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Abstract 

In this study, the Logistic Regression approach is used to identify the factors that significantly 
increase the risk of fatality in an accident based on a three-year dataset of urban accidents in 
Chicago, Illinois. The results show that ‘intersections’ are less likely to have a fatal accident 
compared to other places. The ‘opposite direction’ accidents are more significantly associated 

with a fatality. Among different ‘person types’ involved in an accident, pedestrians have more 
risk of facing fatality. In addition, the ‘Blood Alcohol Content’ (BAC) more than illegal limit is 
significantly associated with the fatality caused by an accident. A statistical interpretation is 
given of the model estimates in terms of the odds ratio concept, which is represented in a 
matrix format. This tabulation is an informative tool to provide meaningful interpretations that 
can be used for future safety improvements.  

1. Introduction 

The prediction of an accident occurrence has been of interest for traffic safety studies 
investigating factors that increase an accident probability. Many studies have focused on the 
prediction of accidents at either intersections (e.g. Wang et al 2003, Abdel-Aty 2005, and Kim et 

al. 2007), road links (e.g Summersgill & Layfield 1996, and Dia & Rose 1998), or both road links 
and intersections (Greibe 2003). However, a little attention has been paid to predict the severity 
of accidents, and the factors causing severe injury or death.  

The Logistic Regression technique is used in this study, which is comprehensively discussed. 
Then, a three-year reliable dataset collected from Fatality Analysis Reporting System (FARS) of 
National Center for Statistics and Analysis (NCSA) of US Department of Transportation is 
discussed. Model development and a discussion of the results are presented in the later sections 
of the paper. 

2. Background 

When working on the occurrence or fatality of accidents, the conventional regression methods 
are not appropriate because they need a continuous independent variable. Therefore, traffic 
safety researchers have used other methods to develop accident occurrence/severity prediction 
models, including Ordered Probit (Kockelman & Kweon 2001), nested models and Generalized 
Estimating Equations (Hutchings et al. 2003), Generalized Linear Models (Wood 2002, Greibe 
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2003, and Wood 2005), and the Poisson and Negative Binomial Regression (Sawalha & Sayed 
2003). 

One approach to model the probability of a fatal accident is the Logistic Regression (LR) that 
can be used when independent variable of interest takes two values. The LR assists to describe 
the relationship between a binary dependent variable and a set of independent variables (x) that 
may be continuous or discrete (Hosmer and Lemeshow 1989). The dependent variable can take 
a value of 1 with a success probability of θ(x) , or a value of 0 with a failure probability of            

1-θ(x)(Myers et al. 2002). Here, the relationship between the dependent and independent 

variables is the logit transformation of θ(x): 
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Where, 0β denotes the constant of the equation, and iβ  is the coefficient of the i th independent 

variable. The transformation can be formulated directly in terms of θ(x): 
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The goal of the LR is to correctly predict the category of outcome for individual cases using a set 
of significant variables. The variables can be entered into the model in the order specified by 
researcher or the LR can test the fit of the model after each variable is added or deleted 
(stepwise regression). Moreover, the Backward Stepwise regression appears more preferable 
method of exploratory analyses, where the analysis begins with a full or saturated model and 
variables are eliminated from the model in an iterative process. The fit of the model is tested 
after the elimination of each variable ensuring that the model still adequately fits the data. 
When no more variables can be eliminated from the model, the analysis is completed (Myers et 
al. 2002). 

In the LR, the process whereby coefficients are tested for significance for inclusion or elimination 
from the model involves several techniques as discussed below: 

Wald test: 

The Wald test is used to test the statistical significance of each coefficient (β ) in the model. This 

test calculates a Z statistic, which is: 
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This Z value is then squared, yielding a Wald statistic with a chi-square distribution.  

Likelihood-Ratio test: 

The likelihood-ratio test uses the ratio of the maximized value of the likelihood function for the 

simpler model ( 0L ) over the maximized value of the likelihood function for the full model ( 1L ). 

The likelihood-ratio test statistic equals (Myers, et al. 2002): 
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Where, D is called the deviance used in some approaches to assess the model goodness of fit. 
To assess the significance of an independent variable, the value of D should be compared with 
and without the independent variable in the model. The change in D due to inclusion of the 
independent variable in the model is obtained as follows: 

G = D(for the model without variable) – D(for the model with variable)                             (5) 

Hosmer- Lemshow Goodness of Fit test: 

The Hosmer-Lemshow (H-L) statistic evaluates the goodness-of-fit by creating 10 ordered 
groups of subjects (Hosmer and Lemeshow 1989) and compares the number actually in each 
group (observed) to the number predicted by the logistic regression model (predicted). Thus, 
the test statistic is a chi-square statistic with a desirable outcome of non-significance, indicating 
that the model prediction does not significantly differ from the observed. 

3. Data 

The dataset used in this study comprises a sample of 1338 subjects involved in serious accidents 
in Chicago, Illinois urban areas from 2000 to 2003 reported in the FARS. Each record is related 
to a form submitted for one person, so the number of records in one accident is equal to the 
number of persons involved in the accident. 

To identify the factors affecting the severity of the accident, 10 initial variables are extracted 
from the dataset. The descriptions and levels of these variables are given in Table 1. The 
dependent variable is Variable 1, ACCIDENT, with a binary nature: 1 if the accident resulted in a 
fatality and 0 if there was not any fatality in the accident. The independent variables are 
categorical, which need a collection of dummy variables. Having k−1 dummy variables for a 
variable with k levels is a possible way to show the different levels of that variable. For example, 
for the variable Location (LOC), which has three levels, two dummy variables are needed. When 
the respondent is “Off Roadway”, the two dummy variables, D1 and D2, equal zero, and when 

the respondent is “On Roadway-Non Intersection”, D1 equals 1, and D2 equals 0, whereas for “On 
Roadway-Intersection”, D1 and D2 are 0 and 1, respectively. 

4. Model development 

To model the probability of a fatal accident, the logistic model used is: 
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The LR determines the coefficients that make the observed outcome (non-fatal or fatal accident) 
most likely using the maximum-likelihood technique. The Wald test together with the deviance is 
used as criteria to include or to remove the independent variables from the model. Moreover, 
the Hosmer-Lemshow Goodness of Fit test is used for the final developed model. 

As presented in Table 1, some of the categorical variables have several levels, so a set of 
dummy variables is needed for each. To simplify the model interpretation, an attempt is made 
to reduce the number of dummy variables ensuring that the model does not lose the significant 
information. The small proportion of some levels causes their elimination in the study. The 
hypothesis testing technique for proportions is used to decide if the number of levels for a 
dummy variable can be reduced or not. The following typical test is used: 
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0:1 ≠ipH  

Where pi is the proportion of level i within the specific dummy variable. Table 2 shows the 
number of dummy variables before and after the reduction.  

Table 1: Description of the variables used in this study 

Number Description  Codes/Values Abbreviation  

1 Accident 0 Non-fatal ACCIDENT  

  1 Fatal   
      

2 Day of Week 1 Regular day DoW  

  2 weekend or Holiday   

      
3 Light Condition 1 Daylight LCON  

  2 Dark   

  3 Dark but Lighted   
  4 Dawn   

  5 Dusk   

      

4 Surface Condition 1 Dry SCON  

  2 Not Dry   

      

5 Manner Of Collision 
  

1 
Not Collision with Motor Vehicle in 
Transport 

CTYPE  

  2 Front-to-Rear   

  3 Front-to-Front   
  4 Opposite Direction (Front-to-Side)   

  5 Right Angle (Front-to-Side)   
  6 Sideswipe   

      

6 Roadway Function Class 1 Urban Principal Arterial-Interstate RFC  

  2 Urban Minor Arterial and Urban Collector   

  3 Urban Local Road or Street   

      

7 Trafficway Flow 1 
Not Physically Divided(Two Way 
Trafficway) 

TWF  

  2 Divided Highway, Median Strip   

  3 One Way Trafficway   
      

8 Location  1 On Roadway-Non Intersection  LOC  

  2 On Roadway-Intersection    

  3 Off Roadway(Shoulder, Roadside and outside right of way) 
      

9 Person Type 1 Occupant of a Motor Vehicle in Transport PERTYPE  

  2 Pedestrian   
  3 Bicyclist   

      
10 Alcohol Test Result 1 More than Legal BAC* Limits by State** ALCTEST  

    2 BAC < Legal State Limit    

* Blood alcohol content (BAC) or blood alcohol concentration is the concentration of alcohol in blood. 
It is measured either as a percentage by mass, or by mass per volume. For example, a BAC   

Of 0.20% means 1 gram of alcohol per in each 500 grams of an individual's blood.    

** In the United States, all 50 states and the District of Columbia have laws defining it as a crime to  

Drive with a blood alcohol concentration (BAC) at or above a proscribed level, 0.08 percent.   
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Table 2: Number of dummy variables before and after reduction 

Before reduction  After reduction 

Categorical Variable 

  
Levels 

Dummy 

variables   
Levels 

Dummy 

variables 

Day of Week 2 1  2 1 

Light Condition 5 4  3 2 

Surface Condition 2 1  2 1 

Manner Of Collision 6 5  6 5 

Roadway Function Class 3 2  2 1 

Trafficway Flow 3 2  2 1 

Location  3 2  3 2 

Person Type 3 2  3 2 

Alcohol Test Result 2 1   2 1 

 

The Backward Selection process of the LR is utilized. To eliminate the non-significant variables, 
all the variables with no interaction are tested on the basis of the deviance and the Wald (W) 
statistic. Table 3 presents the results obtained from fitting all the independent variables. It 
appears that the variables CTYPE, PERTYPE, ALCTEST and LOC show significant effects on the 
severity of the accidents. Table 4 shows the estimated coefficients, estimated standard errors, 
and Wald statistic for the model significant variables, and the change in -2 Log Likelihood if the 
variable is removed from the model according to the Backward Selection method. According to 
the analysis, the LR model developed in this study is: 

f(x)e1

f(x)
e

θ(x)
+

=                             (7) 

f(x)= 2.38 CTYPE(1) + 2.69 CTYPE(2) + 2.96 CTYPE(3) + 5.27 CTYPE(4) + 2.41 CTYPE(5) - 2.59 
PERTYPE(1) + 3.81 PERTYPE(2) +  0.92 ALCTEST(1) - 0.99 LOC(1) - 1.52 LOC(2) 

The H-L Goodness of Fit test is shown in Table 5. The test divides subjects into deciles based on 
predicted probabilities, computing a chi-square from observed and expected frequencies. Then, 
a probability (p) value is derived from the chi-square distribution to test the model fitness. If the 
H-L goodness-of-fit test statistic is greater than .05, it fails to reject the null hypothesis, that 
there is no difference between observed and model-predicted values. This implies that the 
model estimates fit the data at an acceptable level (well-fitting models show non-significance on 
the H-L goodness-of-fit test). 

5. Model interpretation 

The model interpretation involves two issues: determining the functional relationship between 
the dependent and independent variables (i.e. the link function; McCullagh and Nelder 1982), 
and appropriately defining the unit change for the independent variable. In the LR model, the 
link function is the logit transformation (Equation 1). Every slope coefficient in this model 
represents the change in the logit for a change of one unit in the independent variable (x). A 
proper interpretation of the coefficient in a LR model depends on being able to place a meaning 
on the difference between two logits. The exponent of this difference gives the odds ratio. The 
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odds ratio is defined as the ratio of the odds when the independent variable is present to the 
odds when it is not present. Thus, the relationship between the LR coefficient and the odds ratio 
provides the foundation for the interpretation of all LR results. It should be noted that, in this 
study, odds greater than 1 increase the likelihood that the accident will be fatal.  

Table 3: Estimated coefficients, estimated standard errors, and Wald statistic for the model variables 

Variable Estimated coefficient 
Estimated standard 

error 
Wald statistic P-value Exp(B) 

DoW(1) -0.07 0.139 0.247 0.619 0.933 

LCON(1) 0.02 0.166 0.010 0.919 1.017 

LCON(2) 0.22 0.235 0.846 0.358 1.241 

SCON(1) -0.17 0.180 0.875 0.350 0.845 

CTYPE(1)* 2.48 0.514 23.302 0.000 11.981 

CTYPE(2)* 2.76 0.591 21.813 0.000 15.831 

CTYPE(3)* 3.07 0.582 27.772 0.000 21.500 

CTYPE(4)* 5.39 0.616 76.647 0.000 220.188 

CTYPE(5)* 2.51 0.591 18.068 0.000 12.327 

RFC(1) 0.04 0.192 0.039 0.844 1.039 

TWF(1) -0.11 0.154 0.539 0.463 0.893 

PERTYPE(1)* -2.52 0.504 25.015 0.000 0.080 

PERTYPE(2)* 3.89 1.124 11.976 0.001 48.845 

ALCTEST(1)* 0.92 0.181 25.650 0.000 2.502 

LOC(1)* -0.97 0.176 30.451 0.000 0.378 

LOC(2)* -1.47 0.257 32.693 0.000 0.230 

* Statistically significant at 5% level.     

 

Table 4: Estimated coefficients, estimated standard errors, and Wald statistic for the model significant 
variables* 

Model if Term Removed 

Variable 
Estimated  

coefficient 

Estimated  

standard 

error 

Wald 

statistic 
P-value Exp(B) Model  

Log 

Likelihood 

Change in  

-2 Log 

Likelihood 

CTYPE(1) 2.375 0.491 23.376 0.000 10.755 -661.87 39.30 

CTYPE(2) 2.686 0.557 23.235 0.000 14.677 -658.20 31.96 

CTYPE(3) 2.963 0.561 27.901 0.000 19.352 -662.03 39.61 

CTYPE(4) 5.266 0.595 78.324 0.000 193.661 -710.91 137.39 

CTYPE(5) 2.407 0.570 17.815 0.000 11.100 -654.14 23.84 

PERTYPE(1) -2.594 0.489 28.180 0.000 0.075 -666.24 48.05 

PERTYPE(2) 3.811 1.119 11.611 0.001 45.216 -650.68 16.91 

ALCTEST(1) 0.923 0.179 26.676 0.000 2.516 -655.71 26.97 

LOC(1) -0.994 0.175 32.393 0.000 0.370 -658.96 33.47 

LOC(2) -1.517 0.249 37.248 0.000 0.219 -662.93 41.42 

* The -2LogLikelihood is 1284.44.      
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Table 5: Hosmer and Lemeshow (H-L) Goodness of Fit test 

  Y = 0 Y = 1   

Group Observed Expected Observed Expected Total 

1 129 128 12 13 141 

2 136 135 23 24 159 

3 184 172 38 50 222 

4 101 111 58 48 159 

5 19 21 18 16 37 

6 125 123 97 99 222 

7 36 42 80 74 116 

8 22 24 100 98 122 

9 1 1 159 159 160 

    Chi-Square df Significance 

Goodness-of-fit test 8.9645 7 0.2552   

 

5.1. Impact of location on accident severity 

The LOC has three levels as shown in Table 2, and it is coded as following:  

Location (LOC (1) =1 and LOC (2) =0): Non-Intersection 

Location (LOC (1) =0 and LOC (2) =1): Intersection 

The LOC (1) and LOC (2) are shown in the logit model with the coefficients of -0.99 and -1.52, 
respectively. For interpretation, the logit differences should be computed as follows: 

Logit (Fatal accident/ on Roadway, Non-intersection) =∑
=

−
10

1
10

i
i ββ  

Logit (Fatal accident/ on Roadway, Intersection) =∑
=

−
10

1
9

i
i ββ  

The logit difference is 52.0109 =− ββ , hence the odds ratio is 69.152.0 =e .This value indicates that 

the odds of being in a fatal accident at a non-intersection location are 1.69 higher than those at 
intersections. Additionally: 

Logit (Fatal accident/ off roadway) =∑
=

−−
10

1
109

i
i βββ  

Logit (Fatal accident/ on Roadway, Non-Intersection) =∑
=

−
10

1
10

i
i ββ  

The logit difference is 99.09 =−β , hence the odds ratio is 69.299.0 =e . This value suggests that 

the odds of being in a fatal accident at off roadway locations are 2.69 higher than those at non-
intersection sections. In addition, the odds ratio of being in a fatal accident at off roadway 
locations, with a similar calculation, is 4.57 higher than those at intersections on roadways. 
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5.2. Impact of manner of collision on accident severity 

To interpret CTYPE, which has five levels, the logit difference is computed. For example, to 
compare the Opposite Direction (CTYPE (4)) with the Front-to-Front collisions (CTYPE (3)): 

Logit (Fatal accident/Opposite Direction) =∑
=

−
10

1
3

i
i ββ  

Logit (Fatal accident/ Front-to-Front) =∑
=

−
10

1
4

i
i ββ  

The logit difference is 303.234 =− ββ , hence the odds ratio is 0.10303.2 =e . This value implies 

that, regardless of accident location, the odds of being in a fatal accident in an ‘Opposite 
Direction’ collision are 10.0 times higher than that in a ‘Front-to-Front’ collision. 

5.3. Impact of Driver Alcohol Test Result on accident severity 

The ALCTEST, which shows the Blood Alcohol Content (BAC) level, has two levels as shown in 
the Table 2; the first one is coded 1 and the other zero. Therefore, 

ALCTEST (BAC > Legal Limit by State) = 1 

ALCTEST (BAC < Legal State Limit) = 0 

So, only ALCTEST (1) is shown in the logit model with the coefficient of 0.92. To interpret the 
parameter estimate for ALCTEST, the logit difference, with a similar calculation, 

equals 923.08 =β . Therefore, the odds ratio is 52.2923.0 =e . This suggests that the odds of being 

in a fatal accident in BAC more than legal limit are 2.52 higher than when BAC is less than the 
legal limit. 

5.4. Impact of Person Type on accident severity 

The PERTYPE variable in the model has two design levels to distinguish the fatal probability for 
different person types involved in an accident. As shown in Table 4, the coefficient of the 
Pedestrian (PERTYPE (2)) shows more fatal risk than that of the Occupant of a Motor Vehicle in 
Transport (PERTYPE (1)). 

The odds ratio of either the intersection or the non-intersection related accidents under different 
Manner of Collisions and Alcohol Test results can be tabulated in a matrix form for a fast and 
easy interpretation, as shown in Tables 6 – 8. This tabulation helps to make a conclusion for any 
combination of the variables in the model. 

6. Conclusions 

This study proposes a model to predict the fatality of an accident as a function of a number of 
factors. Since the independent variable is of a binary nature (fatal or non-fatal), the LR 
technique is used to develop the model. On the basis of the concept of deviance together with 
the Wald statistic, the study variables are subjected to statistical testing. Only four variables are 
found significant: Accident Location, Manner of Collision, Person Type and Driver Alcohol Test 
Result. 
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Stratifying location-related data into two classes, the model reveals that the odds of a non-
intersection accident being fatal are higher. This finding is in contrast with a number of existing 
studies (e.g. Abdel-Aty et al 2005). This can be attributable to the lower average speed of 
vehicles traveling through an intersection compared to that in non-intersection locations. This 
might lead to a greater focus on road accident sites rather than intersections, helping authorities 
have more cost-effective safety improvements. 

Manner of collision is found to have severe effects on injury (Kockelman & Kweon 2001). It is 
found that the ‘Opposite Direction’ (Front-to-Side) accidents show higher probability of fatality 
(at least 10 times higher than the next significant Manner of Collision).  

As one may guess, pedestrians are highly subjected to fatality in traffic accidents. The results 
derived from this study confirm that the pedestrians are more likely to face a fatality compared 
to the vehicle occupants involved in an accident. 

Alcohol is believed to be significantly associated with fatality or serious injuries (Kockelman & 
Kweon 2001, and Bedard et al 2002). Higher fatality rates among intoxicated drivers compared 
to sober ones are often attributed to the reckless driving behavior of drunk drivers (Waller et al 
1997). In this paper, consistent with them, it is shown that the BAC more than state legal limit 
significantly increases the risk of fatality. 

The odds presented in this paper can be used to establish priorities for programs to reduce 
serious accidents. For example, since the odds of being involved in a fatal accident due to 
opposite direction (regardless of location) are relatively higher than those for any other manner 
of collision, drivers should be warned in a specific awareness program and more penalties 
should be considered for this issue. Considering this outcome, when designing an intersection, 
more consideration should be taken to use median barrier and phasing the signalized 
intersections to reduce the confliction.  

The presentation of the odds in a matrix format, as described in this study, provides a simple 
method for interpretation. The columns and rows of the matrix correlate the factors in the 
logistic model, and each cell shows the impact of a specific factor on the odds with respect to 
another factor. 
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Table 6: Odds of being in a fatal accident in different Manner of Collision* 

  
Not Collision  

with Motor Vehicle in Transport 

Front-to-

Rear 

Front-to-

Front 

Opposite  

Direction*

* 

Right 

Angle** 
Sideswipe 

Not Collision with Motor Vehicle in Transport 1.00 0.73 0.56 0.06 0.97 10.76 

Front-to-Rear 1.36 1.00 0.76 0.08 1.32 1.00 

Front-to-Front 1.80 1.32 1.00 0.10 1.74 19.35 

Opposite Direction (Front -to-Side) 18.01 13.19 10.01 1.00 17.45 193.66 

Right Angle (Front -to-Side) 1.03 0.76 0.57 0.06 1.00 11.10 
Sideswipe 0.09 0.07 0.05 0.01 0.09 1.00 

* Example: The odds ratio of being in a fatal accident in Front-to-Front collision is 1.32 higher than Front-to-Rear 

collision.   
** Front-to-side       

       

Table 7: Odds of being in a fatal accident at non-intersection to that at an intersection accident in different Manner of Collision* 

  Intersection accident 

Non-Intersection accident 

Not Collision  

with Motor Vehicle in Transport 

Front-to-

Rear 

Front-to-

Front 

Opposite  

Direction*

* 

Right 

Angle** 
Sideswipe 

Not Collision with Motor Vehicle in Transport 1.69 1.24 0.94 0.09 1.63 18.14 

Front-to-Rear 2.30 1.69 1.28 0.13 2.23 24.75 

Front-to-Front 3.03 2.22 1.69 0.17 2.94 32.63 
Opposite Direction (Front -to-Side) 30.36 22.25 16.87 1.69 29.42 326.56 

Right Angle (Front -to-Side) 1.74 1.28 0.97 0.10 1.69 18.72 

Sideswipe 0.16 0.11 0.09 0.01 0.15 1.69 

* Example: The odds of being in a fatal accident at Non-Intersection location due to Opposite Direction (Front-to-Side) 

collision is 16.87 higher than that due to Front-to-Front collision at an Intersection location.   

** Front-to-side       

       

Table 8: Odds of being in a fatal accident at non-intersection to that at an intersection accident in different Alcohol Test Results* 

 Intersection accident  

Non-Intersection accident More than legal BAC Limit BAC < legal  Limit  

More than legal BAC Limit 1.69 4.24  

BAC < legal  Limit 0.67 1.69  

* Example: The odds of being in a fatal accident at Non-Intersection location in BAC>Legal Limit 
is 4.24 higher than that in BAC< Legal Limit at Intersection Location.       
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