data as a result. Since machine
learning methods try to reduce the overall
model rates, they attach more importance to
more data and prioritize them, leading to an
over-prediction of a class. In the meantime,
there are two approaches to reducing the
number of class data, one with a great number
of data, called under-sampling, and the other
with an increased class data, whose data is
fewer than other classes, called over-sampling
[Abou Elassad et al. 2020, Elamrani Abou
Elassad et al. 2020]. Under-sampling, if not
made logically and correctly, could remove
useful information by removing patterns, while
an improper over-sampling may increase the
likelihood of the model over-fitting [Abd
Elrahman et al. 2013]. Fiorentini and Losa in
2020 used random under sampling the majority
class (RUMC) method for unbalanced data and
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they used random tree, k-nearest neighbor,
logistic regression, and random forest machine
learning methods to predict the Road Crash
Severity. They achieved acceptable results.
This method considers special areas for the
minority class as the machine learning method
attaches more importance to the class. The
synthetic minority over-sampling technigque
can be used for binary problems and the
continuous variables space [Nguyen et al.
2009]. Yen and Lee [Yen et al. 2009] used a
clustering-based under-sampling method. They
clustered the data and then selected a specific
number of data from a majority class in each
cluster using a predefined coefficient. Their
findings showed that clustering-based
sampling increases the accuracy of prediction,
which proves to be more stable than other
methods. A number of under-sampling
methods have been mentioned in the literature
review, but metaheuristic  optimization
methods have received less attention.
Therefore, in this paper, an attempt has been
made to develop an under-sampling method
based on  meta-heuristic  optimization
algorithms. This article uses three machine
learning methods of naive Bayes classifier,
random forest, and support vector machine to
predict the severity of crashes. At first, without
making changes to the data, three general
prediction models were developed using naive
Bayes classifiers, random forest, and support
vector machine methods. Then the accuracy
and error of the developed models were
examined. Later, a random method was used to
balance the data to develop three more separate
models. Then, the conventional clustering
method was used to balance the data, and three
other models were developed to predict the
severity of accidents. Finally, intelligent
optimization methods were used to develop
two new genetic clustering and particle swarm
methods, which served as the basis for
sampling and balancing the data. Along with
the selected samples, two more separate
models were developed using machine

learning methods whose accuracy was
compared with that of the previous models;
thus, the performance of the developed
sampling method was measured. Finally, the
best model with greater accuracy and fewer
error rates was proposed, and sensitivity
analysis was performed on input variables.
Also, the factors affecting the fatal crashes
were examined.

2. Research Methodology

This section first concerns the data used, then
explains the machine learning methods and
how the model is developed. Finally, the types
of under-sampling methods and the way the
accuracy and error of the models are measured
will also be discussed. All methods and
algorithms used in this research were
implemented in MATLAB software.

2.1. Data
The data used in this study have been taken
from accidents in intercity areas across the Iran
country from 2018 to 2020 (within three
years). Different input variables including road
type, road characteristics, type of collision,
number of vehicles involved, type of vehicle,
speed limits, night or day, season, holidays or
non-holidays, and residential area were
considered. This study included 16122 data as
well as input variables to predict the type of
accident (injury or fatal). Descriptive statistics
of the variables used in this study are given in
Table (2).
Machine learning methods try to minimize the
difference between the output variable and the
prediction values. To address this optimization
problem, if the variables are not at the same
level, the variable with larger numbers
becomes more important because the objective
function of machine learning methods usually
uses the Euclidean distance [Safak et al. 2020].
For this, for each secondary variable in Table
(1), a dummy variable was defined. In general,
34 input variables and one output variable
were taken.
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Table 1. Descriptive statistics of the data used

Main variables Secondary variables Frequency Frequency percentage Mode
Freeway 6010 37.3
Highway 969 6
Type of road Main road 7146 44.3 Main
rural road 339 1.2
Secondary 16.58 10.3
Arc 6112 37.9
- Intersection 4693 29.1
Road characteristics ATC Sintersection 2827 175 Arc
Straight 2495 15.5
Head-on 2351 14.6
Front to back 2499 155
Type of collision Rollover 7817 48.5 7817
Lateral barrier collision 965 6
Side collision 2490 154
. One 8782 54.5
Number of vehicles R p—— 320 455 One
Large 926 5.7
Type of vehicles Small 13597 84.3 Small
Small and large 1599 9.9
Less than 60 1567 9.7
Speed limits 60-90 8026 49.8 60-90
Over 90 6529 40.5
. Days 9953 61.7
Time Nights 6169 38.3 Day
Fall 3824 23.7
Spring 39.86 24.7
Season Summer 5041 313 Summer
Winter 3271 20.3
. No 15030 93.2
Holidays Yes 1092 6.8 No
No 11094 68.8
Weekdays Yes 5028 312 No
N No 14438 89.5
Residential area Yes 1684 105 No
Type of crash F(_ﬂal 2484 154 Injury
Injury 13638 84.6
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2.2. Support Vector Machine
One of the highly powerful tools in machine
learning for classification problems is the
support vector machine, which was developed
by Vapnik et al. in the 19990s [Vapnik et al.
1995]. The support vector machine tries to use
the optimal margin method to determine the
boundary between the two classes. By the
margin, it is meant the sum of the distances of
the nearest point from both classes to the hyper
plane. This boundary must be selected to meet
the following two conditions:

1) All samples whose output variable is +1

are on one side of the boundary and the ones

labeled -1 on the other side.

2) The decision boundary should maximize

the margin.
A decision boundary can be written
mathematically, as shown in Equation (1).

W.X+b=0 QD
Where X is a point on the decision boundary
and W is a n-dimensional vector perpendicular
to the decision boundary. In fact, W and b
should minimize the error and maximize the
margin [Cortes et al. 1995].
In this study, the vector machine method was
used to predict the severity of accidents. Data
were randomly divided into two training (80%)
and testing (20%) classes, yielding four models
of support vector machines.

2.3. Naive Bayes Classifier
One of the machine learning tools for
classification problems is the Naive Bayes
Classifier [Keogh, 2006]. This method
operates on Bayes' theorem and provides a
way to calculate the probability of a secondary
probability based on its prior probability.
Bayes' theorem is shown in Equation (2).
P(BJA)P(A)

P(8) )
According to the Bayes law, the probability of
a occurring can be considered given the B
event. Here, B is the evidence, and A is the
theorem.

P(A[B)=

To predict the severity of crashes, input
variables such as road type, road
characteristics, type of collision, etc., should
be used. As stated, these input variables are
assumed to be completely independent of each
other and equally contribute to predicting the
severity of accidents. According to the above,
the Bayes law can be rewritten as Equation (3).
P(XIy)P(y)

P(y[x )ZW (3)
Where y is different classes of accidents
(injury and fatal), the variable X represents the
input variables or parameters, defined as
Equation (4).

X =(X3 X0 X 3000 X, ) (4)
Where x; is the input variables, which include
the type of road, road characteristics, type of
collision, etc. By inserting the xs and
extending Equation (3), Equation (5) is
obtained.
_P(uly)P(xly)--P(x]y)P(y) )

P(%)P(x,)--P(x)
Now the values on the left can be determined
by inserting the values on the right side of
Equation (5) from the data. Since the
denominator of all cases is constant, it can be
removed and reported as follows.

P(ylxv---,xn)ocP(y)liil[P(XiIV) (6)

As in the support vector machine method, the
model was developed with 80% of the data
(training data), while it was evaluated with the
remaining 20%. As noted below, four separate
models were developed using this method, and
the severity of accidents was predicted.
2.4. Random Forest

The Random Forest (RF) is a popular
algorithm developed by Breiman to solve
classification and regression problems. This
algorithm consists of lots of decision trees. The
decision tree is a non-parametric supervised
learning method that can make decisions on
the data set and use the tree structure to solve
classification and regression problems. RF is a
combination of prediction trees so that each
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tree is sampled independently based on a
random vector with the same distribution. This
algorithm uses the existing decision trees to
predict the output value based on the average
output of the used decision trees. In the RF
model, all variables are not equally correlated
with the output variable.
2.5. Developing Prediction Models
using Initial Data
This section concerns the development of two
accident severity models using a support
vector machine and a naive Bayes classifier
with initial data. Initial data includes 16122
data lines of different specifications referred to
in Section 2.1. The first and second prediction
models were developed using the support
vector machine and naive Bayes classifier
methods, respectively. To develop models and
prevent model over fitting, data must first be
divided into two categories: training (80%) and
testing (20%) data. Each machine learning
model has a number of parameters to be based
on the data with the most optimal value so that
the model can have the best performance. For
this, the K-fold cross-validation was used.
Then, the training data were divided into four
classes, three of which trained the model,
while one remaining class evaluated the model
performance. This process is repeated four
times in each iteration to evaluate the
performance of the model with all the four
classes, the average of which helped calculate
the model error. By considering different
values for the model parameters using the trial-
and-error method, the optimal value of these
parameters can be determined. After the
optimal parameters were determined, the first
and second models were developed by the
support vector machine and naive Bayes
classifier along with initial data, respectively.
2.6. Development  of  Prediction
Models by Balancing the Data using a
Random Method
As suggested in the literature review, one way
to improve the accuracy of accident prediction
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models was to balance the data. The total data
from this study amounted to 16122 data, of
which 2484 data pertained to fatal accidents
and 13638 to injury accidents. To balance the
data, injury accident data were separated, and
2484 data were selected quite randomly. The
selected data were integrated with the fatal
data, and a new dataset was created. Using the
method described in Section 2-4, the third and
fourth models for crash prediction were
developed using a support vector machine and
naive Bayes classifier along with developed
data.

2.7. Development  of  Prediction

Models by Balancing the Data using

the Clustering Method

2.7.1. K-Means Clustering Method
Data mining is aimed to analyze data to arrive
at meaningful patterns and rules. The issues
data mining delves into are divided into two
categories. The first category includes data that
have an output variable, i.e., the goal is to
predict the output variable using the input
variable. In the second category, however,
there is no output variable, and the goal is to
classify the data based on their similarity. The
k-means method also tries to divide the data
into various clusters, with the data of each
class being highly similar to each other and the
data of the other classes being different from
each other [Likas et al. 2003, Sinaga et al.
2020].

2.7.2. Metaheuristic Particle

Swarm Algorithm
The particle swarm optimization method was
proposed by James Kennedy and Russell in
1995 [Wang et al. 2018]. They initially aimed
to use existing social models and relations to
create a type of computational intelligence.
Their research led to the creation of a robust
algorithm. This method has been adopted from
the collective action of swarms of animals such
as birds and fish. In this algorithm, there are a
number of creatures which are called particles
scattered in the search space. The objective
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function of each particle in a location in the
space where it is located is calculated. Then,
the information of the current location and of
the best location the particle was previously in,
as well as the information from one or more
particles of the best particles, are combined to
select a direction for movement. After the
collective movement, an iteration of the
algorithm ends, and these steps are repeated to
gain the optimal answer [Yang, 2007]. Figure
(1) shows the flowchart of the study steps.

Figure 1. Flowchart of study steps

2.7.3. Metaheuristic Genetic

Algorithm (GA)
The genetic algorithm is one of the most
conventional and oldest metaheuristic methods
proposed by John Holland in 1976 [Holland,
1992]. This algorithm is one of the
evolutionary algorithms inspired by nature. It
is thus an algorithm that frequently changes the

generated population to find the optimal
answer, with the changes known as evolution.
In each iteration of this evolution, two
members of the population are selected as
parents who produce children for the next
generation. This algorithm can be used to solve
high-complex optimization problems.
The genetic algorithm steps are as follows

Step 1: Generating an initial population

Step 2: Selecting the parents; performing

crossover, and producing a population of

children

Step 3: Selecting the parents; performing the

mutation, and generating the mutant

population

Step 4: Selecting members of the new main

population from among the main population,

children, and mutants

Step 5: If the end conditions are not met, step

2, otherwise step 6 is considered.

Step 6: end
In step 4, after crossover and mutation
operations are performed in each iteration,
there will be three new classes of the
population, which are the initial population,
the crossover-generated population, and the
mutation-generated population. To begin the
next iteration, the algorithm must select from
the total population as much as the size of the
initial population. For this, the three
populations generated are evaluated according
to the objective function, with the members
having a better answer selected according to
the number of the initial population and the
rest of the total population removed [Mirjalili,
2019, Whitley, 1994].
Where xiis a member vector d and Mj a vector
of the j"center of the cluster (centroid)
coordinates which is member d, and Kk is the
number of clusters intended. Here, the
objective function and decision variables are
defined according to Equations (7) and (8).

 =Minimize " mind(x,m,), 1< j <k 7
i=1

DV =kxd (8)
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Where f is the objective function, d (x;, m;) is
the distance between the i" data to the j"
cluster, and DV is the number of problem
decision variables.

2.7.4. Clustering-Based under-

Sampling Method
Yen and Lee [Yen et al. 2009] provided a
clustering-based under-sampling method in
2009. They concluded that clustering could
balance the data set. To this end, if the total
number of samples in the total data
(imbalanced data) equals N, which includes the
samples of the majority class (MA) and those
of the minority class (MI), the size of MA is
represented by Sizema and the size of Ml by
Sizem. It is clear that in the imbalanced
dataset, Sizemais larger than Sizemi. In this
method, the data are first divided into 4
clusters based on the clustering methods
mentioned. Each cluster will involve a number
of majority class and a number of the minority
class. For example, the number of majority
class samples and of minority class samples in
the i cluster (i is a number between 1 and k)
are represented by Sizelwa and Sizelw,
respectively. M is also the balance ratio
between the minority class and the majority
class, which has the value of 1 in this study.
The number of samples selected from the
majority class in the " cluster can be
calculated from the following Equation.

SSizel, = (M x Sizey, )x— 2o/ S

> Size},, / Sizey, ©)

Using Equation (9), the number of data
selected from the majority class in each cluster
can be measured. In this study, Equation (9)
was used to select a specific number of injury
classes from each of the 4 clusters, and the
data were then balanced.
2.8. Evaluating the Accuracy of the
Developed Models
In problems where the output variable is
classified, the accuracy of the models is
evaluated by various indicators. The following
should be explained:
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True Positive (TP): The outcome of a fatal
accident in an accident that is truly fatal in
nature.

False Positive (FP): The outcome of a fatal
(unnatural) accident in an accident that is truly
injury in nature.

False Negative (FN): The outcome of an
injury accident in an accident that is truly fatal
in nature.

True Negative (TN): The outcome of an
injury accident in an accident that is truly
injury in nature.

The accuracy and error of the models
developed in this study can be measured from
equations (10) to (14).

Accuracy = % (120)
N t

Sensitivity = " ffn (1)

Specificity = mi—”fp (12)

FPR = ip 5 (13)
.. t

Precision: i f P (14)

3. Results

This section first provides the results from
meta-heuristic  genetic  optimization and
particle swarm algorithms for the development
of clustering methods. Then, the results from
the prediction models using different machine
learning and data balancing methods are
presented. After the best prediction model is
introduced, sensitivity analysis will be
performed on it, and the sensitivity of input
variables on the severity of accidents be
examined.

3.1. Results from Genetic

Optimization and Particle Swarm

Methods for Clustering
The two clustering methods having been
developed by two intelligent genetic
optimization and particle swarm methods; the
method that makes the clustering better is
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selected. As previously shown in Equation (7),
the goal is to minimize the distance between
the members of the cluster. If the cost function
of each method (genetic or particle swarm
methods) is lower, it suggests its better
performance in clustering. Figure (2)
demonstrates the cost from each method as
plotted by the number of iterations of the
algorithm.

4
Costs \
1] =

Number of iterations

A) Genetic method

Costs \'

| —

M
0 10 00 30 4 00 600 0 s 00 1000

Number of iteration
B) Particle swarm method

Figure 2. Results of meta-heuristic optimization
methods to develop clustering method

Figure (2) shows that the objective function
(cost) decreases with increasing the number of
repetitions, indicating it is nearing the optimal
answer. After 1000 iterations, the cost function
of the genetic algorithm is seen to have
decreased than that of the particle swarm
algorithm, showing the better performance of
the former algorithm in clustering. Thus, this
study used the genetic algorithm for clustering,
while under-sampling and clustering methods

were based on a) Genetics b) Particle swarm
methods to balance the data.

3.2. Results from Accident Prediction

Models using Machine Learning
In general, in this study, eight severity of
accident prediction models were developed
using three support vector machines and naive
Bayes classification methods as well as four
classes of balanced and imbalanced data sets,
with the results in terms of training and testing
data are given in Tables (2) and (3). Initially,
the first, second, and third prediction models of
the severity of accidents were developed based
on initial (imbalanced) data, with all data
predicted as relating to injury accidents in both
models of training and testing data. Since fatal
accidents accounted for 17% of the data, the
model decided to predict all the data pertaining
to injury accidents to reduce the error rate,
while this study aimed to accurately predict
fatal and injury accident data. In other words,
the accuracy of the first, ninth and second
models is generally good but has a very low
validity due to failure to predict fatal data. To
address the problem and to have the model
accurately predict fatal crashes, various
dimension reduction methods were proposed.
The third, tenth, and fourth models were
developed based on the random method, and
the data were balanced. Although other
parameters had lower accuracy compared to
the first, ninth and second models, the models
managed to differentiate injury data from fatal
data, though with low accuracy. The fifth,
eleventh and sixth models had better accuracy,
with the genetic algorithms demonstrating the
best performance for clustering and
development of the seventh, twelfth and eighth
models. In general, support vector machine
models also performed better than the naive
Bayes and random forest classifier and enjoyed
better accuracy. Thus, the seventh model was
found to be the superior model of this study.

International Journal of Transportation Engineering,

Vol. 10/ No.3/ (39) Winter 2022



Abbas Rouhi Mashhadsari, Gholamali Behzadi

Table 2. Evaluation of the accuracy of training data-developed models

Method Data Model Name Specificity sensitivity Accuracy
Imbalanced First 1 0 0.83
SUM Balanced (random) Third 0.67 0.66 0.66
Balanced (k-means) Fifth 1 0.82 0.90
Balanced (genetic) Seventh 1 0.93 0.96
Imbalanced Ninth 1 0.02 0.83
RF Balanced (random) Tenth 0.65 0.65 0.65
Balanced (k-means) Eleventh 0.97 0.81 0.89
Balanced (genetic) Twelfth 1 0.92 0.95
Imbalanced Second 1 0 0.83
Naive Bayes Balanced (random) Fourth 0.67 0.58 0.58
Balanced (k-means) Sixth 0.99 0.75 0.75
Balanced (genetic) Eighth 1 0.92 0.91
Table 3. Evaluation of the accuracy of testing data-developed models
Method Data Model Name  Specificity  sensitivity =~ Accuracy
Imbalanced First 1 0 0.83
SUM Balanced (random) Third 0.74 0.71 0.71
Balanced (k-means) Fifth 0.99 0.86 0.92
Balanced (genetic) Seventh 1 0.97 0.98
Imbalanced Ninth 1 0.01 0.82
RE Balanced (random) Tenth 0.61 0.61 0.61
Balanced (k-means) Eleventh 0.93 0.75 0.83
Balanced (genetic) Twelfth 1 0.86 0.92
Imbalanced Second 1 0 0.83
Naive Bayes Balanced (random) Fourth 0.68 0.59 0.63
Balanced (k-means) Sixth 1 0.75 0.86
Balanced (genetic) Eighth 1 0.91 0.95

After the eight prediction models on the
severity of accidents were evaluated, it was
concluded that the seventh model, i.e., the
support vector machine-based prediction
model, used the data balanced by the meta-
heuristic genetic optimization algorithm to
yield the best performance.

4, Sensitivity Analysis

Because machine learning techniques serve as
a black box and do not provide a relationship
between input and output variables, sensitivity
analysis on input variables can make up for
this weakness. For this purpose, the best model
for predicting the severity of accidents, which
uses supported vector machine method data
balanced by the meta-heuristic genetic
algorithm, was selected to examine the effect
of input variables on the severity of accidents.
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For example, if the goal is to examine the type
of roads on the severity of accidents, the rest of
the available data variables are assumed to be
constant, with the variable of the type of road
examined at different speeds. Sensitivity
analysis results are given in Tables (4). As
seen, the percentage of fatal accidents under
different conditions has risen with increasing
speed levels. Variables of the type of highway
and freeway showed the highest number of
fatal accidents with rising speed. Highway
fatalities can be reduced by about 10% if
measures are taken to get the speed limit to an
average level. Also, concerning road
characteristics, arcs are said to increase fatal
accidents at high speeds, and if speed limits are
reduced to a medium level before the arcs,
fatal accidents will decrease by about 10%.
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Reducing two-way roads could reduce head-on
collisions as 14% of fatal accidents can be

accuracy of SVM method for data balanced
with random, k-means and genetic algorithm

avoided.
Table 4. Variations of the percentage of fatal

methods are equal to 0.71, 0.92, and 0.98
respectively.

accidents * The support vector machine method had
Main Secondary Low  Medium High greater  accuracy than the  Bayes
variables variables  speed speed speed classification and random forest methods,
Freeway  -2.7 -13 119 and the model developed by the support
H'g_hway or 3 13.2 vector machine was found to be the best
Typeofroads Mainroad -18 09 28 model presented in this study as it used data
rural road -3.8 -2 3.9 . .
Secondary 31 04 a1 balanced by the genetic a_lg_orlthm meth_od.
Arc 07 47 115 Here, the accuracy of training and testing
Intersection 2.8 05 13 data was 0.98 and 0.96, respectively.
Road . TArR - e According to the results of sensitivity
characteristics . ion &1 14 6.6 analysis, the probability of fatal accidents
Straight 27 06 52 was much higher when two vehicles were
Head-on 08 46 13.6 involved than one single vehicle.
Front  to 33 13 117 * According to sensitivity analysis, the
back probability of fatal accidents at high speeds
Type of _Rollover -33  -05 4.4 in the arc was about three times that of the
collision Lateral straight roads, which could be decreased by
barrier 21 -16 5.8 taking measures to reduce the speed limits.
collision « Highway, arc, and head-on variables were
Scljﬁsion 3.7 2.2 -1.6 the most critical variables causing fatal

crashes at high speeds according to
sensitivity analysis.
Future Research

5. Conclusion

This study used three machine learning 6.
methods of naive Bayes classifier, random
forest, and support vector machine to predict
accidents. Also, various methods of data
balancing, including the random method,
clustering-based methods such as the k-means
method, and intelligent genetic optimization,
and particle swarm methods, were evaluated.
In general, the following conclusions can be
learned from this study.
» Generally speaking, the accuracy of the
models developed for handling balanced data
was greater than that of models developed
with raw data because machine learning
models ignored injury crashes in raw data.
* With regards to the data balancing
methods, the meta-heuristic optimization
methods had a better performance than the
random and k-means methods because the

Although in this study an attempt has been
made to build a comprehensive road crash
severity prediction model with a machine
learning approach, but it is suggested that
parameters such as different weather
conditions, topographies, human behaviors and
among others in each geographical area in
future studies.

Also, the effect of roadside condition variable
along with the variables expressed in this study
on crash severity can be an interesting topic for
future studies.

In addition, it can be interesting to study the
over-sampling methods and compare them
with the method presented in this study.
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