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Abstract: In recent decades, Jordan has
experienced significant population and urban
development growth, which has been associated
with a surge in traffic accidents and their negative
impacts on individuals, properties, and the local
economy. Trucks are more likely to be involved in
fatal accidents due to a combination of factors,
including driver behavior, traffic conditions,
highway characteristics, and environmental
conditions. Thus, the factors affecting the accident
risk rate among truck drivers in Jordan have been
studied, along with the ability to predict the number
of accidents and the number of fatalities that the
driver could contribute to their career as a truck
driver. The results show that the proposed feature
selection methodology successfully chooses the
significant factors that affect the accident risk rate,
indicating that the driver’s behaviors and fatigue-
related features affect the type and severity of truck
accidents. The results show that using the
overbalancing technique (SMOTE) enhances the
prediction models' accuracy and decreases the false
positives among minor classes as follows: The
prediction models can predict the potential of the
driver’s involvement in an accident with an accuracy
of 84.5% using balanced data compared to 75.4%
using imbalanced data; the number of accidents
with an accuracy of 85.5% using balanced data
compared to 69.7 % using imbalanced data; and the
number of fatalities with an accuracy of 85.6% using
balanced data compared to 78.5 % using imbalanced
data set.
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1. INTRODUCTION

Traffic accidents in Jordan, including truck
accidents, have posed a significant concern.
Statistics released by the Directorate of Public
Security (Traffic Management Department) for
2022 indicated a noticeable increment in the
number of vehicles, where vehicle per person
increased from one vehicle for every 69 people
in 1970 to one vehicle for every six people in
2022 [1]. Thus, the type and rate of traffic
accidents were impacted; the annual increase in
the number of injury accidents amounted to 1.1
percent for the years from 2018 to 2022 per 10
thousand registered vehicles, and the yearly
growth of the same period in the number of
injures amounted to 0.5 percent per 10
thousand registered vehicles, traffic accidents
contributed to raising the cost of accidents with
an annual increase rate of 0.9 percent for the
years 2018-2022 [1]. The increase in registered
vehicles in Jordan has affected the repetition
Rate of Road Traffic Accidents (RRTA),
averaging 30.8 RRTA daily in 2021. The
economic implications associated with RRTA in
Jordan have grown significantly, with an
estimated cost of 2.2 billion U.S. dollars, which
amounted to RRTA from 2017-2021 [2].
Numerous factors affect the likelihood of
accidents, including human factors such as
reckless driving  behaviors, violations
associated with speeding, and distracted
driving while using a smartphone [3-6]; severe
weather conditions (dust, snow, and heavy
rain); road conditions; road lighting levels;
unprepared vehicles; and insufficient traffic
laws [3-4, 7]. RRTA prediction could be sorted
into several categories to cover all aspects
related to RRTA [8], including RRTA risk
prediction (which involves predicting the
likelihood of traffic accident occurrence), RRTA
frequency prediction (which consists of
estimating the number of accidents within a
specified period of time), and RRTA severity
prediction (which involves predicting how
severe the accident might be regarded to the
number of fatalities and injuries). There are

various techniques for traffic accident analysis
and all RRTA prediction types mentioned
above. These include machine-learning
techniques such as Random Forest (RF),
Support Vector Machine (SVM), and Gradient
Boosting Machines (GBM) [9-12]; Deep
learning techniques, for example,
Convolutional Neural Networks (CNNs) and
Recurrent Neural Networks (RNNs) [13-15];
statistical modeling such as the use of
regression models and Poisson process [16-18].
Utilizing machine learning techniques for
RRTA prediction has been effective. Studies
conducted in Jordan have utilized ANN and
SVM for RRTA prediction and classification
[19-21]. Ordinal regression models have been
utilized to assess the magnitude of accidents,
considering weather conditions, road surface,
speed limit, and illumination levels [22].
Additionally, machine learning techniques can
be leveraged to examine crash datasets and
identify the factors contributing to accidents
and injuries. These studies offer valuable
insights for formulating strategies to mitigate
traffic accidents in Jordan, including
identifying high-intensity accident-prone areas
and implementing preventive measures.
Machine learning techniques have been used
worldwide for traffic accident prediction. Siam
et al. [23] investigated different machine-
learning techniques for traffic accident and
severity prediction in Bangladesh. The results
were generated using a decision tree (C5). A
team from Concordia University [9] studied
traffic accidents in Montreal using Random
Forest (RF), Balanced Random Forest (BRF),
and XG boost algorithms from three open
datasets. Those models successfully predicted
85% of Montreal’s accidents. Lin et al. [24]
investigated using different machine learning
algorithms (RF, Bayesian network, K-nearest
neighbor). The best model prediction accuracy
was 61%. Chang and Chen [25] used a CART
(classification and regression trees) model to
predict the number of accidents in Taiwan with
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55% accuracy. However, none of the studies in
the literature addressed truck accidents as a
separate part of the work to determine the
factors that may increase the percentage of
accidents among truck drivers whose accidents
are more severe compared to other vehicle
classes. Therefore, in this study, the factors
affecting the number of traffic accidents and
their severity within the category of truck
drivers in Jordan were studied to make this
study a guide for the decision-makers and the
employed sector of truck drivers that the road
freight sector in Jordan depends on the most.
2. DATA COLLECTION AND STUDY
AREA

Since there is no database to assess the factors
that affect the crash rate among truck drivers in
Jordan, the author formulated the Driver
Behavior Questionnaire (DBQ) based on the
literature to collect essential data needed to
evaluate the relation between a truck’s crash
rate and driver behavior. Twenty-four
questions were included in the questionnaire
and categorized into three sections. The
covered sections are demographic and job-
related characteristics, driver behavior, and
accident-related features (the accident’s nature
includes any operational vehicle rolling on the
road, pedestrians, fixed objects, and
properties). The driver behavior section covers
all the distractions that might affect the driver
while in operation, including drug use, in-
vehicle distractions (music, texting, eating,
etc.), and speeding. The questionnaires were
distributed to 988 truck drivers in their
gathering spaces and parking lot along Desert
Highway (male drivers since it is not common
for female drivers to work in such a job). The
survey was conducted between October 2019
and January 2020 in three provinces (Karak,
Ma’an, and Aqaba). The trucks that participated
in the questionnaire included 2-axle
commercial vehicles (5%), 3-axle vehicles (10
%), 4-axle vehicles (16%), 5-axle vehicles
(29.5%), and six or more axle vehicles (39.5%).
Despite that, all drivers who contributed to the
study’s questionnaire were located in the
provinces mentioned above along Highway 15
(desert highway), which is considered the
backbone of freight transport between Amman
and the only port in Jordan located in Aqaba
province, and for external imports and exports
with Arab Gulf Countries via Saudi Arabia; the
drivers descend from different regions in
Jordan: North region: 22%, Central region:
37%, South region: 41%.

3.DBQ OUTPUT

The analysis of DBQ output was done using a
statistical  analysis program. Table 1
summarizes the most essential questions

reflecting demographic and trip characteristics.
From Table 1, some demographic data
questions include age, driver height, and weight
to study the effect of Body Mass Index (BMI) on
the crash rate, total years of experience, and
monthly gross income. However, the trip-
related characteristics include average sleeping
hours before travel, maximum travel hours, and
distance for a one-way trip. It can be seen from
Table 1 that the majority of truck drivers are
between 30 and 50 years old, with an average of
590%, and average weights between 70 and 90
kg. Furthermore, most truck drivers have 5-10
years of experience, which accounts for 32% of
the total drivers, but at the same time, only 3%
receive income that is more significant than
1000 JOD. About pre-travel preparations, it is
noted that the majority of sleep hours is more
than 8 hours before traveling, with an average
of 44%. Moreover, most drivers drive
continuously for more than 6 hours, as they
cover a distance of more than 300 km for one
trip at a rate of 81%. Table 2 summarizes the
essential practices that a truck driver may
practice in Jordan, including distractions while
driving. These include eating, smoking, using
the phone, listening to the radio, taking steroids
and medications for chronic diseases,
accompanying the driver, and talking to him
while driving. The degree of repetition of the
practice was divided into four categories. Table
3 shows the type of damage caused by
accidents, which can be classified as property
damage only (PDO), injuries, fatalities, or a
combination of accident classes. Furthermore,
Table 3 summarizes the number of accidents
that the driver anticipated while working as a
truck driver and the causes of the accidents.
From Table 3, it is evident that most of the
damages occurred because of property damages
(material), and 84% of total respondents have
been involved in one accident at least. This
reflects the enormous number of accidents in
Jordan, which has already suffered from a high
rate and severity of accidents compared to
surrounding countries [1]. Moreover, excessive
speeding and poor road geometry design are
regarded as the most common causes of
accidents among truck drivers, with
percentages of contributions of 28% and 17%,
respectively. Although most drivers have been
involved in at least one accident, it does not
reflect the severity of these accidents only by
determining the number of injuries and
fatalities for each accident. Table 3 shows the
fatalities among those involved in total
accidents per driver. The maximum number of
deaths was two, with 5.9% among total fatalities
compared to 9.5% for one fatality.
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Table 1 Demographic data and trip-related characteristics (experience, income, travel distance, and

travel time).

18-30 31-40 41-50 > 50
Age (year) 23% 29% 30% 18%
. <70 70-90 91-110 > 110
Weight (kg) 31% 48% 17% 4%
Height (cm) 160-175 176490
. <5 5-10 11-15 > 15
Year Of Experience 17% 29% 20% 31%
<4 4-6 6-8 >8
Avg Sleep hours % 7% 30% 44%
Monthly Income < 500 500-750 751-1000 > 1000
(JOD) 33% 49% 15% 3%
5 0. <4 4-6 6-8 >8
Continuous Driving Hours 30% 26% 38% 6%
Maximum Distance for a one-way trip <100 100-200 201-300 301-400 > 400
(km) 2% 7% 12% 49% 32%
Table 2 Driver behavior while driving.
Practice Never Sometimes Frequently Always
Eating 23% 39% 20% 18%
Smoking 10% 10% 20% 60%
Radio 8% 34% 23% 35%
Having a companion during travel 31% 44% 21% 4%
Using Phone 25% 24% 39% 12%
Taking steroids 71% 23% 4% 2%
Medicines 84% 10% 4% 2%
Sleeping 92% 6% 2% 0%
Driving within the posted speed 6% 24% 36% 34%
Table 3 Truck accident type, accident causes, and total numbers of accidents.
Accident Property damage Property ~ Property fle}mage, Property damgge, Injuries Never
Consequences only (PDO) damage, injuries Fatalities injuries, Fatalities
q 40% 17% 16% 6% 5% 16%
Lack of Poor road desien Excessive Vehicle weather Wrong
concentration & speeding Malfunction  conditions direction
Causes of The 8% 17% 28% 6% 7% 2%
Accident Human error Lack of sleep  number of lanes Health never  Poor lighting
problems
11% 6% 1% 2% 10% 2%
Total Number of 0 1-2 3-4 5-6 >6
Accidents 16% 48% 12% 9% 15%
4.ACCIDENT RISK PREDICTION The data distribution for accident involvement,

MODELS

One of the main objectives of this study is to
evaluate the probability of involving a truck
driver in an accident and select the most
significant attributes affecting the accident
involvement by a truck driver. This study used
a database to construct a classification model to
predict the probability of participating in an
accident. Two target classes: (Yes: involved in
an accident, No: not involved in an accident),
the number of possible accidents (Three target
classes: A: No accidents, B: 1-3 accidents, and
C: >4 accidents), as well as the number of
fatalities caused by accidents (Two target
classes: a: Fatal accident, and b: Not fatal
accident). Waikato Environment for
Knowledge Analysis (WEKA) software is widely
used in machine learning and data, and it was
established in Java at the University of
Waikato, New Zealand [26]. WEKA software
used to select attributes and construct a
classification model. The dataset is divided into
a training and validation set (67% of the data)
and a test set (33%), randomly selected
instances.

number of accidents, and number of fatalities
from each accident indicated imbalanced data
for multi-class prediction. To handle the
imbalanced data, the Synthetic Minority Over-
sampling Technique (SMOTE)was used to
generate positive instances to balance the data.
SMOTE was widely applied for imbalanced data
and gave Dbetter results than simple
oversampling [27]. Meanwhile, the imbalanced
data set results were tested for the three
prediction approaches.

4.1.Feature Selection Study

The feature selection study was conducted
using the ranker search method in the attribute
evaluator (InfoGainAttributeEval) by WEKA
software. This method evaluates the worth of
an attribute by measuring the information
gained concerning the class. The information
gain (IG) values vary from o (no information)
to 1 (maximum information), which means the
features with high information gain close to 1
will contribute the most to class prediction. In
contrast, the features with low information gain
close to 0 can be excluded based on appropriate
arbitrary cutoff values. The cutoff values are
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determined using the standard deviation of the
IG values for all features in each prediction
model [28]. All the instances associated with
accident causes and damage types have been
excluded since they are correlated with the
target classes for all prediction models. This
highlights the importance of driver behavior
and demographic and job-related instances in
determining prediction models' performance.
Figures 1(a), 2(a), and 3(a) show the
information gain values using the proposed
selection methodology. They use an imbalanced
data set to predict accident involvement,
number of accidents, and number of fatalities
using the following cutoff values: 0.025 for
accident involvement, 0.04 for the number of
accidents, and 0.03 for the number of fatalities,
respectively. Also, Figures 1(b), 2(b), and 3(b)
show the information gain values using the
balanced data set using SMOTE for accident
involvement, number of accidents, and number
of fatalities, respectively. The cutoff values
using balanced data are as follows: 0.1 for
accident involvement, 0.15 for the number of
accidents, and 0.1 for the number of fatalities.
Figures 1, 2, and 3 show that the information
gain values using the balanced data set are
higher than those generated using the
imbalanced dataset. This will be reflected in the
accuracy of all prediction models and the risk

factor analysis. Fig. 1 (a) shows that the driver's
behavior features (Eating, smoking, listening to
the radio) contribute to predicting if the driver
is involved in an accident, in addition to the
maximum distance and driving within the
posted speed. However, the information gain
values are considerably low. Thus, the factor
risk analysis affecting the accident involvement
of truck drivers will be concluded using a
balanced data set. Fig. 1 (b) explains the
importance of the features affecting the driver’s
fatigue in predicting the accident potential,
such as (maximum distance traveled, age, and
average number of sleep hours). Fig.1 (b) also
shows the impact of the driver's behavior
(eating and smoking while driving) on the
involvement in the accident. Fig. 2 (a) shows
the effects of driver’s behavior on predicting the
number of accidents using an imbalanced data
set, including eating, listening to the radio,
using a phone, speeding, and smoking. Fig. 2
(b) summarizes the most significant features
affecting the number of accident predictions
using a balanced data set. Fig. 2 (b) shows that
the features related to distractions during
driving are still compelling (eating, using a
phone, listening to the radio). In contrast, age
and monthly income features remarkably
correlate to the number of accidents in target
classes.

0.06
0.048

£ 0.05
©
Q 0.04 0.034 0037
s : 0.029 0.026
= 0.03 :
(5]
)
o
Y
£ 0.01

0

Eating while  Smoking while Driving within ~ Music while Maximum
driving driving the specified sp driving frequency of
one-way di
Attribute
(a)
0.2 0.179

£
© 0.135
o 0.15
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S
£

0

Eating while driving Having a Smoking while Age
companion during driving
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Fig. 1 Information Gain Values for Features Affecting Accident Involvement Prediction Using (a)
Imbalanced Data Set and (b) Balanced Data Set.
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Fig. 2 Information Gain Values for Features Affecting the Number of Accidents Prediction Using (a)
Imbalanced Data Set and (b) Balanced Data Set.

Figures 3 (a) and 3 (b) show that distractions
(chatting with a trip companion, eating) are
significant in predicting fatalities from both
imbalanced and balanced datasets. Also, the
age feature affects the fatality prediction using
a balanced data set, as shown in Fig. 3 (b).
Figures 1 (b), 2(b), and 3(b) show that the
driver's behavior while driving is significant in
both the quantity and severity of truck
accidents, in addition to fatigue-related
features (maximum traveled distance, average
sleeping hours, age).

4.2.Prediction Results

The experimental procedures are listed below.
In this section, prediction models were
constructed using the WEKA software
classification tool for the involvement of truck
drivers in accidents, the number of accidents,
and the number of expected fatalities from an
accident. All models were built using the

features from the proposed feature selection
methodology, as shown in Figures 1, 2, and 3,
for both imbalanced and balanced datasets. For
accident involvement classification, the
reduced imbalanced dataset was used in 663
configurations using Auto-Weka to define the
best classifier based on the error rate. Based on
the training dataset, the Classifier Decision
Table is the most accurate classifier, with an
average accuracy of 75.4 % (percentage of
correctly predicted classes among all classes).
Table 4 (a) shows the confusion matrix of the
predicted class versus the actual class for the
33% test set. Table 4 (b) shows the confusion
matrix for the balanced dataset, which was also
used in 820 configurations to define the best
classifier using the reduced dataset. The
Random forest classifier was the most accurate
classifier, with an average accuracy of 84.5%.
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Fig. 3 Information Gain Values for Features Affecting the Number of Fatalities Prediction Using (a)
Imbalanced Data Set and (b) Balanced Data Set.

Table 4 Confusion Matrix for Accident
Involvement Prediction Using (a) Imbalanced
Dataset and (b) Balanced Dataset.

TPR FNR
Yes No
Yes 48 81.9% 18.1%
No - 46.7% 53.3%
(a)
TPR FNR
Yes No
Yes P 85.1% 14.9%
No - 83.9% 16.1%
(b)

To define the best classifier based on the error
rate for the number of possible accidents, 678
configurations were used to find the best
classifier. Classifier Random Subspace was the
most accurate classifier based on the training
dataset, with an average accuracy of 69.7%.
Table 5 (a) shows the confusion matrix of the
predicted class for the number of accidents

versus the actual class for the 33% test set. The
results from the balanced data set show that the
Naive Bayes classifier is the best classifier for
predicting the number of accidents with an
average accuracy of 85.5%, as shown in Table 5
(b).

Table 5 Confusion Matrix for the Number of
Accidents Prediction Using (a) Imbalanced
Dataset and (b) Balanced Dataset.

B C TPR

FNR

A
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To predict the number of fatalities, the reduced
dataset has been used in 821 configurations
using Auto-Weka to define the best classifier
based on the error rate. Classifier OneR is the
best classifier based on the training dataset,
with an average accuracy of 78.5%. Table 6 (a)
shows the confusion matrix of the predicted
number of fatalities classes versus the actual
class for the 33% test set. The results from the
oversampled data set show that the IBK
classifier is the most accurate classifier for
predicting the number of fatalities, with an
average accuracy of 85.6%, as shown in Table 6
(b).

Table 6 Confusion Matrix for the Number of
Fatalities Prediction Using (a) Imbalanced

Dataset and (b) Balanced Dataset.
TPR FNR

a b
a 298 G 83.1% 16.9%
2 28 53.8% 46.2%
(a)
a b TPR FNR
a 187 o 84.2% 15.8%
o 183 87.1% 12.9%
(b)

Further discussion could be made based on the
confusion matrix tables for all models. The
model’s accuracy is not the only criterion for
measuring the effectiveness of any classifier.
Thus, it is essential to take into account the
source of the error inside each model based on
the target class size. This can be executed using
False Negative Rates (FNR) for each target
class, which is the percentage of incorrectly
predicted instances over all instances for each
actual target class. On the other hand, True
Positive Rates (TPR) determine the percentage
of correctly classified instances. Table 4 (a)
shows that class (NO) is the minor class for
accident involvement prediction using the
imbalanced data set. The FNR value was 53.3 %,
which decreased to 16.1% due to SMOTE, as
shown in Table 4 (b). As for the number of
accidents, the target classes (A) and (C) were
the minor classes with FNR values of 38.5% and
37.7%, respectively, as shown in Table 5 (a).
Using the balanced dataset, these values
decreased to 15.9% for class (A) and 14.9% for
class(C). In addition, the value of FNR for the
number of fatalities decreased for the minor
class (b) from 46.2% to 12.9% after applying the
oversampling technique, as shown in Table 6.
In summary, the results from Tables 4, 5, and 6
show that using SMOTE has an advantage over
the results from an imbalanced dataset
regarding the accuracy and FNR and TPR
values.

5.CONCLUSION

This research developed a model for predicting
accident severity for truck drivers in Jordan,
including the probability of the driver’s

involvement in an accident, the number of

potential accidents, and the number of

fatalities. Also, factors affecting the accident
severity among truck drivers are discussed. The
conclusions of this paper are:

1) The features selected from the balanced
dataset have higher information gain scores
than those selected using the imbalanced
dataset.

2) The driver’s driving behaviors, such as
eating, smoking, using phones, listening to
the radio, and chatting, affected the
number of accidents and their severity rate.

3) The fatigue-related features (average sleep
hour, age) significantly impacted the
accuracy of the prediction models.

4) The results showed that developing
prediction models using balanced datasets
had an advantage over the results from
imbalanced datasets regarding accuracy
and FNR values.

5) The best classifiers for prediction models
were the Random Forest for accident
involvement, with an average accuracy of
84.5%; the Naive Bayes classifier for the
number of accidents, with an average
accuracy of 85.5%; and the IBK classifier
for predicting the number of fatalities, with
an average accuracy of 85.6%.

The approach introduced in this study,

including feature selection methodology and

prediction models, could be implemented for
crash risk analysis and prediction for different
vehicle categories.

6.LIMITATIONS

This study contained several limitations as

follows:

e According to the Performance indicators,
passengers, and cargo report (second
quarter\2024) issued by LTRC (Land
Transport Regulatory Commission) [29],
the percentage of trucks owned by
individuals is 74.4% and only 25.6% as a
company's fleet. One of the significant
limitations is that the trucks are mainly
owned by individuals, which means less
database about drivers through organized
companies, considering that some
employees considered the questionnaires a
violation of their privacy.

e The proposed methodology used SMOTE to
balance the dataset, which might contain
some overfitting. However, SMOTE is
considered less vulnerable to overfitting
than other balancing data techniques
because SMOTE generates new synthetic
samples instead of original data
duplication. Also, the result showed better
accuracy after applying SMOTE, which
reduced the likelihood of overfitting.
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