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Abstract 

This study aims to apply a generalized linear model for investigating the relationship between road traffic accidents and the 
resulting fatalities in Nigeria. The main objectives are to determine the most suitable model fits, compare the models used, 
and examine the relationship between the total cases and log deaths by modelling the number of road traffic accidents in 
Nigeria. The study adopts Poisson regression and negative binomial regression model for data analysis to achieve the set 
goals. The data used for this research are secondary data collected from annual reports on road traffic accidents of the Federal 
Road Safety Commission of Nigeria between 1960 and 2017. The study establishes that the number of traffic accidents on 
roads in Nigeria is continually increasing, and efforts by the government and relevant agencies have been mostly unsuccessful 
in addressing this danger. Moreover, the highly dangerous conditions on Nigerian roads result in a daily loss of innocent 
lives that otherwise would have significantly contributed to economic growth.    

Keywords: Regression ‧ Poisson ‧ Negative Binomial ‧ Road Traffic Accident ‧ Count Data 

 
Introduction 

The transportation sector comprises a significant part of the economy; it influences the improvement and welfare of 
individuals, and it is essential for the advancement of any country (Rodrigue & Notteboom, 2009). As indicated by the World 
Health Organization (2009), road transportation benefits countries and people by enabling the movement of merchandise and 
individuals, empowering expanded access to workplaces, economic markets, education, recreation, and healthcare, thereby, 
directly and indirectly, affecting the health of the populace positively. Despite these numerous advantages, road accidents 
negatively impact the social, political, and economic development of any country. The inefficient movement of individuals 
and merchandise reduces productivity and waste energy increases emissions, compromises well-being, and threatens the 
quality of life. Rapid growth in the population, employment, and trade has prompted the increasing demand for road 
transportation networks; because of this, the efficiency of road networks has come into question. 

World Health Organization statistics show approximately 1.3 million road traffic accident (RTA) fatalities, which 
extrapolated into more than 3,000 per day (WHO, 2010). Besides, between twenty and fifty million minor injuries sustained 
in accidents, which significantly contributes to global disabilities. Furthermore, the WHO Report indicates that 80% of road 
traffic deaths occur in low- and middle-income nations, despite only representing 33% of the total global registered vehicles. 
Road traffic injuries are among the three primary causes of death for the age group between 5 and 44 years. This statistic is 
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an indirect effect of the exponential growth in motorization without adequate improvements in road safety strategies and 
land use planning. 

The estimation that RTAs or crashes will comprise the third most primary cause of global death by 2020 if not managed 
through preventive measures (WHO, 2010). While Southeast Asia has the highest percentage of the total global road 
fatalities, when comparing the rate of deaths from road traffic injuries between Africa and Europe, the former has the highest 
at 28.3 per 100,000 population (when adjusted for under-reporting) as to 11.0 for the latter (Peden, Scurfield & Sleet, 2004). 
In the low-income nations and regions of Africa, Asia, the Caribbean, and Latin America, the largest number of road deaths 
occur among pedestrians, passengers, cyclists, motorcyclists, and occupants of buses and minibuses (Nantulya & Reich, 
2002). By contrast, for the majority of high-income nations are among the occupants of vehicles. However, when viewed 
with relative casualty rates (deaths for any measure of exposure) among all users of the traffic system, these regional 
disparities are not in evidence. There is general acceptance that vulnerable road users—people on foot, cyclists and 
motorcyclists—face a higher risk of deaths from vehicular accidents for vehicle occupants (ETSC, 2003). 

Notwithstanding the deaths and injuries, road-related crashes result in immense pain and suffering, as well as high medical 
costs and lost productivity. The profound effect of highway safety on society has given rise to costly measures for road 
safety, road use regulations, and several policies for the manufacture of roadworthy vehicles. The proportion of the global 
economic impact of motor vehicle crashes estimates is between 1% and 3% of the GNP of every country for a total average 
amount over $500 billion. Reducing road accidents and fatalities will reduce suffering, open development, and free assets 
for other productive use.  

Murray and Lopez have shown that this is continuing to deteriorate, whereby road accidents are ranked as the ninth-most 
leading cause of death in 1990 when compared with the third-most predicted by 2020 (Murray &Lopez, 1997). Against this 
background, road injuries were selected by the World Health Organization as the focus for World Health Day in 2004 (WHO, 
2004). Accordingly, over the years, road accidents have become a significant issue in global transport policy management. 

In Nigeria, the first occurrence of an RTA counterintuitively correlates with the improvements in national road transport (Isa 
& Siyan. 2016). The first RTA in Nigeria recorded in Lagos in 1906 (Oluduro, 1999). For the more significant part of the 
century, the national accident rate remained low, for the most due to the low number of vehicles for the population 
(Ogunsanya, 2004). The question of road accidents driven to the fore, since the 1970s, the significant improvement in national 
economic growth that followed the oil boom. Therefore, whether considered from a local or international point of view, those 
human and material assets, that are imperative for development, are destroyed in road accidents. Predictions are that, by 
2030, deaths resulting from RTAs will surpass those from cerebrovascular sickness, tuberculosis, and HIV/AIDS in Nigeria. 
(Iyanda, 2018).  

Circumstances in Nigeria have exacerbated by barely noticeable emergence of alternative methods of transportation. 
Assumingly, 90% of passengers and cargo in Nigeria depend on the road network, the attendant to the risk of higher numbers 
and rates of RTAs (Sumaila, 2013). Road transport is the predominant method of transportation in Nigeria and accounts for 
more than 90% of the sub-sectors contribution to the Gross Domestic Product (Siyan, 2017). 

In recent years, growing interest has shown in research on road accidents as a significant cause of deaths in Nigeria. It 
attributed to the second-most prominent national cause of death after malaria (FRSC, 2009). The Federal Road Safety 
Commission publishes the Statistics on Road Accidents in Nigeria, Division of Policy, Research and Statistics. These show 
that between 1960 and 2017, there were 1,134,760 road accidents (FRSC, 2017). The aggregate comprised 1,596,066 
casualties, of which 356,082 were fatalities, while 47,736 were severe injuries. This statistics denotes an average of 976 
deaths daily in Nigeria attributable to road accidents. The most unfortunate human aspect of these fatalities is that a large 
number of them were individuals within the national work age group. From this point of departure, considerable attention is 
given to the study of road accidents and their impacts on human lives and properties in Nigeria. 

The disproportionately large impacts of RTAs on human lives, properties, and the environment, has resulted in a large number 
of studies undertaken into their causes and impacts, and to provide relevant recommendations for Nigeria and the world. The 
causes mentioned above include the consumption of alcohol, mechanical failure, and exceeding speed limits (Ukwu & 
Adedokun, 2016). Notwithstanding, the Federal Road Security Commission, National Bureau of Statistics, and other related 
organizations report a constant increase in RTAs because of over-speeding and bad roads (NTTR, 2004). Thus, there is a 
need for analysis of the Road Traffic Crashes statistics to establish what evidence there is for the increase in the road accidents 
responsible for the extensive annual loss of life. These road accidents have killed many individuals in this nation and, 
accordingly portrayed as one of the significant reasons for death in Nigeria. The reasons for the death of casualties in road 
accidents are related to the secondary collision, inappropriate treatment of casualties, and lack of emergency services in the 
nation. 

Researchers used some models for analyzing vehicle accidents in different parts of the world. It is not easy to apply one 
globally appropriate model, since those that have been successful in some countries but not adapted for country-specific 
national databases (Fletcher, Hanton & Mellalieu, 2006). There is limited prior statistical research in the field of road 
accidents in Nigeria. A possible explanation, therefore, may have been the lack of access to adequate national data for road 
accidents and their impact on human lives and properties.  
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Many factors identified as potential causes of casualties in road traffic accidents in Nigeria, according to the publications of 
the FRSC on policy, research, and statistics. These factors include the location, age and sex of the casualties, type of vehicle 
involved, nature of the road, climate conditions, day of the week, time of day, and the personal information of a person whose 
vehicle is involved.  

The areas of concern this study aims to compare the results of the model and investigate the relationship between RTAs and 
the resulting fatalities by using the Poisson regression and negative binomial regression models. Also,  to estimate the trend 
of deaths arising from RTAs in Nigeria using appropriate models. These models were applied exclusively for some Nigerian 
states by Adenomon and Ayuba in their studies for some years (Adenomon & Ayuba, 2018). However, in this study, the data 
for the entire country is used to estimate the relationship between death, total cases, and the time of RTAs (years). 

The vital import of this research is to stand as cautionary advice to government for its primary responsibility of protecting 
the lives of its citizens by building durable roads and ensuring that the contracts to it awarded to credible construction 
companies. It will also prompt the government to prosecute the failure of responsibility by the relevant authorities in 
maintaining roads. Also, to ensure they carry out their duties in prosecuting traffic offenders. 

In recent years, research on road crashes globally has become very popular. The following are some of the research done:  

George, Athanasios, and George studied road accident severity per vehicle type in Greece. They found that theirs was the 
first dedicated analysis of accident severity for various vehicle types in Greece (George, Athanasios & George, 2016). They 
used mathematical models that apply lognormal regression for data from 59,316 recorded accidents. In those accidents, 
107,679 people injured. They found that the right weather conditions and crashes at night were related to the increased 
severity of the accident severity. The types of RTA identified in their study is considered to be noteworthy in their 
applicability in many models.  

Singh, Sahni, Bilquees, Khan, and Haq conducted a descriptive study into two tertiary healthcare delivery institutes in 
Kashmir, India (Singh et al. 2016). The most widely prevalent type of RTA recorded in the study was collisions with multiple 
incidents (42.7%) followed by pedestrians being knocked down with 95 (30.1%) and falling with 35 (11.1%). Overturning 
the vehicle and running over pedestrians accounted for an equal number of RTAs with 15 (4.7%). Additionally, there were 
nine incidents (2.8%) where colliding with an object was reported.  

Gomez and Bocarejo modelled traffic accidents in the Bus Rapid Transit (BRT) scheme in Bogota, Colombia, for each 
station using 35 variables (Gomez & Bocarejo, 2015). They considered selecting either a generalized linear or a neural 
network model to compare outcomes. Since the neural network model had better predictability indicators, this assisted them 
in constructing a scenario analysis.  

Balogun, Awoeyo, Akinrefon, and Yami compared the performance of the autoregressive model (AR), autoregressive 
integrated moving average model (ARIMA), and moving average model (MA) on road accident data collected from FRSC 
Lagos State, Nigeria between and 2004 and 2011 (Balogun, Awoeyo, Akinrefon, & Yami, 2015). The results indicated that 
the ARIMA (3,1,1) and MA (0,1,2) as the most suitable models based on mean square error (MSE) and AIC. It also showed 
that the lowest and highest number of annual accidents were recorded respectively for July and between October and January. 

Siyan, Oyeyemi, and Agunbiade analyzed road accidents and their prevention in Nigeria using the Augmented Dickey Fuller 
(ADF) test by co-integrating Johnsen's methodology (Siyan, Oyeyemi & Agunbiade, 2019). The results showed a long-term 
equilibrium in the relationship between the total number of casualties and that of fatal and minor incidences of accidents in 
Nigeria. There is a positive and significant relationship between fatal cases, severe cases, and the total number of casualties, 
while minor cases have a negative relationship and a significant relationship with the total number of casualties. 

Oyedepo and Makinde examined data for accidents on the 52 km long Akure-Ondo carriageway and spot speed data between 
2002 and 2007 (Oyedepo & Makinde, 2010). The results of the multiple regression analysis showed that the correlation 
coefficient (R) value was 70.70%, and the coefficient of determination (R2) was 49.70%. 

Balogun, Awoeyo, and Dawodu analyzed data for RTAs between 1989 and 2008 collected from the FRSC for Lagos state, 
Nigeria, by using a time series model (Balogun, Awoeyo & Dawodu, 2014). Based on the AIC and SIC, the Auto-Regressive 
model (AR) identified as the most suitable. The results revealed a positive cubic trend of the number of accidents on time, 
as well as indicated an increasing trend sequence for road traffic accidents in Nigeria.  

Abdulkabir, Tunde, and Edem studied the pattern of road traffic accidents in Nigeria using the data from Ibadan, Oyo state 
as a case study (Abdulkabir, Tunde & Edem, 2015). The authors used a time series analysis, and their results predicted an 
increase in the number of future accidents.  

Oyenuga, Ayoola, and Shittu examined month-to-month road accident data for the Oyo-Ibadan express roads (Oyenuga, 
Ayoola & Shittu, 2016). The results obtained in the SARIMA model showed a positive pattern in the accident rate.  

Balogun and Bright indicate that monthly activities contribute significantly to the rate of accidents for all the years under 
study (Balogun & Bright, 2013). In research, they structured two binary response models (logit and probit models) for data 
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on road accidents in Niger and Abuja collected from the FRSC in Nigeria. Kareem, Oke, and Lawal performed a statistical 
analysis on information for road accident casualties in Nigeria, to forecast resulting fatalities (Kareem, Oke & Lawal, 2012). 
The results revealed that the fatalities of road accidents have polynomial associations with either the number of road users 
or time. The highest annual accident fatality coefficient obtained for the total number of road users was 0.17. The result from 
the combined modelling of road users and time indicated that the accident fatalities would increase in the future, with the 
exception where roads are maintained and drivers well behaved.  

Pai used UK national accident information from 1991 to 2004 to examine the severity of one or more RTAs which occurred 
at T-junctions and involved at least one motorcycle (Pai, 2009). The author applied logistic regression and found that those 
small numbers of variables that appeared to increase severity were rider age (more than 60 years of age), high engine size, 
fair weather, right-way violation, and involvement of heavy goods vehicles.  

Valent, Schiava, Savonnito, Gallo, Brusaferro and Barbone applied logistic regression to assess the relationship between 
driving skills and accident severity in Italy (Valent et al. 2002). The results showed that males are more likely to be involved 
in fatal accidents and that motorcar drivers less likely to be fatalities than motorcyclists. Similarly, Chang and Wang 
conducted a study into road accidents in Taipei, Taiwan, and argued that the most significant factor influencing crash severity 
was the type of vehicle (Chang & Wang, 2006).  

Hesse et al. proposed a modified form of Smeed's regression model for estimating road traffic fatalities in Ghana (Hesse, 
Ofosu & Lamptey, 2014). The results showed that their modified model approximates the estimates for road traffic fatalities 
in Ghana more accurately than that of Smeed's regression model (Smeed, 1949).  

Related prior studies conducted, using the application Poisson regression and negative binomial regression model on RTAs. 
In Nigeria, this method was used by Adenomon and Ayuba for research on RTAs on the Keffi-Lafia road between 2006 and 
2015 (Adenomon & Ayuba, 2018). Their results showed no evidence of the problem of over-dispersion and the estimate of 
both models showed that there is a significant negative annual trend of about 7.5% in deaths from RTAs. The results also 
show that the Poisson regression model is more robust than the negative binomial distribution model. 

Nwankwo and Nwaigwe analyzed the data on RTAs from Anambra State Command of the FRSC utilizing Poisson 
regression, negative binomial regression, and generalized Poisson regression models (Nwankwo & Nwaigwe, 2016). The 
authors used the Akaike Information Criterion (AIC), and the negative binomial regression model gave the best estimates of 
road traffic accidents in Anambra State, Nigeria. 

Adenomon, Yahya, and Tela explored the pattern in vehicular accident cases in Nigeria using the annual data from 1995-
2015 (Adenomon, Yahya &Tela, 2017). Their results using Poisson and negative binomial regression models showed that 
accidents in Nigeria increase annually by 0.545%. 

In their study conducted in Ghana, Oppong and Asiedu-Addo employed a negative binomial distribution to fit a model in 
ascertaining the significance of vehicular type in road accidents fatalities using secondary data from to 2001-2010 (Oppong 
& Asiedu-Addo, 2014). The results showed that over this period, the fatality of road accidents increase with time because 
there was a 53% logarithmic increase, the type of vehicle involved in the road accident significantly influences the fatality 
of the accident, and it determines if one would be killed or survived in the accident. Besides, Oppong determined age as a 
risk factor of road accident fatality in Ghana using a Poisson regression model and a negative binomial regression model for 
the number of people killed in RTAs in Ghana between 2001 and 2010 (Oppong , 2014). The results showed that the negative 
binomial regression model best fit the data; road fatality increases over time. This evidence occurs between 2001 and 2010 
through a 53% logarithmic increase, when the age of the person involved in the accident could significantly determine the 
probability of fatality. In the latter, the sequentially decreasing probability is for the age group from 26-35 years, followed 
by 16-35, and 36-45.  

Omari-Sasu et al. sought to determine an appropriate count regression that to adequately fit the road accidents in Ghana and 
determine the key predictors using the appropriate model concerning the number of RTA fatalities (Omari-Sasu, Isaac & 
Boadi, 2016). The results revealed that the negative binomial regression model is the best based on the AIC, BIC, and the 
deviance goodness of fit estimated. It also showed that the key predictors contribute significantly and have a significant 
effect on the predicted number of RTA fatalities within the study period. 

Oppong and Assuah compared the Poisson regression and negative binomial regression models using the number RTA 
fatalities in Ghana, and they included those days on which accidents occurred between 2001 and 2010. Their results showed 
that the negative binomial regression model to be the most appropriate model, whereby the day of the week on which an 
accident occurs shown to significantly affects the predicted number of people killed in that accident, and that Saturday had 
the highest number RTAs in Ghana (Oppong & Assuah, 2015). 

Material and Methods 

The data used in this study were secondary data collected from an annual report of the FRSC, Nigeria. This study evaluated 
accident data for the forty-seven-year period from 1960 to 2017. It comprises the annual number of RTA fatalities, the time 
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of RTAs (years) (as the response variable), and the total cases (as the explanatory variables). A descriptive analysis of the 
data and additional analysis performed using the STATA statistical software package. Poisson regression and a negative 
binomial regression model analysis conducted. 

Model Specification 

Poisson Regression Model 

The classic Poisson and negative binomial regression models for count data belong to the family of generalized linear models 
(Zeileis, Kleiber & Jackman, 2008). 
Poisson regression is a non-linear regression analysis of the Poisson distribution, where the analysis is highly suitable for 
use in analyzing discrete data (count) if the mean equals the variance process. In Poisson regression, Assumingly, the 
dependent variable Y, a number of occurrences of an event, has a Poisson distribution given the independent variables ��, ��, … , ��. 

��	 = �� = ����
�! , � = 0,1,2   (1) 

where ��	� = �  ��� ����	� = � . This is called the equi-dispersion property of the Poisson distribution. The log of the 
mean μ is assumed to be a linear function of the independent variables, that is, 
  �� = !" + !��� + !��� + ⋯ + !���  (2) 

 
where 	~&��� or equivalently, 

� = '�()*(+,+*(-,-*⋯*(.,.�   (3) 
 

This is the model for analyzing the count data.  
In a few instances, the response may be in the form of events of certain types that occur over time, space, or some other index 
of size. In this situation, it is often relevant to model the data as the rate at which events occur. When the response count Y 
has an index (such as population size) equal to t, the sample rate of occurrence is 	/0. The expected value for the rate is �/0. 
Thus, for analysis rate data, the model can be written as  
 

 � 1�
23 = !" + !��� + !��� + ⋯ + !���   (4) 

 
This model has an equivalent representation as 
  � � −  � 0 = !" + !��� + !��� + ⋯ + !���   (5) 

 
The adjustment term − � 0on the left-hand side of the equation is called an offset. 

 
Negative Binomial Regression (nbreg) 
 

The negative binomial regression model is derived by rewriting the Poisson regression model such that 
  � � = !" + !5�5 + 65    (6) 
The negative binomial regression distribution has the form. 

��	 = �� = 71+
8*�3

71+
83�! 9 +

8
1+

83*� :
+
8 9 �

1+
83*�:

�
   (7) 

y represents the number of road traffic crashes, and � is the mean or expected number of persons that died in a road traffic 
crash. 
 
 Γ�. � is a gamma function. This results in a likelihood function.  
 

<�	5� = 71+
8*�3

71+
83�! 9 +

8
1+

83*� :
+
8 9 �

1+
83*�:

�
   (8) 

 
Maximum likelihood estimation was used to estimate the parameters in the negative binomial. In addition, the interpretation 
of regression coefficients for negative binomial regression is the same as that of the Poisson regression. 
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Model assessment: Goodness of fit.  
 

After fitting the Poisson regression model, it is very important to check the overall fit as well as the quality of the fit of the 
respective models. The quality of the fit between the observed values (y) and the predicted values �̂ can be measured by the 
various test statistics, but one useful statistic is named the deviance goodness of fit test, which is defined as 
 

>��: �̂� = −2 ∑ �5
A
5B�  � 1�C

�DC
3 − (�5 − �̂5)    (9) 

 
where �5 represents the number of events (observed values or counts), n is the number of observations, and �̂ is the fitted 
means (predicted values) of the models. For a better model, a smaller value of deviance is expected. Thus, the smaller the 
value of the deviance obtained for the specific model, the more suitable the model. 

 

Results and Discussion 

 
The data on road traffic crashes in Nigeria were obtained from the annual report from FRSC and analyzed using STATA 12 
statistical software. 
 

Results 
 

From the data, Figure 1 reveals that the highest number of RTA fatalities in Nigeria was recorded in 1992, the lowest in 1971 
with 6,986 and 129 cases, respectively, whereas the average is 3,225 cases (see Table 1).  This fact indicates that RTAs cases 
in Nigeria continue to increase. Figure 2 shows the highest number of serious RTAs was recorded in 1989 and the lowest in 
1974 with 690 and 17,352 cases respectively while the average is 8,074 cases (see Table 1). Figure 3 shows that the highest 
minor RTA cases are recorded in 1976 with 19,624 cases, while the lowest is 1989 with 452 cases, whereas the average is 
8,509 (see Table 1). Figure 4 shows that the highest number of RTAs was recorded in 1976, followed by 1982 and 1978 with 
40,881, 37,094, and 3,611 cases, respectively while the average is 18,404 cases (see Table 1). Figure 5 shows that the highest 
number of fatalities (death) in RTAs was recorded in 1982, followed by 1983 and 1981, with 11,382, 10,462, and 10,202 
persons killed, respectively while the average is 6,045 persons (see Table 1). This detail shows that the number of persons 
killed because of RTAs in Nigeria continues to increase. Also, the lowest injured RTAs is recorded in 1992 with 5,759 cases, 
the highest is 2013 with 40,057 cases and the average is 20,002 cases (see Figure 6 and Table 1). Lastly, the highest number 
of casualties recorded in 1982 and the lowest in 1963 with 46,601 and 9,303 cases, respectively while the average is 26,046 
cases (see Figure 7 and Table 1).  
 

 
Fig. 1: Bar graph showing the number of fatalities from 1960-2017 on Nigerian roads (Source: Personal Collection) 
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Fig. 2: Bar graph showing the number of serious cases from 1960-2017 on Nigerian roads (Source: Personal Collection) 

 

 

 
Fig 3. Bar graph showing the number of minor cases from 1960-2017 on Nigerian roads (Source: Personal Collection) 
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Fig 4. Bar graph showing the number of accidents cases from 1960-2017 on Nigerian roads (Source: Personal Collection) 

 

 
Fig 5. Bar graph showing the number of deaths cases from 1960-2017 on Nigerian roads (Source: Personal Collection) 
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Fig 6. Bar graph showing the number of injured cases from 1960-2006 on Nigerian roads (Source: Personal Collection) 

 

 
Fig 7. Line graph showing the number of total casualties from 1960-2006 on Nigerian roads (Source: Personal Collection) 
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Table 1:  Summary Statistics (Source: Personal Collection) 

 

 

summarize fatal serious minor cases death injured casualties 

    Variable |       Obs        Mean    Std. Dev.       Min        Max 

-------------+-------------------------------------------------------- 

       fatal |        58    3079.103    1787.612        129       6986 

     serious |        58    8074.103    3439.787        690      17352 

       minor |        58    7167.655    5379.904        452      19624 

       cases |        58    18403.93    9186.706       1754      40881                                                                                                                   
death        |        58      6044.5    2720.962       1083      11382 

-------------+-------------------------------------------------------- 

     injured |        58    20001.66    7264.502       5759      40057 

  casualties |        58    26046.16    9142.606       9303      46601 

 

 

 

Table 2: Results from Poisson regression analysis (Source: Personal Collection) 

 

Poisson death case time 

Poisson regression                                Number of obs   =         58 

                                                  LR chi2(2)      =   44515.49 

                                                  Prob > chi2     =     0.0000 

Log likelihood = -16853.273                       Pseudo R2       =     0.5691 

 

------------------------------------------------------------------------------ 

       death |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

        case |    .000041   2.17e-07   188.53   0.000     .0000406     .000414 

        time |   .0225021   .0001393   161.57   0.000     .0222291    .0227751 

       _cons |   7.217317   .0081427   886.79   0.000     7.201358    7.233277 

------------------------------------------------------------------------------ 

 

. estat gof 

 

         Deviance goodness-of-fit =  33103.34 

         Prob > chi2(44)          =    0.0000 

 

         Pearson goodness-of-fit  =  41088.88 

         Prob > chi2(44)          =    0.0000 
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. estat ic 

 

----------------------------------------------------------------------------- 

       Model |    Obs    ll(null)   ll(model)     df          AIC         BIC 

-------------+--------------------------------------------------------------- 

           . |     58   -39111.16   -16853.42      3     33712.84    33719.02 

----------------------------------------------------------------------------- 

               Note:  N=Obs used in calculating BIC; see [R] BIC note 

 

The Poisson regression model is given as EFG(>'�0ℎ) = 7.2173 + 0.00004L�M'M + 0.02250OP' 

 

 

 

 

Table 3:  Sample Result from Negative Binomial regression analysis (Source: Personal Collection) 

 

nbreg death case time, dispersion(mean) 

Negative binomial regression                      Number of obs   =         58 

                                                  LR chi2(2)      =      44.69 

Dispersion     = mean                             Prob > chi2     =     0.0000 

Log likelihood = -520.96492                       Pseudo R2       =     0.0614 

 

------------------------------------------------------------------------------ 

       death |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

        case |   .0000371   5.18e-06     7.17   0.000      .000027    .0000473 

        time |   .0255649   .0035212     7.26   0.000     .0186635    .0324663 

       _cons |   7.196545   .1728131    41.64   0.000     6.857838    7.535253 

-------------+---------------------------------------------------------------- 

    /lnalpha |  -2.055557   .1822453                     -2.412752     -1.8557 

-------------+---------------------------------------------------------------- 

       alpha |   .1280215   .0233313                      .0895685    .1829828 

------------------------------------------------------------------------------ 

Likelihood-ratio test of alpha=0:  chibar2(01) = 3.3e+04 Prob>=chibar2 = 0.000 

 

. estat ic 

 

----------------------------------------------------------------------------- 

       Model |    Obs    ll(null)   ll(model)     df          AIC         BIC 

-------------+--------------------------------------------------------------- 

           . |     58   -543.3108   -417.4695      4      1049.93    1058.172 
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----------------------------------------------------------------------------- 

               Note:  N=Obs used in calculating BIC; see [R] BIC note 

The negative binomial regression model is given by EFG(>'�0ℎ) = 7.1965 + 0.00004L�M'M + 0.02560OP' − 2.0556 ��E&ℎ� 

 

 

 

Table 4: Death Forecast from 2021-2032 (Source: Personal Collection) 

Year Forecast LCL UCL 

2021 5346.67 1783.63 8909.71 

2022 5402.13 1438.49 9365.77 

2023 5457.60 1129.51 9785.68 

2024 5513.06 848.20 10177.91 

2025 5568.52 588.94 10548.09 

2026 5623.98 347.80 10900.16 

2027 5679.44 121.85 11237.02 

2028 5734.90 -91.09 11560.88 

2029 5790.36 -292.75 11873.46 

2030 5845.82 -484.50 12176.14 

2031 5901.28 -667.47 12470.03 

2032 5956.74 -842.58 12756.06 

 

 

 

 
Fig. 8: Death Forecast graph (Source: Personal Collection) 
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Discussion 

 
The appropriate model that fits this data is the negative binomial regression model, which is visible from the AIC from the 
two models. The AIC of negative binomial regression (842.939), is smaller than that of the Poisson regression (33713). 
 
From the output of Poisson regression, when there is no effect of cases and time, the predicted deaths from RTAs in Nigeria 
is approximately seven persons. A unit increase in RTA will result in an increase of 0.004% in log deaths due to RTAs. 
Besides, the log deaths on Nigerian roads caused by RTAs annually increase by 2.3%. The coefficients in the model (cases, 
time, and constant) are all significantly different from zero (p < 0.05) (see Table 2). 
 
The goodness of fit test for the Poisson distribution shows p < 0.05. These numbers imply that there is a problem of 
overdispersion, which also suggests that Poisson regression is not the appropriate model to use for the data. The extreme 
significance of the goodness-of-fit  S� indicates that the Poisson regression model is inappropriate, suggesting that a negative 
binomial model should be employed. 
 
Moreover, since there is a problem of overdispersion in the dataset, the result for the Poisson regression model and negative 
binomial regression cannot be the same. Hence, from nbreg output when there is no effect of cases and time, the predicted 
number of RTA fatalities in Nigeria will also be 7. In addition, when the number of RTAs increases by 1 unit, it will result 
in an increase of 0.004% in log deaths due to RTAs. Furthermore, the log deaths caused by RTAs on Nigerian roads increases 
annually by 2.6%. The coefficients in the model (cases, time, and constant) are all significantly different from zero (p < 0.05) 
(see Table 3). 
 
The Poisson regression model is a special case of the negative binomial regression model, which corresponds to T = 0. The 
negative binomial regression, however, estimates T indirectly, estimating  � T Instead. In the nbreg model,  � T =
−2.254032, meaning T = 0.1050 (see Table 3) 
 
To test if T = 0 (equivalent to  � T = ∞), nbreg performs a likelihood ratio test. The staggering S� value of 33000 (that is, 3.3 × 10W� shows that the probability that we will observe this data is conditional on T = 0 is virtually zero, meaning it is 
conditional on the process being Poisson. When this happens, it indicates that the data is not Poisson, and it is no mistake 
that the S� value is close to the goodness-of-fit statistic from the Poisson regression itself (33103) ( see Table 2). 
 
In addition, the analysis shows that the value of the standard error of the coefficient in the model for Poisson regression is 
less than the values of the standard error of the coefficient in the negative binomial regression model. This indicates that 
when the count data follows the Poisson distribution, there is a small amount of evidence that it may be more efficient than 
negative binomial regression. 
 
In the analysis of RTAs on Nigeria roads, the results from the Poisson regression model show that the predicted log deaths 
of approximately seven per RTA on Nigeria roads when there is no effect from the total cases of road crashes and time. 
When the total number of cases increases by one unit, this will result in an increase of 0.004% in log deaths from RTAs, 
while RTA fatalities on Nigerian roads increase annually by 2.3% (see Table 2)  
 
Similarly, for negative binomial regression, the predicted log deaths of an RTA on Nigerian roads are also seven when there 
is no effect from the total cases and time. When there is increase in the total unit cases, this will result in an increase of 
0.004% in those log deaths due to RTAs. Nigerian RTA fatalities annually increase by 2.6% (see Table 3). The increased 
rate in the trend of log deaths from the RTAs indicates that the government agencies (Federal Road Maintenance Agency 
(FERMA), FRSC, and NPF) responsible for maintaining/constructing roads, ensuring compliance with traffic rules, 
regulating speed limits are required to sensitize and educate road users on the negative impact of RTAs on the economy. 
 
The test for overdispersion in the Poisson regression model shows it is present (since p < 0.05), confirming that negative 
binomial regression is an appropriate model to be used for the dataset in this study. The presence of overdispersion in the 
dataset corresponds to the observations in Famoye, John,  Karan, Nwankwo and Nwaigwe, where it is stated that the Poisson 
regression model is commonly affected by overdispersion (Famoye, John & Karan, 2004; Nwankwo & Nwaigwe, 2016). 
This finding is confirmed by the effect of overdispersion when the data analyzed in the Poisson regression model. 
 
Based on the forecast, the RTA fatalities will increase exponentially soon without intervention. The lowest number of deaths 
predicted for 2012 and the highest for 2032. The number of deaths in the observed are cyclical and fluctuate from year to 
year (see Table 4 and Figure 8). 
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Conclusion and Recommendations 

 
Poisson regression and negative binomial models were employed to determine the appropriate model for analyzing the 
dataset for the number of RTAs on Nigerian roads. The criterion used for the selection of the most suitable is the AIC. The 
most suitable model with a smaller AIC is the nbreg. Overdispersion suggests that nbreg is the most suitable model to be 
used for the dataset. The study concludes that there is a significant positive relationship between total cases and log deaths 
from RTAs between 1960 and 2017 on Nigerian roads. Also, this shows a significant upward trend in log deaths from for 
the same period. 
 
There is a crucial requirement for the government of Nigeria to establish an adequate transportation system on a national 
scale. This system will reduce road use as the primary mode of transportation and the improvement of alternatives, such as 
rail, water, and air. These interventions will reduce the total number of casualties and costs resulting from accidents. A 
comprehensive examination of RTA data suggests that roads are in poor condition, and the rate of RTA fatalities is alarming. 
This study, therefore, recommends that the government of Nigeria should heavily invest in upgrading the transportation 
infrastructure by repairing, widening, and construct new roads, to reduce the number RTA fatalities. In this, regulation and 
enforcement of speed limiting devices should be installed on all vehicles operating on Nigeria roads to reduce reckless 
speeding on expressways. This development also suggests all government road safety agencies should enforce a law 
prohibiting "Tokunbo" vehicle tires imported after being in use abroad for more than five years. Road users should be 
informed and sensitized by public campaigns as to the traffic rules, and traffic offenders severely punished. 
 
Furthermore, the RTA database should be expanded to include more variables and made accessible to researchers, to have 
more information available for determining the actual factors responsible for casualties and deaths on our roads. This research 
noted that there is an inconsistency related to the functioning of the Vehicle Inspection Officers Unit in Nigeria (VIO). 
See: http://dvis.lg.gov.ng/, but is it effective across States? 
 
Also, this work suggests that the government can install efficient traffic cameras connected to the database of the Road Safety 
Commission. These will automatically capture the license plate numbers of the road offenders, and the system automatically 
sends fines to their home address. This automated traffic fines will be subject to the income level of offenders and stipulate 
a deadline for payment. Offenders will attract charges for failing to pay fines and interest added for the number of days in 
default. This punishment will serve as a deterrent to other road users. This anti-crash measure will be a commendable project 
to be implemented across different tiers of the Nigerian government to evaluate its result and return on investment (ROI). 
 
This study proposes the adoption of Intelligent Transportation System, which combines the technology of sensor, analysis, 
and control to improve safety, mobility, and efficiency on-road transportation in developing countries such as Nigeria. This 
disruptive technology will help developing countries to prevent uncontrollable road traffic accidents and loss of lives. 
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