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Abstract: Road traffic accident is the cause of significant loss of human and economic resources all over the world 

especially in big cities. The main objective of this study was to identify and describe the factors affecting the injury 

severity in Addis Ababa. This study based on a secondary data which obtained from Addis Ababa Traffic Police 

Commission Bureau from July 01, 2011(G.C) to June 30, 2012(G.C). The candidate variables for the study were 

driver's age, driver's sex, driver's education status, driver's experience, driver's defect, vehicle type, vehicle owner, 

vehicle defect, road topography, road junction, road surface, weather condition, light condition, pedestrian 

physical fitness, time, day and month. Among the candidate variables, Chi-Square method identified driver’s age; 

driver's sex, driver's education status, driver's experience, driver's defect, vehicle type, vehicle owner, vehicle 

defect, road topography, road junction, weather condition, pedestrian physical fitness, time, and month were 

significant variables. In order to make interpretation on factors affecting the injury severity of crashes in Addis 

Ababa, Multinomial model was used. The results indicated that driver's age, driver's education status, driver's 

experience, vehicle type and road topography were positively associated with injury severity. The predicted 

probability of injury severity also showed that the probability of property damage only and severe injury were 

high. In order to reduce injury severity in Addis Ababa, all concerned bodies should give attention to the factors 

which were positively associated with injury severity. 
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1. INTRODUCTION 

1.1 Background: 

Road traffic accident is the cause of significant loss of human and economic resources worldwide. The World Health 

Organization (WHO) estimated that 1.17 million deaths occur each year worldwide due to road traffic accidents which of 

about 70 of the deaths occur in developing countries. It indicated that 55 percent of the deaths involve pedestrians, out of 

which 35 are children. Over 10 million are also crippled or injured each year.  It has been estimated that at least 6 million  

will die  and  60  million  will  be injured in developing countries   during  the next  10  years unless urgent actions are  

taken (EEsa, 2012). The rate of traffic accidents in Addis Ababa goes up together with the increase of motor vehicles and 

population size. The rise in automobile ownership together with the poor condition of the roads has resulted in the high 

level of traffic safety and congestion problems. Moreover the death rate is 136 per 10,000 vehicles and Ethiopia is losing 

over 400 million birr yearly as a result of road accidents. The share of Addis Ababa city in the total number of accidents 

was 60 percent in 1989 with annual average traffic accident growth of 31.4 percent. Nowadays, Addis Ababa is 

experiencing around 700 accidents per month resulting in various levels of injury (Tesema,T.et al, 2005). 

1.2 Statement of the Problem: 

Road traffic accident (RTA) is defined as an accident that occurred on a way or street open to public traffic; resulted in 

one or more persons being killed or injured, and at least one moving vehicle was involved. This study was attempted to 

address the following questions.  
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 Which variables are significantly affect occurrence of injuries severity?   

 How multinomial model can be applied and interpret to crash injury severity data? 

1.3 Objectives: 

1.3.1 General Objective: 

To identify and describe the major factors that affect occurrence of traffic injury severities by using multinomial model in 

Addis Ababa, Ethiopia. 

1.3.2 Specific Objectives: 

 To describe and identify the main contributing factors to crash injuries severity. 

 To apply multinomial logit model to crash injury severity data. 

 To make probabilistic prediction of injury severity. 

 To provide useful information for policy makers and researchers based on the results obtained in this study. 

2.    LITERATURE REVIEW 

2.1 Crash Severity Models: 

When dependent variable carries a highly discrete value, a multinomial logit or ordered probit is used. The Multinomial 

Logit (MNL) model is often used to predict the crash severity. Although MNL models do not recognize order in injury 

levels, they do avoid certain restrictions posed by standard ordered models. They allow variables to have opposing effects 

regardless of injury order; for example, air bags may cause more injuries but fewer fatalities. Thus, MNL models are still 

applied in many studies for the crash severity analysis.  

Khorashadi et al. (2005) explored the differences of driver injury severities in rural and urban accidents involving large 

trucks. Using 4- years of California accident data and multinomial logit model approach, they found considerable 

differences between rural and urban accident injury severities. In particular, they found that the probability of severe/fatal 

injury increases by 26% in rural areas and by 700% in urban areas when a tractor-trailer combination is involved, as 

opposed to a single-unit truck being involved. They also found that in accidents where alcohol or drug use is identified, 

the probability of severe/fatal injury is increased by 250% and 800% in rural and urban areas respectively. 

Islam and Mannering (2006) studied driver aging and its effect on male and female single vehicle accident injuries in 

Indiana. They employed multinomial logit models and found significant differences between different genders and age 

groups. Specifically, they found an increase in probabilities of fatality for young and middle-aged male drivers when they 

have passengers, an increase in probabilities of injury for middle-aged female drivers in vehicles 6 years old or older, and 

an increase in fatality probabilities for males older than 65 years old. Nigatu (2012) had done on spatial analysis of traffic 

accidents. He used Negative Binomials and Bayesian spatial models in order to investigate the effect of determinant 

factors on vehicle crashes rather than injury severity. 

Therefore, this research work is aimed to study the injury severity levels using multinomial regression model.   

3.    METHODOLOGY 

3.1 Data: 

The study has been conducted in Addis Ababa, Ethiopia. Accidents are recorded by the traffic police on daily basis. This  

study  based on a secondary data which obtained from  Addis Ababa Traffic Police Commission Bureau from July 01, 

2011(G.C) to June 30, 2012(G.C) from all sub-cities. 

 3.2 Sample Data size Selection: 

There are 11,529 records in the 2012 crash injury severity data. Since Multinomial logistic regression needs careful 

consideration of the sample size in order to get good parameter estimation which is an inferential goal of multinomial, the 
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sample size determination is very important. Thus, Sudman (1976) suggests that 100 elements are needed for each major 

group in the sample and for each minor group, a sample of 20 to 50 elements is necessary. Therefore, percentage of fatal 

was 0.032 (which is the smallest among injury severity categorical in the data). Since fatal crash is considered as a major 

group so that 100 elements are considered to be sufficient in this study. The sample size is calculated as: 100/0.032= 

3125. Thus, 3,125 sample size determined is sufficient in this study. 

3.3 Variables Considered in the Study: 

3.3.1 Dependent Variable: 

 The main interest of this study is to identify and describe the contributing factors to crash Severity and therefore crash 

severity is the dependent variable in a crash severity prediction model. Crash severity in the crash dataset was divided into 

four ordered categories: fatal, severe injury, slight injury and PDO. 

3.3.2 Independent Variables: 

Driver related Variables, Vehicle related Variables, Road and Environment related Variables, Time related variables and 

Pedestrian related Variables. 

3.4 Multinomial Logit Model: 

By far the easiest and most widely used discrete choice model is logit (Kenneth, 2002). Its popularity is due to the fact 

that the formula for the choice probabilities takes a closed form and is readily interpretable. 

Assumptions: 

 The response variable is treated as categorical and has no natural ordering. 

 Unknown error term is independently and identically distributed on a Gumbel or type I extreme value. 

 The relative probability of choosing between any two alternatives is independent of all other  alternatives,  that  is  

called  independence  from,  irrelevant  alternatives  (IIA)  property.  

 No correlation among unobserved factors across alternatives.  

A decision maker, labeled n, faces J alternatives. The utility that the decision maker obtains from alternative j is 

decomposed into,  

                                                                                                            

Where a part labeled     that is known by the researcher up to some parameters and the logit model is obtained by 

assuming that each     is independently, identically distributed on Gumbel or type I extreme value. The closed form of 

this probability can be derived from equation (1) and is given by 

                                                     
   

∑     
                                                        

Which is the logit choice probability (Kenneth, 2002). 

3.5 Parameter Estimation of Multinomial Logit Model: 

The estimation of the model parameters can be carried out through the method of maximum likelihood. The probability of 

person n experiencing the severity level i can be expressed as  

                                                          ∏                                                          

Where     = 1 if person n experienced severity level i and zero otherwise. Since    = 0 for all non-chosen alternatives and  

    raised to the power of zero is 1, this term is simply the probability of the chosen alternative. From equation (3) 

,assuming  that  each  decision  maker‘s  choice  is  independent  of  that  of  other  decision makers,  the probability of 

each person  in  the sample choosing  the alternative  that he or she was observed to choose is  

                                                       ∏ ∏      
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Where   a vector containing the parameters of the model.   

The log likelihood function is then from equation     is  

                                                     ∑ ∑          
 
                                        

And the estimator is the value of    that maximizes this function. At the maximum of the Likelihood function, its 

derivative with respect to each of the parameters is zero that is from equation     , 

                                                                     
       

    
                                            

The maximum likelihood estimates are therefore the values of   that satisfy this first order condition.   

3.6 Evaluation for Severity Prediction Model: 

 Goodness of fit tests can be conducted to test how well the model fits the data. The following test can be conducted: 

The likelihood ratio index    is defined as: 

                                          = 1- 
      

     
                                    

Where          is the value of the log-likelihood function at convergence with all parameters estimated. LL (0) is its 

value when all parameters except the constant are set equal to zero. If the estimated parameters do no better, in terms of 

the likelihood function, than zero parameters, then                 and   =0. When    =1, the model is achieved 

because each crash severity in the calibration data set is predicted perfectly.  

4.    RESULTS 

4.1 Variable Selection: 

 The selection  of  independent  variables  included  the  following  considerations:  factors identified  in  the  literature  as  

contributing  to crash  severity, human factors,  and  factors  related  to  crashes  with  high  severities. There  are many  

attributes within  each  crash  record  stored  in  the  annual  crash database and they can be divided  into  three  

categories:  human  related,  roadway  and environmental  related, and vehicle  related. The analysis started by testing the 

significance of the association, that each explanatory variable could have with the dependent variables. For these purposes 

the chi-square test is applied and given in Table-1 below. Even  though  the  dependent  variable  is  count  of   injuries  

severity  given accident  occurrence,  during  the  application  of  chi-square  test,  it  was  assumed  as  a categorical  

variable.  This  was  done  for  making  the  chi-square  test  more  reliable  in  its results. Accordingly, the categories for 

the dependent variable are for injuries severity: property damage only, slight injury, severe injury and fatal. The chi-

square  test  results at appendix table 1 indicate  that  the  variables: Age of Drivers, Driver's Gender, Driver's Education 

Level, Driver's Experience, Vehicle Type, Vehicle Owner, Vehicle Defect, Road Topography, Type of Road surface, 

Road Junction, Weather Condition, Time, Pedestrian physical  fitness and Month are  significantly  associated with  the 

dependent  variable. While Day, Condition of Light and Type of Road Surface are not significant.  

4.2 MNL Model Estimation Results: 

The dependent  variable,  crash  injury  severity,  was  coded  as  fatal,  severe  injury,  slight injury and PDO crash  in  the 

original crash dataset.  In the process of model estimation in the STATA  software, crash  severity was described  in  

terms of alternatives 1, 2, 3, and 4, representing  crash  injury  severity  ranging  from  PDO  to  fatal  crash  respectively. 

A MNL model can be described by a situation where the main influences on the choice outcome are the characteristics of 

the observations (i.e. individual crash). Our data are described only by the characteristics of crashes whose attributes do 

not vary across outcomes. For example, the time of a crash does not vary across severity level for that individual crash, 

but it does among observations in the dataset as a whole. The response variable, crash injury severity is going to be treated 

as categorical under the assumption that the levels of injury status have no natural ordering and are going to allow STATA 

to choose the reference group, as default.  In practice, when estimating the model, coefficients of the reference group are 

set to zero. Since 4 injury severities exist, only (4-1) distinct sets of parameters can be identified and estimated. 

Multinomial logistic regression, like binary and ordered logistic regression, uses maximum likelihood estimation, which is 
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an iterative procedure. The first iteration (called iteration 0) is the log likelihood of the null or empty model; that is, a 

model with no predictors.  At the next iteration, the predictor(s) are included in the model.   At each of  iteration,  the  log 

likelihood  decreases  because  the  goal  is  to  minimize  the  log  likelihood.  When the difference between successive 

iterations is very small, the model is said to be converged, the iterating stops, and the results are displayed. 

4.3 Parameter Estimation and Interpretation of MNL: 

In multinomial regression estimation, the three parameters are estimated: slight injury relative to PDO, severe injury 

relative to PDO and fatal relative to PDO. The coefficients of the estimated model can be interpreted as follows. A 

positive significant coefficient on a variable indicates that the variable is associated with a higher probability of being in 

that group choice relative to the reference group. The implication is that the probability of a crash at that level of severity 

is greater than the probability of placing it in the reference group. The negative sign means that the probability of a crash 

at that level of severity is smaller than the probability of placing it in the reference group. For example, the coefficient of 

driver age use is a positive value of 5.47 for the severity level of slight injury, indicating that the probability of a crash to 

be a slight injury crash is higher than a PDO crash if a level changes in level of diver age. An important feature of the 

multinomial logit model is that it estimates k-1 models, where k is the number of levels of the dependent variable.  In this 

study, STATA by default set PDO as the reference group.  Since  the  parameter  estimates  are  relative  to  the  reference 

group,  the  standard  interpretation of  the multinomial  logit  is  that  for a level change  in  the predictor  variable,  the  

logit  of  outcome  k  relative  to  the  reference  group  is  expected  to change  by  its  respective  parameter  estimate  

given the other variables  in  the  model  are  held constant. The detailed Multinomial output result is given at appendix. 

4.4 MNL Model Goodness of Fit Test: 

4.4.1 over all Test of Model Adequacy: 

The  Likelihood Ratio  (LR) Chi-Square  tests  LR     (42)  that  for the  three  equations, slight injury relative to PDO, 

severe injury relative to PDO and fatal relative to PDO for, at least one of  the predictors'  regression  coefficient  is not  

equal  to  zero. The number  in  the parentheses indicates the degrees of freedom of the Chi-Square distribution used to 

test the LR Chi-Square  statistic  and  is  defined  by  the  number  of models  estimated  (3)  times  the times  the number 

of predictors in the model (14)  equal  to  (42).  The LR Chi-Square statistic can be calculated by, 

   (                             ) 

                                                                        —           

            

Where L(null model) is from the log likelihood with just the response variable in the model  (Iteration  0)  and  L(fitted  

model)  is  the  log  likelihood  from  the  final  iteration (assuming the model converged) with all the parameters.  The  

null  hypothesis is  that  all  of  the  regression  coefficients  across  models  are simultaneously  equal  to  zero.  In other 

words, this is the probability of obtaining this chi-square statistic (4962.11942) if there is in fact no effect of the predictor 

variables. The small p-value  from  the  LR  test <  0.00001,  would  lead  us  to  conclude  that  at  least  one  of  the 

regression coefficients in the model is not equal to zero. 

4.4.2 Likelihood Ratio Index: 

The likelihood ratio index   is calculated as from equation (7), 

                                            
      

     
. 

Where        is the value of the log-likelihood function at convergence and LL (0) is the first iteration. Thus, 

    
          

        
 

        

The goodness fit test for MNL model result is shown in Table-2 below. Since   > 0, that is 78.25% then the estimated 

parameters do better, in terms of the likelihood function than zero parameters or null model. 
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Table 2: Result of MNL Model Goodness of Fit Test 

Log likelihood at Zero -2237.66 

Log likelihood at Convergence -486.79942 

Number of Observations 3,125 

LR index     0.7825 

5.    DISCUSSION 

This study focused on Crash prediction model of the injury severity. Therefore, I have the following discussion. From the 

driver related variables driver's age, driver's education and driver's experience are positively associated on injury severity. 

Similar results were found by Abdel-aty et al.(1998), their result suggest that injury severity is positively associate with 

age; they conclude that middle-age drivers are more likely to be involved in crash injury severity.  Among vehicle related 

variables only vehicle owner is positively associated for all injury severity. Similar result were found by (O'Donnel and 

Connor, 1996). 

6.   PREDICTED PROBABILITIES 

One of the objectives of the study is to predict the future status of crash injury severity.  In order to observe how crash 

injuries severities are going on for the future, we have predicted the probabilities for each level of injury severity by 

applying multinomial logit to the data. And the predicted probabilities for Property damage and severe injury are high in 

most of predicted crash events while low for slight injury, and fatal. The result of predicted probabilities for injury 

severity is given by Table-3 at Appendix.  

7.   CONCLUSIONS 

This study set out to address the following objectives. First, to identify and describe the main contributing factors to crash 

injuries severity in Addis Ababa including  driver related, vehicle related, driver and vehicle related, road and 

environment related, time related and  pedestrian related factors. Second, to apply multinomial logit model to crash injury 

severity data and making probability prediction of injury severity. The following conclusions have been drawn based on 

the analysis conducted in this study. In order to identify and describe the factors contributing to the severity of crashes in 

Addis Ababa, it was decided to fit alternative discrete choice model to injury severity data in Addis Ababa so that the 

significance and magnitude of the coefficients estimated in the model would identify and describe the factors affecting 

crash severity. Multinomial Logit model were used. Results indicate that from the driver related variables driver's age, 

driver's education, and driver's experience are positively associated with injuries severity. Among vehicle related variables 

only vehicle owner is positively associate with injury severity. Among Road related variables only road topography is 

positively associated with injury severity. In order to reduce injury severity in Addis Ababa, all concerned bodies should 

give attention to the factors which were positively associated with injury severity. As recommendation, further studies are 

recommended to apply Ordered mixed logit and Bayesian ordered probit because of underreported crash injury severity 

may exist. 
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APPENDIX - A 

Inferential Statistical Results 

Table1: Chi-square Test of Association 

Variables Chi-square Df P-value 

Driver’s Age 29.004 12 0.00   

Driver’s Gender 19.836 6 0.00   

Day 8.433 18 0.971 

Driver’s Educational Level 99.550 15 0.00   

Driver’s Experience  48.884 15 0.00   

Driver’s Defect 77.793 12 0.00   

Vehicle Type 89.388 21 0.00   

Vehicle Owner 90.237 9 0.00   

Vehicle Owner 94.881 6 0.00   

Road Topography 78.780 9 0.00   

Type of Road Surface 10.694 6 0.098 

Condition of Light 17.912 9 0.078 
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Road Junction 43.499 12 0.00   

Weather Condition  95.113 9 0.00   

Time 62.623 9 0.00   

Pedestrians Physical Fit 93.402 9 0.00   

Month 63.188 33 0.00   

(* Significant at 5% level of       ) 
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Table 3: Predicted probability of injury severity by using multinomial model.Predict p1 p2 p3 p4 (option pr assumed; predicted 

probabilities).List p1 p2 p3 p4 in 1/15 

Levels P1(PDO) P2(Slight injury) P3(Severe injury) P4(Fatal) 

1 0.844 0.023 0.122 0.011 

2 0.817 0.020 0.158 0.005 

3 0.872 0.046 0.052 0.030 

4 0.785 0.085 0.105 0.026 

5 0.635 0.059 0.231 0.045 

6 0.934 0.022 0.033 0.011 

7 0.249 0.301 0.418 0.330 

8 0.821 0.034 0.105 0.004 

9 0.468 0.051 0.007 0.041 

10 0.847 0.082 0.062 0.080 

11 0.572 0.088 0.290 0.050 

12 0.632 0.124 0.164 0.078 

13 0.941 0.020 0.023 0.016 

14 0.653 0.121 0.164 0.062 

15 0.122 0.357 0.408 0.112 

 


