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The current state of all Nigerian roads is in poor condition, and reports of accidents have 

been recorded across the federation. The larger mission of the sustainable development 

goal is to promote sustainable cities and communities. This research study aims to 

examine factors responsible for road accidents in Nigeria through the quantitative tool of 

higher extensions of the Poisson regression model (ZTNPRM). A cross-sectional study 

design was adopted and secondary data was used within a sample period from the 1st 

quarter of 2006 to the 2nd quarter of 2020. Due to overdispersion, ZTNPRM indicates 

human errors contribute to a large proportion (41.4%) of road accidents. Vehicle factors 

are also statistically and positively related to road accidents. All the factors this model 

identified that lead to road accidents predicted low road accidents. Hence, the study 

recommends that Nigerian car users follow all rules and regulations associated with safe 

driving and make the environment safer for people as the sustainable development goal 

(SDGs). This study recommends more attention to the area of accident and injury 

prevention as a strategic objective of the SDGs. 
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1. INTRODUCTION

The injury prevention of the SDG that is related to road 

safety appears in SDG 3.6 and SDG 11.2 under “good health 

and well-being” and sustainable cities and communities,” 

respectively. This stress makes the environment safe for 

people. To achieve global sustainable growth, injury has to be 

drastically reduced. Ultrasonics Sonochemistry (2021) [1], the 

study by Ma et al. [2] highlighted thirteen more relevant areas 

of SDGs that relate to injury prevention beyond SDGs 3.6 and 

11.2. 

When a road vehicle collides with another vehicle, a person, 

an animal, or a topographical or architectural obstruction, it is 

called a road traffic accident (RTA). Injury, property 

destruction, and death are all possible outcomes. RTA kills 1.2 

million people per year and injures four times as many [3]. A 

road traffic accident is defined in this study as a collision on 

the road between two or more objects, one of which must be a 

moving vehicle of any sort [4]. Road traffic accidents (RTAs) 

are on the rise in developing countries, and they are now one 

of the main causes of death. 

Accidents and fatalities on the road are the results of a 

complex interaction of factors. In Nigeria, road users range 

from pedestrians, rickshaws, bicycles, hand carts, and tractor 

trolleys to various types of two/three-wheelers, cars, trucks, 

buses, and multi-axle commercial vehicles, among other 

things. Because of changes in people's standards of life and 

urbanization, the automobile population has been steadily 

expanding. The need and urgency for a well-thought-out 

policy on the subject of road safety have been highlighted by 

growth in vehicle population combined with limited road 

space used by a wide variety of vehicles. 

Accidents are becoming more common in Nigeria as the 

country's population of vehicles grows. Road traffic accidents 

are human tragedies that cause a significant deal of suffering. 

They impose a significant socio-economic cost in terms of 

untimely deaths, injuries, and lost revenue opportunities. Road 

traffic accidents can have devastating implications, affecting 

not only people, their health, and well-being, but also the 

economy. As a result, road safety has become a national 

concern. Road safety is a multi-faceted and multi-sectorial 

problem. This includes things like improving and supervising 

road infrastructure, providing safer vehicles, enforcing rules 

and laws, mobility planning, providing health and hospital 

services, child safety, and urban land use planning, among 

other things. In other words, its scope includes engineering 

elements of both automobiles and roads on the one hand, as 

well as health and medical services for trauma cases in the 

aftermath of a crash on the other. 

The biggest issue that Nigerian roads are facing is 

deterioration owing to a lack of road quality construction by 

the engineering business in charge, or simply a lack of road 

maintenance [5]. Accident rates have resulted in many lives 

being lost over many years, and the trend of death continues to 

rise. Until now, Nigeria's major roadways have remained in a 

state of terror, with people fearful of traveling on them for their 

daily needs or any other reason. According to a report by Saliu 

et al. [6], numerous locations across the country had extremely 

inhumane road conditions that had been neglected for many 

years, and the governments of the various states had never 

considered constructing them. 

According to statistics, around 24% of national highways in 

Nigeria are in inconvenient shapes, and this trend has 

continued to rise to 60% since 1999 [7]. According to the 
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report [7], it will cost nearly N350 billion to bring Nigerian 

roads up to standard or in good repair over the next 9 to 10 

years, and upkeep of Nigerian roads will cost N25 billion each 

year on average, with a cost of N33 billion for road 

rehabilitation. Ignoring these roads will inevitably result in 

traffic accidents, resulting in a high number of fatalities and 

injuries, and, as a result, the country's public and profit-making 

development would be hampered. The major goal of this 

research study is to examine the factors that cause road 

accidents in Nigeria using the quantitative tool of higher 

extensions of the Poisson regression model because the current 

state of all Nigerian roads is in poor condition and reports of 

accidents have been recorded across the federation.  

Vehicle-related, environment-dependent, and driver 

dependent (i.e., pedestrian dependent for hazard between a 

motor and a pedestrian) are the three categories of risk factors 

discovered in road accidents.  

According to references [8-10], the majority of road crashes 

are caused by driver factors, which account for 60 percent to 

90 percent of all road accidents. 'The constant rising toll of 

catastrophes or fatalities and wounds or injuries from road 

crashes in low-income countries is a significant item or an 

essential success factor in the spontaneous growth in the value 

of the motor, including vehicles, cars, and trucks [11-13]. 

Corruption is also a problem in some nations, like Nigeria, 

where an unskilled individual or driver would be unable to get 

through driving school and obtain a driver's license. With 

bribery, the driver will seek alternate means of obtaining 

licenses through corruption by meeting with license issuance 

authorities, and as a result, there is a greater likelihood of a 

death occurring while he or she is on the road. The issue will 

be raised between the driver and the police, blame between the 

public and the driver, or the public will blame the police and 

the drivers, and the police and drivers will blame the public in 

either direction. 

Many authors' efforts and contributions on the factors that 

cause road accidents are well appreciated and will be 

remembered for a long time. In various areas of the world [14-

16], and also in Nigeria [17-20] different studies have been 

carried out on factors associated with road accidents. Most of 

these studies focused to identify determinants of factors 

associated with road accidents and also used binary logistic 

regression and Cox proportional regression models. Moreover, 

different approaches are commonly used to model the number 

of factors associated with road accidents in different studies. 

These models might be more recommended to measure the 

incidence of factors associated with road accidents and 

associated factors. There is a need for data on the causes that 

cause road accidents, and additional study is needed to update 

policy design and programme implementation for the best 

health intervention. 

All of the aforementioned authors, on the other hand, used 

a variety of statistical methodologies to address the elements 

that could lead to road accidents, resulting in a variety of 

statistical outcomes. However, most of the authors' work is 

focused on regression models, which are unable to capture 

overdispersion; so, the purpose of this research study is to 

investigate overdispersion as a gap to be filled. 

 

 

2. MATERIALS AND METHODS 
 

2.1 Study design  
 

This research study used a cross-sectional study in which 

secondary data from the National Bureau of Statistics [20] was 

used to determine the factors associated with road accidents 

between the years 1st quarter in 2006 and 2nd quarter in 2020. 

Cross-sectional variables of the states in Nigeria are repeated 

across the likelihood factors of road accidents in Nigeria. The 

following Table 1 summarizes the description of the data used 

in this research, the variables used, and check appendix A for 

the complete data set. 

 

Table 1. Road accidents summary data for the sample period 

2006 – 2020 period 2006 – 2020 

 
Variable 

used 
Abbreviation 

Unit 

used 
Meaning 

𝑋1 SPV number Speed violation 

𝑋2 UPWD number 
Use of phone while 

driving 

𝑋3 TBT number Tyre burst 

𝑋4 MDV number 
Mechanical 

deficiency vehicle 

𝑋5 BFL number Brake failure 

𝑋6 OVL number Overloading 

𝑋7 DOT number Dangerous overtaking 

𝑋8 WOT number Wrongful overtaking 

𝑋9 DGD number Dangerous driving 

𝑋10 BRD number Bad road 

𝑋11 RTV number Route violation 

𝑋12 OBS number 
Road obstruction 

violations 

𝑋13 SOS number Sleeping on steering 

𝑋14 DAD number 

Driving under 

alcohol/ drug 

influence 

𝑋15 PWR number Poor weather 

𝑋16 FTQ number Fatigue 

𝑋17 SLV number Sign light violation 

𝑋18 OTH number Others 

𝑌𝑡 RTA number Road accident 

 

2.2 Study variables 

 

The response variable used in this study was the “no. of road 

accidents” that occurred in Nigeria. This is a count variable 

because the number of accidents that occur is always 

nonnegative and they assume exactly whole numbers. The 

control variables and stimulus variables in this study included 

environmental factors, vehicular factors, and human factors as 

summarized in Table 1 above. All the covariate variables are 

regressed using the extension of the Poisson model and the 

software to use is strictly R programming. 

 

 

3. THEORY AND CALCULATIONS 

 

Firstly, descriptive statistics of all stimulus variables and the 

controlled variable are found to enable us to have a glimpse of 

these variables, then followed by the test of collinearity of all 

stimulus variables. The collinearity test was carried out using 

the variance inflation factor (VIF), mathematically, VIF is 

written as: 

 

𝑉𝐼𝐹 = 𝐺𝑉𝐼𝐹
1

2𝑑𝑓 

 

where, 𝐺𝑉𝐼𝐹 = is the generalized variance inflator factor and 

is the degree of freedom. But and are reported as well. It is 

important to note that a variance inflation factor (VIF) value 
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greater than 5 indicates the presence of a correlation between 

a given independent variable and other independent variables 

in the model. Once the test of collinearity is done, we proceed 

to perform a backward stepwise vector generalized linear 

regression model to enable us to know the variables to use in 

the actual or final model building or simply the model 

selection using Alkaike information criteria to select the best 

model, though VIF will identify that we just to do perform this 

as well. Stepwise regression is the step-by-step repeated 

process of building of a regression model that entails the 

selection of stimulus variables to be worn in a final model. 

This entails deleting or adding control variables in cycles and 

testing for statistical significance after each repetition. The 

mathematical methodology of backward regression model is 

described below and estimators 𝛼, 𝑏1 − 𝑏18  are estimated 

using maximum likelihood estimation method: 

 

𝑌𝑡 = 𝛼 + 𝑏1𝑋1 + 𝑏2𝑋2 + 𝑏3𝑋3 + 𝑏4𝑋4 + 𝑏5𝑋5 

+𝑏6𝑋6 + 𝑏7𝑋7 + 𝑏8𝑋8 + 𝑏9𝑋9 + 𝑏10𝑋10 + 𝑏11𝑋11 

+𝑏12𝑋12 + 𝑏13𝑋13 + 𝑏14𝑋14 + 𝑏15𝑋15 + 𝑏16𝑋16 

+𝑏17𝑋17 + 𝑏18𝑋18 + 𝜖𝑡 

(1) 

 

where, 𝜖𝑡 = stepwise regression error or stepwise regression 

residual and 𝑌𝑡 = number of road accidents and finally 𝛼 = 

stepwise regression constant. 

Eq. (1) is built and each explanatory variable is deleted at a 

time as the regression advances and this is based on the 

following criteria; at each iteration, the variable with the 

lowest “F to remove” statistic is deleted from the model. Once 

the explanatory variables are all identified, then we move 

ahead to build our proposed model, which is a Zero truncated 

Poisson regression model to account for zero truncation. From 

the concept of Poisson regression model which models count 

of data and is described as: 

 

𝑝(𝑦𝑖) =
𝑒−𝜇𝑖𝜇𝑖

𝑦𝑖

𝑦𝑖!
 

𝑖 = 1,2,3,4,5, … … 

(2) 

 

where, 𝜇𝑖 = long-run expected accidents count occurring at 

𝑖𝑡ℎ  road at a particular time. And also 𝑝(𝑦𝑖) = is the 

probability of 𝑦  accidents occurring at the 𝑖  road during a 

particular period. Now in the Poisson regression model, the 

long-run expected accident count is assumed to be a function 

of control predictors described mathematically as: 

 

𝜇 = 𝑒𝑥𝑝(𝜗0 + 𝜗1𝑋1 + 𝜗2𝑋2 + 𝜗3𝑋3 + 𝜗4𝑋4

+ ⋯ 𝜗𝑛𝑋𝑛) 
(3) 

 

where, 𝑋1, 𝑋2, 𝑋3, … , 𝑋𝑛  are the predictor variables and their 

respective coefficients are 𝜗1, 𝜗2, 𝜗3, … , 𝜗𝑛  which all stands 

for statistical significance of each predictor variable, and they 

are estimated using the maximum likelihood or the through the 

method of moment. By taking the 𝑙𝑜𝑔𝑎𝑟𝑖𝑡ℎ𝑚 of Eq. (3), thus 

we have: 

 

𝑙𝑜𝑔(𝜇𝑖) = 𝑙𝑜𝑔(𝑒𝑥𝑝(𝜗0 + 𝜗1𝑋1 + 𝜗2𝑋2 + 𝜗3𝑋3 + 𝜗4𝑋4

+ ⋯ 𝜗𝑛𝑋𝑛)) 

𝑙𝑜𝑔(𝜇𝑖) = (𝜗0 + 𝜗1𝑋1 + 𝜗2𝑋2 + 𝜗3𝑋3 + 𝜗4𝑋4 + ⋯ 𝜗𝑛𝑋𝑛)
+ 𝜖𝑡 

 

Now recall that 

 

𝜇𝑖 = 𝐸(𝑌𝑖); 

→ 𝑙𝑜𝑔(𝐸(𝑌𝑖)) = (𝜗0 + 𝜗1𝑋1 + 𝜗2𝑋2 + 𝜗3𝑋3 + 𝜗4𝑋4

+ ⋯ 𝜗𝑛𝑋𝑛) + 𝜖𝑡 

𝑙𝑜𝑔(𝑌𝑖) = (𝜗0 + 𝜗1𝑋1 + 𝜗2𝑋2 + 𝜗3𝑋3 + 𝜗4𝑋4 + ⋯
+ 𝜗𝑛𝑋𝑛) + 𝜖𝑡 

(4) 

 

From Eq. (4) is the Poisson regression model that model the 

dependent variable of counts (which can include zero counts 

i.e. no zero truncation) as a function of many explanatory 

variables, But this research is now because the dependent 

variable is disregarding zero i.e. zero is been truncated, hence 

if 𝑌1 = 0, its 𝑃𝑟(𝑌1 = 0) = 𝑒−𝜇1  and this is obtained from Eq. 

(2), then its conditional probability mass function is defined as 

 

𝑃𝑟(𝑌1 = 𝑦1|𝑌1 > 0) =
𝑃𝑟(𝑌1 = 𝑦1)

𝑃𝑟(𝑌1 > 0)

=
𝑃𝑟(𝑌1 = 𝑦1)

1 − 𝑃𝑟(𝑌1 = 0)
 

(5) 

 

Now using Eq. (2), the zero truncated probability mass 

function for (𝑌1|𝑌1 > 0) = 

 

𝑓1
∗(𝑦1) = 𝑃𝑟(𝑌1 = 𝑦1|𝑌1 > 0) 

=
𝑒−𝜇1 × 𝜇1

𝑦1

𝑦1!
×

1

(1 − 𝑒−𝜇1)
=

𝜇1
𝑦1

𝑦1! (𝑒−𝜇1 − 1)
 

(6) 

 

Then taking the exponential form of the mass function in Eq. 

(6), thus we have: 

 

𝑓1
∗(𝑦1) = 𝑒𝑥𝑝[𝑦1𝑙𝑛(𝜇1) − 𝑙𝑛(𝑦1!) − 𝑙𝑛(𝑒𝜇1 − 1)] (7) 

 

Similarly, the zero truncated conditional distribution of 

(𝑌2|𝑦1,, 𝑌2 > 0) is 

 

𝑃𝑟(𝑌2 = 𝑦2|𝑌2 > 0) =
𝑃𝑟((𝑌2 = 𝑦2|𝑦1))

𝑃𝑟(𝑌2 > 0 𝑦1⁄ )

=
𝑃𝑟((𝑌2 = 𝑦2|𝑦1))

1 − 𝑃𝑟(𝑌2 = 0 𝑦1⁄ )
 

(8) 

 

The zero truncated condition Poisson distribution of Eq. (8) 

is given as 

 

𝑓2
∗(𝑦2) = 𝑓2

∗((𝑌2 = 𝑦2|𝑦1, 𝑌2 > 0)) 

=
𝑒−𝜇2𝑦1 × (𝜇2𝑦1)𝑦2

𝑦2!
×

1

(1 − 𝑒−𝜇2𝑦1)
=

(𝜇2𝑦1)𝑦2

𝑦2! (𝑒−𝜇2𝑦1)
 

(9) 

 

Now taking the exponential form of the mass function in Eq. 

(10), thus we have: 

 

𝑓2
∗(𝑦2) = 𝑓2

∗((𝑌2 = 𝑦2|𝑦1, 𝑌2 > 0)) 

= 𝑒𝑥𝑝[(𝑦2𝑙𝑛(𝜇2) + 𝑦2𝑙𝑛(𝑦1) − 𝑙𝑛(𝑦2!)

− 𝑙𝑛(𝑒𝜇2𝑦1 − 1))] 

(10) 

 

Both Eq. (6) and Eq. (9) are two zero truncated conditional 

distributions, finding their joint distribution will lead to 

another model called zero truncated bivariate Poisson model 

and which is not our proposed model. Eq. (7) is used to 

estimate our long-run expected frequency 𝜇1  from the 

conditional distribution.  

Hence, from Eq. (7) we say: 

Let 𝐿 = 𝑓1
∗(𝑦1), then  
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𝐿 = 𝑒𝑥𝑝[𝑦1𝑙𝑛(𝜇1) − 𝑙𝑛(𝑦1!) − 𝑙𝑛(𝑒𝜇1 − 1)] (11) 

 

Now 𝑙𝑛(𝜇1) = 𝑋′𝜑𝑖 , where 𝑋′ = ∑ 𝑋𝑖
𝑛
𝑖=1  now from Eq. 

(11), we have that: 

 

𝐿 = 𝑒𝑥𝑝 [𝑦1𝑙𝑛 (∑ 𝜑𝑖𝑋𝑖

18

𝑖=1

) − 𝑙𝑛(𝑦1!) − 𝑙𝑛(𝑒∑ 𝜑𝑖𝑋𝑖
18
𝑖=1 − 1)] (12) 

 

Now differentiating Eq. (12) with respect to the parameters 

𝜑𝑖 and then equate to 0 to estimate the parameters 𝜑𝑖. Then 

this 𝜑𝑖 are now substituted into this equation: 

 

�̂�𝑡 = 𝜑0 + 𝜑1𝑋1 + 𝜑2𝑋2 + 𝜑3𝑋3 + 𝜑4𝑋4 + 𝜑5𝑋5 

+𝜑6𝑋6 + 𝜑7𝑋7 + 𝜑8𝑋8 + 𝜑9𝑋9 + 𝜑10𝑋10 + 𝜑11𝑋11 

+𝜑12𝑋12 + 𝜑13𝑋13 + 𝜑14𝑋14 + 𝜑15𝑋15 + 𝜑16𝑋16 

+𝜑17𝑋17 + 𝜑18𝑋18 + 𝜖𝑡 

(13) 

 

where, �̂�𝑡 = log expected number of road accidents and 𝑋𝑖 are 

the stimulus variables and which are reduced by a variance 

inflation factor. Once Eq. (13) has been estimated, we 

determined whether it is good or appropriate to describe such 

explanatory variables, and this is done by testing for model 

fitness, this test explains whether all covariate variables will 

explain the response variable (number of road accidents). 

The model fitness is checked by applying the residual 

deviance which measures the change in the deviance between 

the given model and the observed model i.e., the model that 

fits the data. Residual deviance has a degree of freedom 𝑛 − 𝑝, 

where 𝑛 = number of observations and 𝑝 =  number of 

parameters in the model. In this research, the number of 

observations we had is 36 observations plus 19 parameters, 

constant inclusive. Now, if the residual deviance is greater 

than its corresponding degrees of freedom then the model does 

not fit the data i.e., the observed values are not close to the 

predicted means and causing both of them to be large or have 

a great discrepancy. 

In a nutshell, the residual deviance should be relatively 

small. For a fitted zero truncated Poisson regression model, the 

deviance 𝐷 is given by: 

 

𝐷 = 2 ∑ [𝑦𝑖𝑙𝑜𝑔 (
𝑦𝑖

𝜇𝑖

) − (𝑦𝑖 − 𝜇𝑖)]

𝑁

𝑖=1

 (14) 

where, 𝑦𝑖  observed number of road accidents that occurred at 

a particular period for any state and 𝜇𝑖  predicted number of 

road accidents that occurred at a particular period for any state. 

Once the model of the goodness of fit test is done, we 

determine whether the model in Eq. (13) is over dispersed i.e., 

we test whether we need to estimate the overdispersion 

parameter. The mathematical illustration of how to test for 

overdispersion of the model for this research study is 

illustrated below: 

 

𝑑𝑖𝑠𝑝𝑐ℎ𝑎𝑛𝑔𝑒 = 2 × (
𝑙𝑜𝑔𝑙𝑖𝑘𝑒(𝑚1) −

𝑙𝑜𝑔𝑙𝑖𝑘𝑒(𝑚2)
) 

 

where, 𝑚1  is the log-likelihood obtained when Eq. (13) is 

modeled with positive negative binomial distribution and 𝑚2 

is the log-likelihood obtained when Eq. (13) is modeled with 

positive Poisson regression. 

Then 𝑑𝑖𝑠𝑝𝑒𝑟𝑠𝑖𝑜𝑛𝑐ℎ𝑎𝑛𝑔𝑒  is tested using chi-squared under 

the degree of freedom of the number of dispersed parameters. 

The hypothesis is: 

 

𝐻0: No need for dispersion parameter 

𝐻1: There is a need for dispersion parameter 

The decision rule: if the observed p-value is lower than the 

exact p-value then 𝐻0 is rejected, hence otherwise. 

The essence of checking for overdispersion is that if found 

that the model is over dispersed, it has a great negative effect 

in estimating the standard error of estimates of the parameters. 

Once there is a presence of overdispersion, the proposed 

model is being corrected with a zero truncated negative 

Poisson regression model. 

 

 

4. RESULT AND DISCUSSION 

 

4.1 Descriptive analysis of variables studies 

 

From Table 2, the total number of road accidents that 

occurred between the year 2006 to the 2nd quarter in 2020 was 

about 8319 across all the states in Nigeria. The minimum and 

the maximum number of road accidents that occurred within 

the stipulated period is 92 and 686 respectively across all the 

states. 

 

Table 2. Descriptive analysis of all the stimulus variables understudied 
 

Abbr variables Meaning Average Variance Std. deviation Min Max Total 

RA Road accidents 220 1.4e+04 120 92 686 8319 

SPV Speed violation 59 6.9e+03 83 6 462 2190 

UPWD Use of phone while driving 1.1 5.6e+00 24 0 14 42 

TBT Tyre burst 17 4.0e+02 20 0 78 634 

MDV Mechanical deficiency vehicle 4.3 1.4e+01 3.8 0 17 158 

BFL Brake failure 22 6.8e+02 26 0 136 803 

OVL Over loading 1.7 5.8e+00 2.4 0 9 62 

DOT Dangerous overtaking 4.1 1.3e+01 3.5 0 16 152 

WOT Wrongful overtaking 25 3.2e+02 18 2 70 938 

DGD Dangerous driving 45 4.6e+02 21 0 87 1675 

BRD Bad road 24 1.9e+02 14 0 56 880 

RTV Route violation 4.4 2.2e+01 4.7 0 28 163 

OBS Road obstruction violations 6.2 5.2e+2 23 0 140 230 

SOS Sleeping on steering 1.6 4.1e+00 2 0 9 61 

DAD Driving under alcohol/ drug influence .84 2.9e+00 1.7 0 8 31 

PWR Poor weather 0.24 1.9e-01 0.43 0 1 9 

FTQ Fatigue 1.1 2.8e+02 1.73 0 7 41 

SLV Signed light violation 6.6 1.3e+02 12 0 43 244 

OTH others 0.16 3.1e-01 0.55 0 3 6 

536



On average, 59 vehicle drivers had driven over speed per 

year within the sample set of data. Motor vehicle Tyre bursts 

and brake failure from vehicles constitute about 7.62% 

(634/8319) and 9.65% (803/8319) for road accidents to occur. 

11.25% (938/8319) and 20.13% (1675/8319) constituted the 

proportion of Motor – vehicle drivers that wrongfully overtake 

and drove dangerously. 

A lower proportion (10.578%,880/8319) of bad road 

construction leads to road accidents. For the essence of under 

dispersion, all the variables in Table 2 were all subjected to 

variance inflation factor to determine variables needed for the 

actual model, so Table 3 presents it. 

 

Table 3. Variance inflation factor of all the stimulus 

variables understudied 

 
Abbr 

variables 

Meaning GVIF VIF 

SPV Speed violation 95900 ∞ 

UPWD Use of phone while driving 27 5.19*** 

TBT Tyre burst 3.2 1.79 

MDV 
Mechanical deficiency 

vehicle 

1.8 1.34 

BFL Brake failure 5.12 2.26 

OVL Overloading 8.30 2.88 

DOT Dangerous overtaking 1.92 1.39 

WOT Wrongful overtaking 1.97 1.4 

DGD Dangerous driving 2.74 1.66 

BRD Bad road 4.03 2.01 

RTV Route violation 2.72 1.65 

OBS 
Road obstruction 

violations 

3.99 2.00 

SOS Sleeping while on steering 31.50 5.61*** 

DAD 
Driving under alcohol or 

drugs 

2.43 1.56 

PWR Poor weather conditions 1.45 1.21 

FTQ Fatigue 1.61 1.27 

SLV Sign light violation 2.45 1.57 

OTH Others  3.00 1.73 

 

4.2 Variance inflation factor analysis of stimulus variables 

studied 

 

Table 3, shows that all the variables have VIF values less 

than 5, except “use of phone gadgets while driving” and 

“sleeping on steering” variables had higher VIF than 5, 

implying that there is no multicollinearity among the 

explanatory variables except those variables mentioned. Thus, 

all variables can be included in the subsequent analysis and 

modelling with the zero truncated Poisson regression [21]. The 

step-wise regression model was critically assessed for the 

variables with VIF larger than 5 for the sake of conformance. 

 

4.3 Backward stepwise regression analysis of stimulus 

variables studied 

 

For a careful selection of variables and actual model fit, 

stepwise regression was performed. Based on the stepwise 

regression model, the following Eq. (15) was suggested: 

 

𝑦𝑡 = 𝜑0 + 𝜑3𝑋3 + 𝜑4𝑋4 + 𝜑5𝑋5 + 𝜑6𝑋6 + 𝜑7𝑋7 

+𝜑8𝑋8 + 𝜑9𝑋9 + 𝜑10𝑋10 + 𝜑11𝑋11 + 𝜑12𝑋12 

+𝜑14𝑋14 + 𝜑15𝑋15 + 𝜑16𝑋16 + 𝜑17𝑋17 + 𝜑18𝑋18

+ 𝜀𝑡 

(15) 

 

where, 𝑋1 and 𝑋13 were deleted when the backward stepwise 

vector generalized linear regression model was performed by 

having the smallest Akaike Information criteria of value 

316.61 among all other vector generalized linear regression 

models. This confirms the true result of the variance inflation 

factor by eliminating UPWD and SOS. So, Eq. (15) it is 

estimated. 

 

4.4 Parameter estimation of Eq. (15) 

 

Table 4. Parameter estimation description of zero truncated 

Poisson regression model 

 
Coefficient Estimates Std. error 𝑍𝑣𝑎𝑙𝑢𝑒 𝑃𝑟(> |𝑧|) 

INTERCEPT 4.3951 0.0708 62.041 <2e-16 

SPV 0.00249 0.00399 6.253 4.04e-10 

TBT 0.005148 0.000728 7.071 1.53e-12 

MDV -0.00510 0.00401 -1.271 0.2037 

BFL 0.003805 0.000884 4.301 1.7e-05 

OVL -0.00388 0.00618 -0.628 0.5297 

DOT 0.00439 0.004 1.021 0.3074 

WOT 0.00571 0.0008841 6.463 1.03e-10 

DGD 0.00648 0.000853 7.604 2.88e-14 

BRD 0.00418 0.00108 3.862 0.000113 

RTV 0.0113 0.00382 2.965 0.0003026 

OBS 0.00349 0.00152 2.3 0.0214 

DAD -0.01513 0.00887 -1.705 0.088207 

PWR -0.0139 0.0349 -0.397 0.6912 

FTQ -0.00381 0.0104 -0.368 0.7127 

SLV 0.00485 0.00157 3.073 0.00212 

OTHERS 0.00358 0.0253 0.142 0.8874 

 

Since the dependent variable is a variable that accepts 

counts and its value cannot be zero, the estimation of the 

parameters is shown above from the zero truncated Poisson 

regression model. From Table 4, it reveals that most of all the 

stimulus variables are positive except few explanatory 

variables such as MDV (Mechanical deficient vehicle), OVL 

(overloading), DAD (Driving under Alcohol or drug 

influence), PWR (poor weather condition), and FTQ - Driver’s 

fatigue) are negative and also not significant because their 

respective p_values are all greater than the observed level of 

significance or 𝛼 = 0.05. 

The positivity of other explanatory variables indicated that 

such variables cause the occurrence of road accidents in 

Nigeria. For example, from the angle of speed violation factor, 

the variable was positive and significant, indicating that speed 

violation is a great cause of road accidents. Similarly, from the 

angle of brake failure, this variable is also significant and 

positive and it has a positive effect on the cause of road 

accidents. The increase in brake failure will lead to an increase 

in road accidents, as this is in no doubt. From the angle of 

dangerous driving, it is significant as well and there is a great 

tendency of road accidents to occur if a driver of a vehicle is 

driving recklessly. 

 

4.5 Model diagnostic and goodness of fit test 

 

The zero truncated Poisson regression model was subjected 

to model diagnostics, the value of the deviance for the model 

estimated was 0 and this value is less than the degree of 

freedom, hence we say that the model of Eq. (15) built explains 

all the variables identified in the model. Further, the plot of 

fitted values against the residual obtained proves that the 

model is accurate. 
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Figure 1. Model diagnosis - The plot of residuals against the 

fitted values 

 

 
 

Figure 2. Model diagnosis - The plot of residual against the 

fitted values 

 

From Figure 1, most of the fitted values hover around the 

mean (value=0), hence the model fitted is good. To 

demonstrate how much of an influence some of the fitted 

values have, some are far from the mean. These lines, which 

represent the 25th, 50th, and 75th percentiles, were fitted using 

quantile regression to assess their impact. Figure 2 describes 

the effects of extreme fitted values. 

From Figure 2, the spread of fitted values is most 

concentrated at the higher levels rather than the middle levels. 

Hence having a lower effect on the residual and this signifies 

that the model is appropriate for under dispersion. 

 

4.6 Test for overdispersion 

 

The change in deviance or dispersion change was estimated 

to be 10.07956 and significant at p-value (0.001499) 

indicating that there is a need to estimate dispersion. This 

dispersion has effect in estimating the standard errors of the 

estimates of the coefficients of Eq. (15). Hence, to correct this 

dispersion, a Zero truncated negative Poisson regression 

model will be fitted and which correct the model estimated in 

Eq. (15). 

 

4.6.1 Parameter estimation in Zero truncated negative Poisson 

regression model (To correct for overdispersion in Eq. (15)) 

This regression model fits a very robust class of models 

called vector generalized linear models (VGLM) to different 

diversity of assumed distributions. This research assures that 

the data – road accidents originated from the negative binomial 

distribution, but this time without zeros. Thus, these values are 

strongly and strictly positive Poisson, for which we utilize the 

positive-negative binomial family from the “posnegbinomial” 

function passed to “vglm” function in our R programming. 

The parameter estimations can be seen in Table 5. 

 

Table 5. Parameters estimation description of zero truncated 

negative Poisson regression model 

 
Coefficient Estimates Std. error 𝑍𝑣𝑎𝑙𝑢𝑒 𝑃𝑟(> |𝑧|) 

INTERCEPT1 4.36666 0.0737 59.203 <2e-16 

INTERCEPT2 11.4 85.003 0.134 0.038933 

SPV 0.00285 0.004439 6.431 1.27e-10 

UPWD 0.01638 0.00736 2.224 0.0262 

TBT 0.00535 0.00737 7.252 4.09e-13 

MDV -0.0125 0.00548 -2.287 0.05222 

BFL 0.00417 0.00888 4.703 2.56e-06 

OVL 0.00492 0.006835 0.72 0.4716 

DOT 0.00509 0.00446 1.141 0.02538 

WOT 0.00543 0.000905 6.001 1.96e-09 

SOS -0.0146 0.008 -1.819 0.0689 

DGD 0.00667 0.000968 6.886 5.74e-12 

BRD 0.00476 0.00111 4.253 2.11e-05 

RTV 0.00992 0.00413 2.401 0.0164 

OBS 0.00264 0.00162 1.622 0.01048 

DAD -0.0148 0.00922 -1.605 0.1084 

PWR -0.01146 0.00359 0.319 0.7496 

FTQ -0.00126 0.011 -0.114 0.9092 

SLV 0.00513 0.00157 3.263 0.0011 

OTHERS -0.00206 0.025 -0.082 0.9350 

 

Table 5 looks similar to table 4 but presents the intercept of 

the real model and the intercept for the dispersion parameter. 

The dispersion parameter is indeed significant and thus 

signifies that there is overdispersion in the dependent variable. 

Also, the standard error of estimates in Table 5 is higher than 

the ones in table 4 indicating the impact of the Zero truncated 

negative Poisson regression model. Now the dependent 

variable accepts the count of road accidents as inputs and 

whose value cannot be zero but it can be overdispersed, hence, 

because of overdispersion, the estimation of the parameters is 

shown above from zero truncated negative Poisson regression 

model to correct the model estimated in Eq. (15). 

From Table 5, it reveals that most of all the stimulus 

variables are positive except few explanatory variables such as 

MDV (Mechanical deficient vehicle), SOS (Sleeping while on 

steering), PWR (poor weather condition ), DAD (Driving 

under Alcohol or drug influence), FTQ Driver’s fatigue) and 

others such as the age of the driver, gender of the driver and 

drivers’ experience, category of the vehicle, etc. are negative 

and also not significant because their respective p_values are 

all greater than the observed level of significance or 𝛼 = 0.05. 

The positivity of other explanatory variables indicated that 

such variables cause the log occurrence of road accidents in 

Nigeria. The deficiency of road traffic accidents is multi-

factorial. These factors are broad categories into driver factors, 

vehicle factors, and roadway factors. For example, for driver’s 

factors - from the angle of speed violation factor, dangerous 

overtaking, use of phone while driving, wrongful overtaking, 

route violation, dangerous driving, road obstruction violation 
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and sign light violation were all positive and significant, 

indicating that all these variables are all good predictors of 

road accidents and this conforms to references [22-24], 

Accidents can also occur as a result of a combination of these 

factors mentioned. Driver factors also solely contribute to 

about 41.39% (3444 out of 8319) of road bumps occurrence. 

It has been documented in literature reviews that driver factors 

in road bump occurrence are all factors related to drivers and 

other road users. This includes visual and auditory acuity, 

driver behavior, decision-making ability, and reaction speed. 

It is no doubt that Drug and alcohol usage while driving is a 

glaring predictor of a road crash, road crash injury, and death. 

Traveling too fast for persuading conditions or above the speed 

limit, speeding is also a driving factor that adds to a road traffic 

crash. The consequence of speed violation is that, the odds of 

being injured increases exponentially with speed faster than 

average speeds. The seriousness of the injury depends on the 

vehicle velocity change at congestion and transferring of 

kinetic energy. Now, motor vehicles travelling slower than 

average speed are similar at increased chances of road traffic 

crash, most require speed too fast in the circumstances. 

Similarly, from the angle of vehicle factors such as brake 

failure, Tyre burst, and vehicle being overloaded; this variable 

is also significant and positive and it has a positive effect on 

the cause of road accidents. The increase in brake failure will 

lead to an increase in road accidents, as this is in no doubt [23]. 

Vehicle factors also solely contribute to about 18.02% (1499 

out of 8319) of road accidents occurrence. Bun [22] 

documented that vehicle factors can be classified into vehicle 

maintenance and vehicle design. Some safety characteristics 

of motor like airbags and seatbelts are likely to minimize the 

chance of death and severe injuries all in turn for low road 

accidents. Lack or improper use of seat-belts and other safety 

constraints, e.g. (booster seats and child seats) are chance 

factors for the fatalities and wounds or injuries that can result 

from road crashes. In forward collisions involving occupants 

who are not restrained by seatbelts, the most common and 

most serious wounds or injuries are to the victim's head. Also, 

a constructed, well-designed, and maintained vehicle is less 

likely to be involved in accidents. Now if tires and brakes of 

the vehicle are good and the suspension is well adjusted, then 

the vehicle has the advantage of being more controllable in an 

emergency and hence, better furniture to avert crashes. 

Moreover, constant checking of expiration of motor tyres and 

replacement of motor tyres are highly better in reduction of 

road accidents. 

Finally, from environmental factors such as poor weather 

considered in this research study, poor weather is negative and 

insignificant because its associated p_value (0.7496) is greater 

than the exact probability of value 𝛼 = 0.05, hence indicating 

that poor weather does not affect or lead to the cause of road 

accident. Well, further studies prove has been justified that 

inadEq.uate visibility i.e., making it hard to see or detect 

vehicles and other road users is the best leading cause of road 

accidents. For example, in a motorized country like Nigeria, 

insufficient visibility plays a very critical key role in the 

following three types of accidents: — constant vehicle located 

beyond on the roadway or a moving motor running into the 

rear or beside of a slow moving car, at night-time; — rear-end 

collisions in fog; — angled collisions or head-on collisions in 

the daytime; at daytime and night. But in other middle-income 

and low-income countries, the situations of pedestrians and 

motors are not being properly transparent, this is continuously 

a dam and concern issue. In plenty of places, there are fewer 

roads with proper clarity and some may not even be lit. In 

supplement, it is common for huge numbers of vehicles and 

other bicycles to have no reflectors or no light and for road 

space to be distributed by slow-moving and fast-moving road 

users. 

 

4.6.2 Model diagnostic or goodness of fit test 

Similarly, the value of the deviance for the model estimated 

in section 6.6.1 was 0 and this value is less than the degree of 

freedom, hence we say that the model built explains all the 

variables identified in the model. The plot of fitted values 

against the residual obtained provides additional evidence that 

the model is accurate (Figure 3). 

 

 
 

Figure 3. Model diagnosis - The plot of residuals against the 

fitted values, from Zero truncated negative Poisson 

regression model 

 

 
 

Figure 4. Model diagnosis - The plot of residual against the 

fitted values, check for effect of extreme fitted values 

 

Similarly, from Figure 3, most of the fitted values hover 

around the mean (value =0), hence the model fitted is a good 

model and these explicitly capture the structure of the data. As 

seen from the results, some of the fitted values are extremely 

away from the mean, but let's see how much influence they 

have. To see their effect, we need to fit the lines and this is 

done by using quantile regression and the lines are the 25th 
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(twenty-fifth), 50th, and 75th percentile. So, Figure 4 describes 

the effects of extreme fitted values. 

As we can see from Figure 4, similarly, the spread of fitted 

values is most concentrated at the lower levels rather than the 

middle levels. Hence, having a lower effect on the residual 

signifies that the model is appropriate to capture 

overdispersion. 

 

 

5. CONCLUSION 

 

The main objective of the study was to develop a statistical 

method of predicting factors that lead to road accidents in 

Nigeria. A cross-sectional study design was adopted and 

secondary data from the National Bureau of Statistics (2020) 

was used within a sample period of the 1st quarter of 2006 to 

the 2nd quarter of 2020. The statistical method adopted was 

the extension of the Poisson regression model such as the zero 

truncated Poisson regression model to truncate zeros that 

occurred in the points of the dependent variable (number of 

road accidents) and a further Poisson regression model was 

proposed to correct for overdispersion and which is the Zero 

truncated negative Poisson regression model (ZTNPRM). 

From the ZTNPRM, the model indicates that human errors 

contribute to a large proportion of 41.4% (3444/8319) in 

leading to road accidents. Such human factors are the greatest 

cause of road accidents and such factors are; the use of phones 

while driving (2.224,0.0262), dangerous overtaking 

(1.141,0.02538), wrongfully overtaking (6.001,1.96e-09), 

dangerous driving (6.886,5.74e-12), road obstruction violation 

(1.622,0.01048), route violation (2.401,0.0164) and sign light 

indicator violations (3.253,0.0011) as these variables were 

statistically significant and positively related in predicting the 

occurrence of road accidents in Nigeria. Other vehicular 

factors were also positive and statistically significant and such 

variables were Tyre burst (7.252,4.09e-13), brake failures 

(4.703,2.56e-06).  

The goodness of fit test was carried out on the proposed 

model to fit count data used and the result showed that there is 

a presence of overdispersion, the estimated residual deviance 

was lower than the corresponding degree of freedoms, hence 

indicating that the model used deeply explains the structure of 

the contributing factors in question, and similarly, 

overdispersion was present and statistically significant, hence 

the model of Zero truncated Poisson regression model was 

improved or corrected by Zero truncated negative Poisson 

regression model. Finally, the study recommends that 

Nigerian car users strictly follow all rules and regulations 

associated with safe driving, such as not drinking, not breaking 

speed limits, not overtaking unnecessarily or incorrectly when 

such is not needed, etc. All the factors identified by this model 

that cause road accidents predicted low road accidents as a 

result. Before starting a trip, vehicle factors can be improved 

by testing the tire strength, and all brake systems should be 

fully functional and in good condition. 
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APPENDIX A 

 

Cumulative of cross-sectional data of factors leading to road accidents against states in Nigeria from time period of 1st quarter 

2006 to 2nd quarter 2020 

 
State RTA SPV UPWD TBT MDV BFL OVL DOT WOT 

Abia 290 140 0 56 0 52 0 0 14 

Adamawa 686 462 0 0 0 0 0 0 70 

Akwa -Ibom 224 70 0 0 0 42 0 0 14 

Anambra 611 280 0 28 14 136 0 0 42 

Bauchi 250 98 2 0 3 27 3 3 13 

Bayelsa 240 46 1 0 7 67 6 6 24 

Benue 269 6 3 34 6 24 2 4 16 

Borno 232 57 1 56 3 24 1 2 17 

Cross River 366 89 1 35 4 52 5 2 21 

Delta 208 34 0 78 6 0 2 1 34 

Ebonyi 154 26 0 15 5 0 1 16 4 

Edo 192 38 0 57 0 0 0 7 34 

Ekiti 246 59 0 24 0 34 0 8 45 

Enugu 172 43 0 25 0 12 0 3 13 

FCT 233 67 0 14 0 10 0 7 16 

Gombe 176 34 0 17 3 8 0 8 17 

Imo 183 37 0 23 3 4 0 1 18 

Jigawa 243 79 2 46 7 6 0 5 21 

Kaduna 239 24 4 12 7 34 0 7 45 

Kano 137 11 1 0 4 12 0 10 24 

Kastina 197 18 1 0 5 1 4 3 37 

Kebbi 256 45 1 0 8 44 2 6 43 

Kogi 250 25 1 0 5 23 5 5 67 

Kwara 224 28 1 0 3 2 7 3 63 

Lagos 304 38 14 13 17 41 1 8 61 

Nasarawa 188 39 1 4 4 5 1 6 24 

Niger 143 44 0 7 5 4 0 9 5 

Ogun 167 28 0 23 7 13 0 2 13 

Ondo 165 25 1 24 8 21 0 3 17 

Osun 209 56 1 16 0 33 0 0 14 

Oyo 150 24 1 18 0 24 0 0 12 

Plateau 141 23 0 0 0 23 0 0 7 

Rivers 123 27 2 0 4 11 1 2 12 

Sokoto 102 15 2 0 6 0 9 4 14 

Taraba 124 23 1 4 4 5 2 3 21 

Yobe 92 16 0 2 4 4 4 2 2 

Zamfara 133 16 0 3 6 5 6 6 24 

Total 8319 2190 42 634 158 803 62 152 938 

DGD BRD RTV OBS SOS DAD PWR FTQ SLV OTHERS 

0 0 28 0 0 0 0 0 0 0 

541



14 0 0 140 0 0 0 0 0 0 

84 14 0 0 0 0 0 0 0 0 

28 56 12 5 2 3 0 1 3 1 

78 12 6 3 1 0 1 0 0 0 

35 37 3 1 1 0 0 0 6 0 

57 48 4 20 1 0 0 2 42 0 

48 16 2 0 0 0 0 3 2 0 

87 18 7 0 9 1 0 3 32 0 

36 12 3 0 0 0 0 2 0 0 

64 19 4 0 0 0 0 0 0 0 

48 6 2 0 0 0 0 0 0 0 

54 17 1 0 0 3 0 0 0 1 

27 22 9 0 0 4 0 2 12 0 

45 20 4 0 0 2 0 5 43 0 

38 34 3 3 3 0 1 7 0 0 

43 47 3 2 2 0 0 0 0 0 

27 43 3 4 0 0 0 0 0 0 

78 12 4 6 5 0 1 0 0 0 

46 15 7 2 3 1 1 0 0 0 

69 23 3 1 4 0 0 2 26 0 

70 10 4 7 2 0 0 0 13 1 

56 33 6 6 4 0 0 0 14 0 

69 37 2 3 3 2 1 0 0 0 

66 18 7 4 2 2 0 0 12 0 

69 25 2 2 1 4 0 0 1 0 

46 16 3 3 1 0 0 0 0 0 

37 39 4 0 0 0 1 0 0 0 

39 24 3 0 0 0 0 0 0 0 

45 37 2 2 0 0 0 0 0 3 

23 36 5 3 0 1 0 3 0 0 

16 46 2 2 3 0 0 4 15 0 

26 24 1 0 2 0 1 2 8 0 

18 22 5 0 2 0 0 2 3 0 

35 12 4 4 2 0 0 2 2 0 

26 8 2 4 6 8 1 0 3 0 

28 22 3 3 2 0 1 1 7 0 

1675 880 163 230 61 31 9 41 244 6 

APPENIDIX B 

Distribution of Road accidents, logarithm scaled 
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