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Abstract.
Road crashes are one of the main causes of fatalities in the country. Therefore, it is important
to study the factors affecting crashes. The purpose of this article is to investigate the factors
related to the crash severities in the built-up areas and towns along the roads of East
Azerbaijan province. The real data of crashes in these areas have been provided from Traffic
Organization. In this study, the crashes data in 3 to 32 kilometres of the highways and main
roads of East Azerbaijan province from 2012 to 2018 have been investigated. The severity of
crashes is considered in two modes of high intensity and low intensity, and 12 variables such
as crash type, time, month, day, type of day, day market, types of vehicles, age, gender,
weather, reason of crashes and the lighting are selected and the relationship between them is
tested by Chi-square. The model has been developed by Binary Logistic Regression to predict
the effect of each factor, and the validity and goodness-of-fit of the results have been
investigated by using statistical hypotheses, Omnibus tests, predictive indexes and ROC
curves. Also the determination coefficient has been determined by Negelkerke test. The
results of the models developed for all roads indicate that most of the high-intensity crashes
may cause by cars collision, male driver with cars, during 16 to 20 hours, on Fridays
(weekends) and in September and December.
Keywords: Roads Crashes, Crash Severities, Built-up Areas, Towns along Roads, Binary
Logistic Regression

1. Introduction
One of the important indicators for the assessment of the accident rate is the ratio of road
accidents to 100,000 people in each country. Although the population of Iran is constantly
growing, accident statistics have experienced volatility. The fatalities of vehicle crashes have
been increasing until 1384 and then dropped. Obviously, with the increase in population and
the reduction of crash fatalities, the ratio of deaths to 100,000 people is constantly decreasing.
The roads in towns and built-up areas are prone to traffic accidents due to urbanization and

The number of vehicles. Although the speed of vehicles in towns is lower, the death of users
after the collision is highly probable, because the chance of involvement of vulnerable users
in accidents is high. In the last six years, the number of deaths in the vehicle crashes of urban
roads has been sloping more than the deaths of rural roads accidents. The traffic on urban
roads is 1.8 times higher than the rural roads, so the high percentage of deaths on rural roads
is alarming.
Xi et al. (2012) examined the crash severity for a vehicle (without injury, potential injury,
minor injury, and fatal injury). Their studies showed that 31 of the 53 predictor variables had
a significant relationship with the severity of crashes, which included lighting, speed, and the
first and second harmful events of these variables. Similarly, Chen et al. (2012) investigated
the impact of driver behavior, vehicle characteristics, environmental and road conditions, and
crash characteristics for intersections (death or non-death). This study proved that the
permitted speed of the area, the time of the crash and the type of crash have a significant
effect on the severity of crashes at intersections.
Li et al. (2012) reviewed data on Florida freeway crashes on five freeways at five levels no injuries, potential injuries, minor injuries, serious injuries and fatal injuries. In this study,
37 descriptive variables such as speed, lighting, weather, pavement and type of crash were
used. The results showed that road paving condition, lighting, weather, and the consumption
of drugs or alcohol affect the intense of crashes.
Teft (2016) interpreted data collected from the National Highway Traffic Safety
Administration, the National Automobile Administration, the Assessment Headquarters, and
the Mortality Reporting Agency to assess the relation of deaths and injuries in crashes with
US weather conditions. He found that between 2010 and 2014, 5137 people died annually in
unfavorable weather conditions included 15.6% of all deaths. This investigation showed that
crashes in inclement weather are less likely to cause serious injury or death than crashes in
clear weather, and deaths on icy road crashes are 29% lower than crashes on dry roads.
Friedman et al. (2009) conducted a study examining the long-term effects of ignoring the
maximum speed limit in the United States. They showed that under these conditions, the
mortality rate on all roads would increase by 3.2% however this figure is higher on suburban
roads (9.1%) than on interurban roads (4%). Therefore, their studies showed that speeding has
a great impact on fatal crashes on suburban highways.
Zha et al. conducted research in 2016, using the Gauss Inverse Poisson model (PIG) and
the Negative Binomial model (NB) in the analysis of motorcycle crash data. The variables of
this study include 6 descriptive geometric variables such as average annual daily traffic, lane
width, shoulder width, road density, longitudinal and middle lane, to determine their
correlation with motorcycle crashes on suburban interstate highways. To determine the best
model, the goodness-of-fit, distributions of parameters, the variance-mean and a predictive
accuracy were used. They concluded that PIG model provides a better statistical model than
the NB model.
Shrestha et al (2017) have investigated the factors associated with the severity of crashes in
built-up areas along the rural Roads of Nevada by using a binary logistic regression model

and linear regression and with definition of marginal effects and variance inflation factor
(VIF). They concluded that the most of vehicle crashes occurred under the favour driving
conditions. Their model has shown that 87% of crashes were on the dry roads, 70% of crashes
were in the clear weather and 58.3% of accidents were between midnight and 4 a.m. 80.2% of
motorcycle accidents have been severe and the weekdays 3 times more than the weekends
and the speeding 17 times more than the technical defects caused severe accidents.
Haghighi and Shahbazi (2015) show the factors affecting the severity of crashes in the
squares by using both models of Logistic Regression and Probit Regression. They concluded
that the type of road users, lighting conditions at night, road surface conditions, daily average
of vehicles, daily average of motorcycles, daily average of passenger in the square and the
type and angle of impact, as the main factors affected the crash severities in the squares.
So many studies have been done to investigate the factors associated with crashes. In this
study, the analyses of accident data for towns and built-up areas on the roads of East
Azerbaijan are important to find effective factors. The results of this study will help the
Traffic Police department and the roads and Transport Administration of East Azerbaijan to
determine the rules for the speed and public safety.

2. Methods
For this study, the crash data of 14 towns along the rural roads of East Azerbaijan province
has been collected from the Traffic Police Department. These areas include Tabriz,
Azershahr, Ajabshir, Bonab, Malekan, Maragheh, Bostanabad, Sarab, Hashtrood, Marand,
Shabestar, Ahar, Kalibar, Meyaneh and the towns on these routes. The crash data is from
2012 to 2018.
Figure 1: roads of East Azerbaijan Province

Part of these data was logically eliminated due to incompleteness, incompatibility with the
subject and research criteria to delete any kind of bias and possible deviations. The provided

data has 20 variables, of which 12 independent variables are used as predictor variable in the
present study (Table 1). The dependent variable (high or low) associated with the severity of
the crashes is the purpose of this research.
Table 1: Predictor Variables
Possible Values
Variable Name
6

Crash Type

6

Time Classification

4

Lighting

12

Month

7

Day

3

Day Type

2

Bazaar Days

5

Vehicle Type

4

Age Group

2

Sex

5

Weather

14

Crash Reason

2.1 Binary Logistic Regression
In this study, because the dependent variable is a binary variable (high or low), the Binary
Logistic Regression model (BLR model) is used to introduce factors related to the severity of
crashes (Equation1).
(1)

The term P / (1-P) in brackets is the probability ratio. That means the chance or Odds for the
dependent variable has a value of 1 or 0. The value of 1 is defined as an event occurrence
(high intensity here) and a value of 0 is defined as a non-occurrence of the event (low
intensity here).
If:
(2)

We have:
(3)

Odds ratio:
(4)

Probability of event occurrence:
(5)

Probability of non-occurrence of the event:
(6)

In Equations, P is the probability of event occurrence of the event and the 1-P probability of
non-occurrence of the event and the ratio of these two probabilities is equal to the odds ratio
(OR). B0 is coefficient of the model, Xi is independent or predictor variable, and Bi is
coefficient of independent or predictor variable (Table 2).
Table 2: Variables in the Equation (first step)
Exp(B)
.464

Sig
.000

df
1

Wald
310.808

S.E.
.044

B
-.767

For each predictor variable, the coefficient of that predictor variable should be used to
determine the odds (OR). Odds show the chance of one value of a variable for being an
occurrence event compared to the original value of that variable. If the odds ratio (OR) is
greater than 1, then the Intended variable will have a greater chance of being high than the
original value. Only those predictor variables whose coefficients are significant at α level of
0.05 will be valid in the model (2016, Shrestha).
SPSS software was used to analyze the data and prepare the statistical model. During the
analysis sensitivity of prediction, characterization of prediction, false positive and false
negative values were reported, and the effect and significance of the variables were measured
by Chi-Square and P-value tests, and the fitting or dispersion of the samples by plotting and
analyzing the Cook's curve and the change deviation curve has been investigated. To control
the quality of the model, the ROC curve is also used.

2.2 Results and Discussion
2.2.1 Descriptive Statistics
Descriptive statistics shows that the high percentage of accidents occurred in favorable
conditions. For example, 92% of crashes in the dry route, 77% of crashes in clear weather,
69% of crashes related to cars, 45.5% of crashes in daylight, 93% of crashes under normal
driving conditions (no drug or alcohol, no fatigue and anger or any kind of psychological
problem) with 70% speeding, have occurred and 50.5% of accidents occurred in vehicle direct
traffic (Figure 2 to 7).
Figure 2: weather

Figure 3: vehicle types

Weather
2000
1500
1000
500
0

High

Low

Total

Figure 4: lighting

Driver Factors

Lighting

2000
1500
1000
500
0

2000
1000
0
day

night
High

Low

sunrise

sunset

Total
High

Figure 5: driver factors

Low

Total

Figure 6: driving violations

Figure 7: time classification

2.2.2 Data Analysis
By entering independent variables, Omnibus test is presented to examine the significance of
the variables and their effect on the dependent variable. According to Table 4, the significance
level is zero, which is less than the assumed level of α (5%), so the effect of the variables is
confirmed.
Table 4: Omnibus Tests of Model Coefficients
Sig.
.000
.000
.000

df
51
51
51

Chi-Square
534.181
534.181
534.181

As shown in Table 5, in summarizing the model, the R2 value is obtained between 0.197
and 0.276. The assumed maximum value for R2 according to Nagelkerke test is equal to 1,
which is 0.276 in this model and it is acceptable.

Table 5: R2 Value
Nagelkerke R Square

Cox & Snell R Square

-2Log likelihood

276

.197

2511.544

Another test of the model is the Hosmer & Lemeshow test. In most cases, the results of this
test are weak and not reliable, since in cases where the number of data is high, it shows a good
model as an inappropriate model. Despite the weakness of this test, the accuracy of the
presented model with a significant level of 0.033 (less than the assumed value of 0.05) can be
verified (according to Table 6). By using this test, we can also determine the amount of
dispersion over the model. By dividing the values of Chi-Square (15.14) by the degree of
freedom (8), this value is equal to 1.89, since it is close to one, we can assume that there is no
excessive dispersion. Degree of freedom is the number of acceptable predictor variables for
the model.
Table 6: Hosmer and Lemeshow
Sig.
.033

df
8

Chi-Square
15.14

Step
1

The chance of the interference of that variable in the high or low can be represented by
placing the table numbers in Equation 1 and assuming the values of zero and one for each
variable. For examining the relationship between each independent variables with dependent
variable, the Pearson Chi-Square test was performed for each one (for example, Table 7). A
significant level of zero (less than α = 0.05) indicates the effect and suitability of the selected
independent variable.
Table 7: Pearson Chi-Square
Asymptotic Significance(2-sided)

df

value

.000

5

66.906

Pearson Chi-Square

.000

5

65.973

Likelihood Ratio

2438

N of Valid Cases

To evaluate the quality control of the model, the ROC curve is presented (Figure 8). The
curve is located on the left and above (upper curve) of the diagonal line (bottom line) and is
acceptable and according to Table 8, the significance level is zero and valid. Therefore, the
proposed model has a high quality.

Figure 8: ROC Curve

Table 8: ROC Curve Quality
Test Result Variable(s): Predicted probability
Asymptotic 95% Confidence
Interval
Upper Bound

Lower Bound

Asymptotic Sig.b

Std. Errora

Area

.793

.755

.000

.010

.774

Cook's and probability of prediction chart are used to determine samples that are not wellfitted and dispersed in the model (Figure 9). According to the curve, only 3 samples have a
high leverage, and the rest of the data is well-fitted. To determine the fitting of the samples
and the variation in the deviations between the samples, the change in deviation and
probability of prediction curve are plotted (Figure 10). In this chart there are two curves, the
higher curve represents the samples in which the dependent variable has a value of 1 (high)
and the lower curve represents the samples in which the dependent variable has zero (low). In
the higher curve, the high probability of prediction of the samples is shown with weaker fit,
and in the lower curve, low probability of prediction of the samples show a weaker fit.

Figure 9: Cook’s Curve

Figure 10: Change Deviation Curve

2.2.3 Effective Variables
Determining the variables affecting the severity of accidents in the predictive model for the
data is as follows:
Table 9: Effective Variables in the Predictive Model
Variables

B

S.E.

Crash Type
Crash Type

Wald

df

Sig.

13.962

5

.016

1.019

.335

9.238

1

.002

2.772

.946

.392

5.820

1

.016

2.576

11.635

11

.392

cars

Crash Type
overturn

Month
Month

-6.156

2.367

6.762

1

.009

.002

-3.256

1.219

7.129

1

.008

.039

12.663

6

.049

8.035

1

.005

December

Month
September

Day
Day
Friday

Exp(B)

1.091

.385

2.978

Vehicle Type
Vehicle Type

1.884

.530

9.986

4

.041

12.616

1

.000

12.576

5

.028

6.875

1

.009

5.896

3

.117

3.833

1

.050

16.338

9

.060

3.958

1

.047

car

Time Categories
Time Categories

-1.943

.741

16-20

Age Categories
Age Categories

2.399

1.225

25-44

Crash Reason

6.579

.143

11.012

Crash Reason
Failure to observe
the longitudinal
distance

-3.724

1.872

.024

A significant level of zero (less than α = 0.05) indicates the effect and suitability of the
selected independent variable.

3. Conclusion
1. The regression model developed for all routes shows that, contrary to the assumption of
severe crashes due to collisions with motorcycles and pedestrians, most high-severity
accidents may happen as a result of collisions between cars or overturn, and the effective
vehicle in these accidents in all the routes are cars.
2. According to the obtained statistics, the peak hours of accidents in all the routes were
related to 12-20 and daylight and according to the developed regression model, the highintensity accidents may occur in 16-20 which is contrary to the initial assumption of fatal
accidents in 4 am.
3. According to descriptive statistics, the highest number of crashes occurred in highways
in September and August and in the main roads in July, November and October. By
developing predictive model and checking the correlation between severe accidents and
variables, September and December are extracted as the months affecting the severity of
crashes on all routes.
4. For all routes, Saturdays, Thursdays and Fridays are the most crash-prone days of the
week. According to the proposed model, Friday (weekends) has more severe accidents,
contrary to previous studies which have reported severity of crashes in weekdays 3 times
more than weekends.
5. According to the present study, crashes on the studied routes are mostly related to male
drivers in the age group of 25 to 44 years, and the main cause of these accidents are the lack
of attention to the front and violation of safe speed. Failure to observe the longitudinal

distance considered as a reason of severe crashes. Some studies had reported disobedience of
priority and failure to observe the longitudinal distance as important factors.
6. This study like other studies shows that most unfavorable conditions including weather
do not affect the severity of crashes because drivers are more careful in these conditions.
3.1 Suggestions
- Studies over a longer period can provide accurate information about the factors affecting
crash sever.
- Some of the main roads of East Azerbaijan province have breakdowns and technical
problems, so the study of the geometric characteristics of these routes and their impact can
also be effective in accurately identifying crashes with high damage.
- Study of the impact of any disease or drug use by the driver on accidents is important.
Because due to the increasing number of cardiovascular diseases in the country, the
possibility of heart attacks and strokes while driving increased or some medications have a
direct effect on the decision-making power and timing of the driver’s reaction or drowsiness,
resulting in the possibility of high-intensity accidents.
- Considering the urbanization and the growth of cities, the study of crash on the inner
highways of metropolitan areas, which are the main arteries of transportation and the bridge
between roads and suburban highways are important. The economic considerations of
accidents are also necessary.
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