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Abstract— Data mining techniques constitute an alternative
approach that has received increasing attention from
researchers in recent years in road safety analysis field. In this
paper Bayesian networks were used to develop models in order
to identify factors that affect the injury severity of a crash
within urban areas based on traffic crashes data on Jordanian
roads collected for three years (2009-2011). The following
variables were found to have a significant effect on classifying
crashes according to their injury severity: lighting of roadway,
crash type, road type, crash manner, surface condition,
number of lanes, number of vehicles, gradient, type of
pavement, traffic control devices, and speed limit. The results
of this research can be used to determine the factors that
should be taken into consideration when designing a new
roadway or for improving safety of existing roads.
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I.

INTRODUCTION

One of the major problems that affect countries worldwide
are fatalities and severe injuries resulting from traffic
crashes, which negatively affect economies especially in low
and middle income countries. Attempts to understand the
reasons behind the occurrence of fatalities and severe injuries
were of utmost importance for safety analysts, and still there
are many reasons or causes of these outcomes yet to be
discovered [1]. According to World Health Organization
(WHO), crashes resulting in fatalities are estimated to be
1.25 million persons annually worldwide. As a result of road
these traffic crashes, 50 million people incur nonfatal injuries
each year. Cost of traffic accidents is estimated to be 518
billion US dollars representing (1-3%) of Gross Domestic
Product (GDP) worldwide [2].
In Jordan which is a middle income country with a
population of 9.531 million [3], 111057 traffic crashes
occurred in 2015 with 9712 crashes resulting in casualties
which resulted in 608 fatalities and 2021 sever injuries with
an estimated cost of 388 million US dollar [4].
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Crashes occurring in urban areas are considered to be more
dangerous than those occurring elsewhere, where the
probability of occurrence for highly severe or fatal injuries in
urban areas is eight times larger than slight or no injury; on
the other hand, fatal and severe injuries are 2.5 times more
probable to occur in rural areas than slight or no injuries [5].
Reference [6] compared crashes severity between inside and
outside urban areas. They found that factors affecting crashes
severity inside urban areas included young driver age,
bicyclists, intersections, and collision with fixed objects,
whereas factors affecting severity outside urban areas were
weather conditions, head-on and side collisions.
Data mining techniques are of the methods currently in use
by safety analysts and researchers due to their ability to deal
with large data bases. Some of the most used types of data
mining techniques are association rules [7], [8] and decision
trees [9], [10] in which they were both used to define the
circumstances under which crashes are more probable to
occur. One of the methods that is trending in analyzing the
severity of traffic crashes is Bayesian networks (BNs). One
of the first researchers to use BNs for the analysis of traffic
crashes severity was [11], where they proved that BNs is a
powerful method that could be used to analyze the traffic
crash records in order to find put the factors that causes a
specific injury. In an attempt to simplify the process of
analysis using BNs, [12] used data mining selection
algorithms that enables the researchers to limit the number of
variables used in their model by only modeling those
variables with the most significant effect on injury severity
of a traffic crash. Recently [13] used BNs to model traffic
crashes on Jordanian roads.
In this work, factors affecting injury severity of urban
crashes in Jordan are analyzed. For this purpose, BNs are
used to develop different models. Finally, the models

developed are compared, and the results for the best model
are illustrated and discussed.
II.

Methodology

In the imbalanced database, there were 13,725 slight injuries
and 3,090 fatalities and severe injuries which indicate that
the database was highly imbalanced.
TABLE I.

Traffic crashes database from Police Security Directorate
(PSD) was used to develop BNs models. According to [8]
and [13] a common problem that is encountered in crashes
databases is that they include fewer records for fatal and
severe injury crashes than for slight injury crashes in which
the database is then said to be imbalanced. A database is
considered to be imbalanced if one of the classes (minority
class) contains a much smaller number of instances than the
remaining class (majority class) [14]. This problem affects
learning from data process and results in high predictive
accuracy over the majority class, but poor predictive
accuracy over the minority class [15]. To deal with this
problem, oversampling methods could be used prior to
developing models, in which these methods are aimed at
balancing class populations through creating new samples
from the minority class and adding them to the database [14],
[16].
In this study, a balanced database was developed from the
imbalanced database using oversampling methods. Using the
balanced database, BNs were developed in order to analyze
injury severity of crashes occurring on urban Jordanian
roads. The developed models were compared to each other
using 10- folds cross validation method, where the database
was first divided into 10 subsets, nine were used to train the
model and the remaining one subset was used to test the
model. The process was repeated ten times and the average
was obtained. As a result, 9 models were developed and
compared.
A. Data
Historical crashes records over a period of 3 years (20092011) for crashes that occurred on urban roads in Jordan
were obtained from the (PSD) with a total of 16,815 crashes
excluding run-off-road crashes and property damage only
crashes.
Fourteen variables were used in analysis (Table 1), where
these variables were chosen based on previous studies in this
field [6], [17]. The included variables described the
prevailing conditions at the time of the occurrence of the
crash.
Based on previous research in this field [10], [13], [18], [19]
the injury severity was determined according to the level of
injury to the worst injured occupant. Two classes of injury
were used: slight injuries (SI) and fatality or severe injuries
(FS).

DESCRIPTION OF THE VARIABLES AND
CLASSIFICATION BY SEVERITY

Code:
Variable

Description

NOV: no. of vehicles

1 vehicle
2 vehicles
3 vehicles
4 vehicles

CT: Crash type

Animal
Static object
Thrown out
vehicle
Other
Motorcycle

CM: Crash manner

RT: Road type

NOL: Number of lanes

Roundabout
Head-on
Intersection
maneuver
rear-end
single vehicle
other
1 way
2 way divided
2 way undivided
other
1lane
2lanes
3lanes
4 lanes

ALI: Alignment

straight
curve

SL: Road gradient

upgrade
level
downgrade

PA: Pavement type

Asphalt
Concrete
other

SC: Surface condition

Ice or snow
Dry
Mud, sand or oil
Wet

ATM: adverse weather

Clear
Rain
Snow, storm wind, for or dust

LI: lighting

Dark
Daylight
Night good light
Night bad light
Other

TCD: Traffic control

SPL: speed limit

Flashing light
No control
Regulatory sign
Marking
Police
Police with traffic signal
Stop
Traffic signal

20
30
40
50
60
70
80
90
≥100

Accuracy 

B. Re-sampling techniques
According to [20] if the number of records in each class of
the target variable is not approximately equal, then the
database is said to be imbalanced.
In order to balance the class variable (injury severity) a resampling techniques was applied as a preprocessing step.
Weka's preprocess supervised filter [21] was used to
perform the re-sampling on the database. Synthetic minority
oversampling technique (SMOTE) was used which is a
heuristic method that creates a subset of the original dataset
by creating synthetic minority examples [22].
C. Bayesian networks
Let X={X1, . . . ,Xn}, n≥1 be a set of variables. BN over a
set of variables X is a network structure, which is a Directed
Acyclic Graph over X and a set of probability tables Bp =
{p(Xi|pa(Xi), Xi X)} where pa(Xi) is the set of parents or
antecedents of Xi in BN and i=(1,2,3,….,n). A BN
represents
joint
probability
distributions



X i X

p( X i pa( X i ) [23].

In this study, we used BNs in order to develop different
models and to compare their results in terms of their ability
to correctly classify crashes according to their injury
severity into either FS or SI. When building the models
using BNs, three search methods were used: hill climber,
hill climber algorithm restricted by an order on the variables
(K2) and simulated annealing search algorithm. Also, three
different score metrics functions were used: BDe score
metric (BDeu); Minimum Description Length (MDL); and
the Akaike Information Criterion (AIC).
D. Performance evaluation
In order to evaluate the performance of the different
developed models, using a confusion matrix the results of
correctly and incorrectly predicted records for each class are
illustrated. The performance measures used in this study
were accuracy, sensitivity, specificity. Their equations are
as follows:

TSI  TFS
TSI  FSI  TFS  FFS

(1)

Sensitivity 

TSI
TSI  FFS

(2)

Specificity 

TFS
TFS  FSI

(3)

Where,
TSI: the number of SI instances correctly classified
TFS: the number of FS instances correctly classified
FSI: the number of SI instances incorrectly classified
FFS: the number of FS instances incorrectly classified
Area under a Receiver Operating Characteristic (ROC)
curve is also used as a performance measure. ROC curve
represents the sensitivity against (1-specificity). ROC curves
are more useful as descriptors of overall performance,
reflected by the area under the curve, with a maximum of
one describing a perfect test and a ROC area of 0.50
describing a valueless test.
I.

DISCUSSION AND CONCLUSION

The original database included was highly imbalanced and
to solve this problem, a balanced database was developed
using oversampling methods. Table 2 describes both
balanced and imbalanced databases and shows that after
balancing the database the size of the FS class was increased
to be equal to that of the SI class.
TABLE II. NUMBER OF ACCIDENTS AND SEVERITY
DISTRIBUTION IN THE DIFFERENT DATASETS.
Database

Total

SI

FS

Original

16815

13725

3090

Oversampled

27450

13725

13752

As shown in Table 3, 9 models were developed and
comparing these models it is shown that the best results
were obtained by using simulated annealing search
algorithm with AIC score. This model had the largest values
obtained in terms of Accuracy, sensitivity and ROC Area
and hence will be used to analyze traffic crashes.

TABLE III. PERFORMANCE MEASURES RESULTS AS OBTAINED
USING DIFFERENT SEARCH ALGORITHMS WITH SCORES.

Simulated + AIC
Hillclimber + Bdeu
Hillclimber + MDL
Hillclimber + AIC
k2 + Bdeu
k2 + MDL
k2 + AIC
Simulated + Bdeu
Simulated + MDL
Simulated + AIC

0.020
0.010
0.010
0.010
0.010
0.010
0.010
0.010
0.010
0.010

In order to identify the variables that significantly affect
resulting injury severity outcome in a crash; BNs were
developed using simulated annealing search with AIC score.
Fig. 1 shows the relationships between injury severity (INJ)
and the rest of the variables as well as interdependences
amongst the different variables.
As illustrated in Fig.1, eleven variables had a direct arc with
INJ: no. of vehicles involved (NOV), crash type (CT), crash
manner (CM), road type (RT), number of lanes (NOL), road
gradient (SL), pavement type (PA), surface condition (SC),
speed limit (SPL), traffic control (TCD) and lighting (LI).
These variables were found to affect injury severity by
many researchers; where [13], [24], [25] found that road
condition and speed limit is directly related to injury

ALI

SL

ATM

SC

PA

NOV

NOL

SPL
TCD

0.030
0.030
0.030
0.020
0.010
0.030
0.020
0.010

RT

0.030
0.030
0.040
0.010
0.010
0.030
0.010
0.010
0.010

LI

0.084
0.089
0.091
0.077
0.080
0.082
0.079
0.079
0.088

CM

Accuracy
0.619
0.616
0.623
0.618
0.619
0.623
0.619
0.614
0.628
Sensitivity
0.620
0.620
0.610
0.640
0.640
0.590
0.640
0.640
0.650
Specificity
0.620
0.610
0.640
0.600
0.600
0.650
0.600
0.590
ROC Area
0.610
0.660
0.660
0.680
0.670
0.660
0.680
0.670
0.660
0.680

Standard
deviation ±

CT

Hillclimber + Bdeu
Hillclimber + MDL
Hillclimber + AIC
k2 + Bdeu
k2 + MDL
k2 + AIC
Simulated + Bdeu
Simulated + MDL
Simulated + AIC
Performance measure
Hillclimber + Bdeu
Hillclimber + MDL
Hillclimber + AIC
k2 + Bdeu
k2 + MDL
k2 + AIC
Simulated + Bdeu
Simulated + MDL
Simulated + AIC
Performance measure
Hillclimber + Bdeu
Hillclimber + MDL
Hillclimber + AIC
k2 + Bdeu
k2 + MDL
k2 + AIC
Simulated + Bdeu
Simulated + MDL

Measure value

INJ

Performance measure

severity. Type of crash was found to affect injury severity
by [6], [13], [11], [25] and most recently by [13], and [24].

Figure 1. BN model developed using simulated annealing search
algorithm with AIC score.

According to [25] and [26] the number of vehicles was
found to be significantly associated with the resulting injury
severity, while lighting was found to be significant by both
[11] and [27]. Ma et al. [27] found that road alignment was
one of the contributing variables that affect severity while
[6] showed that time at which the crash occurred had also a
significant effect.
The conclusion of this study is that number of vehicles,
crash type, crash manner, road type, number of lanes,
gradient, pavement type, surface condition, adverse weather,
speed limit, traffic control and lighting were all found to
have a significant effect on a crash occurring within urban
areas and hence affects its resulting injury severity.
It is noticed that most of the variables found to affect injury
severity of traffic crashes within urban areas are mostly
related to either design of roads, such as road type (RT),
number of lanes (NOL), gradient (SL), pavement type (PA)
or operation and management of roads such as: surface
condition (SC), speed (SPL), traffic control (TCD) and
lighting (LI). Thus, indicating the need to enhance the
current condition of existing roads and to take into
consideration these factors when designing new roads prior
to construction in order to enhance road safety and to reduce
the occurrence of fatal and severe injuries crashes.
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