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Abstract 

Road traffic accidents are one of the leading causes of injuries and death in both developed and 

developing countries. According to World Health Organization(WHO), 1.35 million people die 

each year as a result of road traffic accidents globally. Ethiopia is one of the developing countries 

and at least 114 people die for every 10,000 vehicle accidents annually. Addis Ababa is a capital 

city of the federal government of Ethiopia and the road traffic accidents (RTA) occurring from 

time to time. Assessing the trend of road traffic and forecasting were used to make the appropriate 

planning for control and prevention of the accidents in upcoming years. Therefore, this study 

focuses on statistical analysis of road traffic accident using Self-Excited Threshold Autoregressive 

(SETAR) time series model. The two-regime SETAR model was adopted to accommodate non-

linearity. The results show that nonlinear SETAR (2,8,8) model  forecast road traffic accident. The 

out sample forecasted value indicates that, road traffic accident has an increasing trend over the 

forecasted period from January 2017 to December 2018. 

Keywords: Forecasting, Aggregate, white noise, stationary, nonlinear, SETAR

Introduction 

Road traffic accident is a major public health 

problem worldwide. It includes collisions 

between vehicles and animals, vehicles and 

pedestrians, vehicles and fixed objects or 

vehicles and vehicles (Zewude et al., 

2016).According to WHO (2018) report, 

there are 1.35 million deaths per year and 

road traffic accident is the eighth leading 

cause of death for all age groups globally. 

WHO (2018) investigated the risk of dying in 

a road traffic accident by continent and 

Africa is the leading with the chance of 26.6 

followed by south east Asia (20.7).Even 
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though the numbers show the large 

prevalence rate in road traffic accident in 

developing countries specifically in Africa 

(including Ethiopia), the issue is still under 

reported and neglected to be studied and 

interventions are needed urgently (Samuel et 

al., 2012).  

Abegaz et al. (2019) reveals that, road 

accident related injuries and fatalities are 

exceptionally high in Ethiopia and there is 

paucity of evidence regarding of the accident. 

Further, the available estimates based on 

official reports are likely to underestimate the 

extent of the problem. Addis Ababa is a 

capital city of the federal government of 

Ethiopia and the head office of African union 

is also found in this city and more than 100 

diplomatic embassies exist. The city has a 

total population   of 3, 384,569 according to 

CSA (2016) projected census report for 

Addis Ababa.. 

Abdi et al.(2017) reveals that, road traffic 

accident in Addis Ababa resulting in 

thousands of physical injuries and costing the 

economy in millions of dollars. Moreover, 

the finding of Bekele (2019) emphasis that, 

road traffic accident continue to be a 

significant for morbidity and mortality 

problem in Addis Ababa and requiring urgent 

attention. 

Unless the trend is detained, the social and 

economic problem of road traffic accident 

will become more and more serious as the 

number of vehicle increases. And, access to 

the information about road traffic accident in 

a given context is significant to generate 

evidence to contribute to the prevention and 

control of context-specific accidents 

(Yazdani Cherati et al., 2012).Time series 

models are very useful to enhance one’s 

understanding on traffic accident trends (Van 

den Bossche et al., 2004). 

Nonlinear threshold model was introduced by 

Tong (1978) and Self-Exciting Threshold 

Autoregressive (SETAR) model was a 

special case of the Threshold Autoregressive 

model which accommodates structural 

changes in regimes of the data. Moreover, 

Clements et al. (2004) reviewed, the current 

state of this model ranging from estimation, 

evaluation and selection of forecasting 

models.  

Time series analysis related to the road traffic 

accident has a very important place in 

revealing the future trends and decision 

making process (Ghedira et al., 2018).This 
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future trend can help in identifying the 

feature of road accidents whether it tends to 

increase or decrease so that preventive 

measures can be taken. Therefore, the 

objective of this research is to modeling and 

forecasting road traffic accident of Addis 

Ababa using SETAR time series model. 

 

Methodology 

Method of data collection 

Data for this study were obtained from the 

Addis Ababa traffic police commission. The 

site was chosen due to availability of 

relatively long series of road traffic accident 

data. Even though, the data were recorded in 

total hourly (24 hrs) per in each year .The 

hourly data of road traffic accident were 

aggregated to monthly for statistical analysis. 

An aggregation process consists of deriving a 

low frequency representation of the process 

from a high frequency formulation; this 

derivation can be exerted through time. 

Aggregation across time, also called 

temporal aggregation, refers to the process by 

which a low frequency time series is derived 

from a high frequency time series 

(Nikolopoulos et al., 2011). 

After the data aggregated from total hourly  to 

January 2004 to December 2018, the model 

forecast performance was  conducted by 

splitting a given data set into in-sample 

period which were used for initial parameter 

estimation and model selection; and out–

sample period which were used to evaluate 

forecast performance. Yet, there are no 

broadly accepted guidelines as to how to 

select the sample split (Hansen et al., 

2012).Instead, researchers adopt a variety of 

practical approaches (Hansen et al., 2012). In 

this study, the in-sample period was runs 

from January 2004 to December 2016(156 

observation). And, this was used to model 

selection and estimation. Whereas, the out-

of-sample period runs from January 2017 to 

December 2018 (24 observation) for 

evaluation of forecasting purpose. 

Method of data analysis 

SETAR model 

Self-Excited  Threshold  Autoregressive  

(SETAR) model  is  a  class  of  the Threshold 

Autoregressive  (TAR)  model proposed  by  

Tong  (1978)  and  further  studied in Tong  

and  Lim(1980). The  SETAR  model  is  a  

set  of  different  linear  AR models, changing  

according to  the  value  of  the  threshold  
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variable which  is  the  lagged values  of  the 

series.  The  process  was linear in  each  

regime,  but  the  movement  from  one  

regime  to  the  other makes  the  entire  

process  nonlinear.  The two regime SETAR 

model order (2; P(1), P(2)) was given as: 

𝑦𝑡 =

{
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Where 
)1(

i  and 
)2(

i are the coefficient in 

lower and higher regime respectively which 

needs to be estimated; τ is the threshold 

value; P(1),  and P(2) are the order of the linear 

AR model in low and high regime 

respectively. dty −  is the threshold variable 

that governs the transition between the two 

regimes,  d is  the delayed parameter which is 

a positive integer (d≤ p); 
)1(

t and 
)2(

t  are a 

sequence of independently and identically 

distributed random variables with zero mean 

and constant variance.  

 Test of non-linearity 

This was done using graphical method, 

Keenan test, Tsay test and likelihood ratio 

test for threshold nonlinearity. 

 Graphical method 

This method basically gives a clue. If the 

regression lines were all straight in lagged 

scatter plots and the density of the plots 

decrease from the center suggests that the 

underlying process could be linear. If on the 

other hand, there were curved regression 

lines and there exists a hole in the center, then 

it was suggested that the data could fitted 

with nonlinear time series model (Cryer and 

Chan, 2008). 

 Keenan’s One-Degree Test for 

Nonlinearity 

For an observable time series yt, the SETAR 

model was only be applied if the series under 

consideration is found to be nonlinear or 

irregular in nature under the hypothesis: 

      H0: linearity exists 

      H1: nonlinearity exists 

Beyond testing for nonlinearity, Keenan test 

suggests the working order (p) of the AR 

process. This was determined by minimizing 

the AIC through the AR function. However, 

where the working order (p) of the AR was 

known, it can be added in the Keenan test 
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function through the order argument. The 

partial autocorrelation graph can also suggest 

the working order (p) of the AR process. 

According to Cryer and Chan (2008), 

Keenan’s test was motivated by 

approximating a nonlinear stationary time 

series by a second-order Volterra expansion. 

This can be represented in equation 

 


−=



−=

−−



−=

− ++=
v u

vtutvu

u

ututy 

…….……………………………………[2] 

Where, µ is the mean level of nonlinear 

observation yt , with the error terms 𝜀𝑡−𝑢 and 

𝜀𝑡−𝑣 . 𝜀𝑡  is a sequence of independent and 

identically distributed with zero-mean 

random variable. The process yt is linear if 

the double sum of the right-hand side of (2) 

does not exist 

(i.e. ∑ ∑ 𝜃𝑢𝑣𝜀𝑡−𝑢
∞
𝑢=−∞

∞
𝑣=−∞ 𝜀𝑡−𝑣 = 0) Thus, 

the researcher was test linearity of the time 

series by testing whether or not the double 

sum of (2) was zero. The Keenan’s test is 

equivalent to testing if η=0 in the multiple 

regression model  

ttmtmtt yyyy  +++++= −−

2

110
ˆ .…….…[3] 

The Keenan’s test statistic for the null 

hypothesis of linearity (H0: η =0) was given 

as; 

( )
2

2 22ˆ




−

−−
=

RSS

mn
F …….………………[4] 

Where, m is lag order of the linear 

autoregressive process, n is same size 

considered, RSS: the residual sum of squares 

from the AR(m) process. The null hypothesis 

of linearity was rejected if the p-value 

associated with F̂  was small (p– value< ). 

 Tsay’s F -test 

Tsay (1989) introduced the Tsay test for 

detecting nonlinearity in an observable time 

series after improving on the power of the 

Keenan (1985) test in 1986. Tsay’s (Tsay, 

1986) linearity test was based on recursive 

auto regression and destructive term 

estimators .firstly, the recursive auto 

regressions were established starting from b 

observation value in return for the p and the 

relevant d values  with AR level, h is max(1, 

p+1-d ), tê  is the estimated residual and then 

the model was established between the tê  

values and ( )
pttt yyy −−− ,,,,1 21   .Then, the 

following test was obtained among the 

inclusions of the model formed with tê  
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In the F test of Tsay,   the hypothesis was 

tested as; 

H0: linear AR( p) model vs H1: non-linear 

threshold model 

Threshold Nonlinearity (Likelihood Ratio) 

Test 

This helps to handle the weakness of Keenan 

test in detecting threshold nonlinearity 

(Chan, 1991; and Tong, 1990). Therefore, it 

becomes important to consider a likelihood 

ratio test with the threshold model as the 

specific alternative. The hypothesis of 

threshold nonlinearity test was given as 

follows;  

H0: Model is an autoregressive process AR 

(p) vs  

H1: Model is two-regime TAR model of order 

p and with constant noise variance 

The likelihood ratio test statistic was given 

by:  









−=
)(ˆ

)(ˆ
log)(

1

2

0

2

H

H
pnTn




……………[6] 

Where n-p is the effective sample size, 

)(ˆ
0

2 H   is the maximum likelihood 

estimator of the noise variance from the 

linear AR (p) fit and )(ˆ
1

2 H  from the TAR 

fit with threshold searched over some finite 

interval. 

 Choosing the Threshold Variable and 

Delay Parameter 

Tsay (1989) describe a method of selecting 

the threshold variable. In context of SETAR 

model for a given time series y the threshold 

variable was taken as its own lag value yt−d 

for some positive integer d called delay 

parameter providing that d ε{1, 2,. . . , d∗}, 

where d∗ was the upper bound. The estimated 

optimal value of d was chosen in such a way 

that it provides the maximum F-values. Tsay 

suggests to select an estimate of the delay 

parameter, such that    

 ),(ˆmaxarg ppd dpFd = ………[7] 

Where, ),(ˆ
pdpF  was given in equation (5) 

the F-statistic value, the estimate of d 

depends on p. The delay value that gives the 

highest test of F value for the relevant p-value 

was selected from the threshold variables and 

it was suspected to be the delayed parameter 

for the SETAR model. 
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 Model Selection 

The SETAR model has two different AR 

processes in the two regimes defined by the 

threshold variable dty −  and threshold value 

(τ). One important issue in fitting the SETAR 

model was to select the best subset model. In 

other words, we need an efficient way to 

identify values of d and subsets of  
)(k

i

,k=1,2 and k=0,…, P(i)  that were important , 

given the maximum AR orders of P(1)  and 

P(2)  for the two regimes. So et al.(2003) 

reveals that identification problem can be 

highly complicated because it involves a very 

large number of possible models and there 

were  𝑑0 × 2
𝑃1+𝑃2+2 models to consider, 

where 𝑑0  the maximum possible delay 

parameter. The grid search method was used 

to find the potential threshold in the series by 

minimizing the residual sum of square of as 

follows: 

)(minargˆ 


Rss= ..………...…………….[8] 

Where θ is threshold parameter. The model 

which have the smallest residual sum of 

squares was the most consistent estimate of 

the delay parameter. Therefore, a threshold 

value corresponding to the smallest sum 

square of residuals was efficient. The orders 

of SETAR models were commonly identified 

by considering the Akaike information 

criterion (AIC). For each possible delay 

parameter, Tong and Lim (1980) use the AIC 

to estimate threshold value and find suitable 

autoregressive orders in both regimes of the 

threshold model. 

)1(2)1(2)ˆln()ˆln(),( 21

2

22

2

1121 +++++= ppnnppAIC 

…….…….………….….……………… [9] 

Where, 2,1, =jn j is the number of 

observations in the jth regimes and 

2,1,ˆ 2 =jj  is the variance of the residuals 

in the jth regimes 
1p and 

2p   are the selected 

lags order in regime 1 and 2 respectively for 

which the information criterion is minimized. 

Parametric Estimation 

After the desired model was selected, the next 

step is to estimate the parameters of the 

selected model. The parameters were 

estimated using a sequential conditional least 

square method. According to Franses and van 

Dijk (2000), by using this method the 

resulting estimates were equivalent to 

maximum likelihood estimates under the 

additional assumption that the residuals are 

normally distributed. 
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Model Diagnostics 

After carefully selecting tentative models to 

be used for forecasting, the residuals of the 

models were checked. This step is paramount 

to making any meaningful inferences with 

the models. So, plot of residual versus time, 

test of normality and Ljung-Box test of serial 

correlation were employed in this study. 

 

Time Plot of the Residuals  

Time plot of the standardized residuals 

should not show any structure. It must 

indicate no trend in the residuals and no 

changing variance across time. 

Normality of the residuals 

To investigate whether or not the residuals of 

the fitted model were normally distributed, 

the Jarque-Bera test and Q-Q plot were 

applied. Q-Q plot was a normal probability 

plot of a plot based on estimated quantiles. 

The normal Q-Q plots provide a quick way to 

visually inspect to what extent the pattern of 

data follows a normal distribution. 

 Test for Serial Correlation 

Ljung and Box (1978), described this test as 

a diagnostic tool used to check for the 

presence or absence of serial correlations in 

the residuals of a fitted model. The test 

procedure was given as follows; The 

hypothesis to be tested is; 

 H0 : Residuals are uncorrelated up to order k 

 H1: Residuals are correlated up to order k 

The test statistic is  


= −

+=
k

d

d

k
dn

nnQ
1

2
ˆ

)2(


……………………[10] 

Where, 
2

ˆ
d represents residual 

autocorrelations of the series at lag k, k is the 

number lags being tested, n is the number of 

residuals. The model was considered 

adequate when the p-value associated with 

Qk is large; otherwise the whole estimation 

process has to be repeated again in order to 

get the most adequate model. 

Forecasting From SETAR Model 

The important aim of considering nonlinear 

type of model such as SETAR as compare to 

the linear counterpart was to adequately 

describe the dynamic behavior of the 

observable series under consideration and 

also to produce adequate forecast values .The 

optimal one step-ahead forecast from the 

origin is given by: 

   tttttt
xFEyEy == +++

);( 111



………….[11] 
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Where 1+ty


 is the forecast value for the time 

(t+1), and t  is the history of the time series 

up to and including the observation at time t.

);( txF  is the nonlinear function that 

represent the SETAR model. The next 

optimal step-ahead forecast is given by: 

   tttttt
xFEyEy == +++

);( 222



………[12] 

In general, the linear conditional expectation 

operator E cannot be interchanged with the 

nonlinear operator F, that is 

  ( ).(.) EFFE  …….……….…………[13] 

Put differently, the expected value of a 

nonlinear function is not equal to the function 

evaluated at the expected value of its 

argument. Hence, 

( )   ( ) ( ) ;;; 11 thttttt yFyEFyFE
+++ =



…….……………………..……………[14] 

The optimal h-step-ahead forecast can be 

obtained as 

  );( 1 −+++
== htthttht

xFyEy


……..……[15] 

Results and discussion 

Formal test of nonlinearity 

In modeling road traffic accident with the 

SETAR model, the data should first satisfy 

the condition of nonlinearity. So, the 

nonlinearity was checked in this series by 

specifying the order of the linear AR(p) 

model. The order of the linear AR(p) was 

chosen as the AR(p) model based on the 

maximum lag order with the least value of 

AIC. The summary of the linearity tests were 

given in the following Table 1

          Table 1: Linearity test for first differenced log road traffic accident data 

Test Test statistic  P- value Order Decision 

Keenan 1-degree 10.60241 0.00144 12 Reject Linearity 

Tsay 3.296 0.0000 12 No threshold nonlinearity rejected 
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Likelihood Ratio 

Test 

3.42983 0.00025  12  The model is  SETAR  with two regimes 

From the above Table 1, Keenan and Tsay 

tests suggest that the working order, p could 

be 12 using Akaki Information Criterion. The 

Keenan test statistic (10.60241) was 

significant with p-value (0.00144), and Tsay 

test statistic (3.296) was significant with p-

value (0.000). As a result, the null hypothesis 

was rejected with conclusion that first 

differenced log road traffic accident data 

follows a nonlinear process. In addition, the 

p-value of likelihood ratio test is 0.0025. So, 

we reject the null hypothesis that the time 

series follows some AR process and 

concluded that data follows a two-regime 

SETAR model of order p with constant noise 

variance. 

Selection of the lag order and nonlinearity test 

 

Figure 1: ACF and PACF of first order differenced logarithm of monthly road traffic accident data 

of Addis Ababa 

The above Figure 1 reveals that, the 

autocorrelation function and partial 

autocorrelation function were the indication 

of linear dependence existing between the 

lags. The structure of the lags indicate the 

presence of a strong and persistent cycle in 
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the data. From the above Figure 1, there was 

significant large spike at seasonal lags (12, 

24, 36, etc.) revealing that, there was 

seasonality in the first order differenced 

logarithm of monthly road traffic accident 

data of Addis Ababa. The researcher notice a 

non-seasonal lag cut at lag1 and a seasonal 

lag cut at lag12 suggesting an AR parameter 

of order 12 (p=12).This also confirmed by 

Keenan and Tsay tests from the  Table 2. This 

suggests that, an AR model with each 

individual lag order from 1 to 12 should be 

tested using Tsay’s F test for threshold 

nonlinearity.  

                         

 

 

 

 

 

 

                     Table 2:  Nonlinearity test (p=12) 

Delay (d) F-value P-value 

1 3.6002 0.0001* 

2 3.3464 0.0003* 

3 3.3005 0.0003* 

4 1.3898 0.1769 

5 1.1934 0.2947 

6 1.6188 0.0917 

7 2.6682 0.0029* 

8 2.5099 0.0050* 

9 2.4310 0.0066* 
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10 1.5563 0.1103 

11 2.4720 0.00l57* 

12 1.8786 0.0411* 

The above Table 2 shows that, all tests 

suggest nonlinearity for  d=1,2,3,7,8,9,11 and 

12 at the 5% level .However, The  p-values 

of delayed  4, 5,6 and 10  were  greater than 

0.05. That means, we do not reject the null 

hypothesis of no threshold nonlinearity for all 

chosen delay parameter. Then, the researcher 

tried lower the lag order (p) to 8 by avoiding 

a non-significant delayed parameters as 

adopted in (Zivot, E. and Wang, J., 2005). 

Subsequently, nonlinearity for lag order 

(p=8) was tested. The summary of the result 

was given in the following Table 3. 

 

 

 

 

Table 3:  Nonlinearity test when p=8 

Delay(d) 1 2 3 4 5 6 7                  8 

F-value 5.2409 8.5895 4.8626 9.4523 10.7204 5.3914 4.1018 4.3857 

P-value 0.000 0.000 0.000 0.000 0.000 0.000 0.0001 0.0001 

The above Table 3 show that, the tests for all 

delays (d) have a p-values less than 0.05. The 

null hypothesis of no threshold nonlinearity 

was actually rejected for all delayed 

parameters. The optional argument p 

specifies the AR order to use in the arranged 

auto regression, and the optional argument d 

was used to select the delay parameters from 
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1 to 8. The output  was give the F statistics 

and their corresponding p-values for all 

chosen values of delayed parameter (d), and 

shows that the evidence for threshold 

nonlinearity was strong with the AR(8) 

specification . 

 Selection of the delayed parameter  

For a given AR order p, Tsay suggests to 

select an estimate of the delay parameter, 

such that ),(ˆmaxarg ppd dpFd = .Where, 

),(ˆ
pdpF was the F-statistic value, the 

estimate of d depends on p. From above 

Table 3, when d=1, F=5.2409, when d=2, 

F=8.5895, when d=3, F=4.8626, when d=4, 

F=9.4523, when d=5, F=10.7204, when d=6, 

F=5.3914 , when d=7, F=4.1018 , when d=8, 

F= 4.3857 .The largest test statistic value 

occurred at  d = 5. Consequently, 5 is 

suspected to be the delayed parameter for the 

SETAR model.  

Model Selection  

After confirming that the data were threshold 

nonlinear with 5 delayed parameter, the 

specific SETAR model that fit the data was 

identified. This was done by determining the 

autoregressive lag order (p) in each regime 

and the threshold variable dty −  .Where, d 

represent the delayed parameter. The 

researcher choose the model with lag order 

(p) for both regimes and threshold variable 

with the minimal AIC by performing a grid 

search on all possible combinations of 

SETAR models. The selected model using 

grid search from all possible models 

combinations were illustrated in Table 4. 

     Table 4: Grid search for SETAR model using d=5 

                                          Grid search for the model using  (p=8) 

Threshold 

delayed 

(d) 

Rank Order of lower 

regime 

order of upper 

regime 

Threshold  

Value 

AIC Serial 

correlation 

 

d=5 

1 8 8 -0.2564485 -396.9006 No 

2 8 8 -0.2674560 -395.6086 No 

3 8 8 -0.2244672 -394.1635 No 
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4 5 8 -0.2718599 -393.6719 Yes 

Thus, from above Table 4, the grid search 

using delay (d=5) with order of lower regime 

8 and order of upper regime 8 with -

0.2564485 threshold value have the smallest 

AIC value. Accordingly, SETAR (2, 8, 8) 

model with no serial correlation is found to 

be the selected model that fits road traffic 

accident data. 

 

 

 

 

 

 

 

 

 

Model Estimation 

Table 5: Maximum likelihood estimates of SETAR (2, 8, 8) model 

              Low Regime                    High Regime 

Coefficient Estimate Std 

Error 

t- value p-value Estimate Std Error t- value p-value 

Constant 0.220 0.207 1.059 0.291 0.136 0.033 4.141 0.000 

1  -0.964 0.206 -4.682 0.000 0.387 0.086 4.490 0.000 
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2  -0.887 0.143 -6.189 0.000  0.169 0.098 1.730 0.085 

3  -1.122 0.175 -6.399 0.000 -0.211 0.089 -2.364 0.019 

4  -0.771 0.159 -4.845 0.000 -0.254 0.077 -3.276 0.001 

5  -0.692 0.196 -3.522 0.000 -0.208 0.071 -2.892 0.004 

6  -0.806 0.376 -2.143 0.033 -0.310 0.075 -4.107 0.000 

7  -0.986 0.378 -2.607 0.010 -0.135 0.0621 -2.189 0.030 

8  -1.351 0.277 -4.8685 0.000 -0.391 0.0619 -6.317 0.000 

 
        Threshold value = -0.2564 

Proportion 25.17% 74.83% 

 

As indicated in the above Table 5, the 

numbers of data falling in lower and upper 

regimes are 25.17% and 74.83% 

respectively.  Hence, the final SETAR (2, 8, 

8) model using the estimated value of above 

Table 5 was written as follows; 





−++++++++

−−−−−−−−−
=

−−−−−−−−−

−−−−−−−−−

2564.0,062.006.081.007.008.009.010.039.014.0

2564.0,35.197.081.069.077.012.189.094.022.0

587654321

587654321

ttttttttt

ttttttttt

t
yyyyyyyyy

yyyyyyyyy
y

The below Figure 2 depicts nature of the 

regimes. And, it reveals which data value 

falls in which regime in the first differenced 

logarithm of monthly road traffic accident 

data. Data falling in the lower regime was 

drawn as black line while high regime was 

drawn by red line .The estimated threshold 

was -0.2564 as estimated in the above Table 

5.This threshold value was  not close to the 

minimum or the maximum observation . It 

was the break point of the data. 
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Figure 2:  Data falls in the lower and upper regimes of a fitted SETAR (2,8,8)  model 

     Evaluation of forecasting accuracy 

Table 6: Evaluation of forecasting accuracy of SETAR (2,8,8)
 

 

 

 

 

 

 

 

 

 

Table 6 reveals that, mean error was 

0.0008, mean square error was 0.012 and 

mean absolute error was 0.090 

the average magnitude of the errors in a set 

of forecasts was 0.113. Thus, forecasting 

error was small. 

Forecasting of SETAR (2, 8, 8) Model 

 Table 7: Actual and forecasted values of the series using SETAR (2, 8,8) 

Accuracy measure Estimates 

ME 0.0008 

MSE 0.012 

MAE 0.090 

RMSE 0.113 
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Month Observed 

value 

Forecasted 

value 

Month Observe

d value 

Forecasted 

value 

Jan 2017 777 578 Jan 2018 1575 808 

Feb 2017 948 1003 Feb 2018 1630 1254 

Mar 2017 1551 1347 Mar 2018 2146 1688 

Apr 2017 2768 2489 Apr 2018 3236 2946 

May 2017 3124 4703 May 2018 3347 3725 

Jun 2017 3165 4203 Jun 2018 3196 3621 

Jul 2017 3089 4285 Jul 2018 2973 3335 

Aug 2017 3280 2704 Aug 2018 2819 2604 

Sep 2017 3051 2456 Sep 2018 2607 2509 

Oct 2017 2382 1928 Oct 2018 2142 1845 

Nov 2017 1677 1214 Nov 2018 1605 1375 

Dec 2017 1125 1000 Dec 2018 1085 1194 

Model diagnosis 

After carefully selecting tentative models to 

be used for forecasting, the researcher check  

 

the residuals of the models to ensure that, the 

model satisfy the assumptions. 

 

                   Time plot of the SETAR (2, 8, 8) model residuals  
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                                               Figure 3: Time plot of the SETAR (2,8,8) model residuals. 

 

As shown in above Figure 3, the standardized 

residuals plot shows no obvious pattern and 

looks like an identically and independently 

distributed of mean zero.   

 Test of Normality  

To investigate whether or not the residuals of 

the fitted model are normally distributed, the 

Jarque-Bera test was applied. The test have a 

null hypothesis that the residual follows a 

normal distribution and therefore a rejection 

of the null hypothesis suggests that the 

residual does not follow a normal 

distribution. 

 

 

 Table 8: Jarque Bera test for SETAR (2,8,8) 

model residuals 

 

Jarque 

Bera Test 

X-squared     Df p-value 

1.1787 2 0.5547 

As shown in above Table 8, the p-value for 

the test was 0.5547 which was greater than 

0.05. So, we do not reject the null hypothesis. 

This test was provide evidence of normality 

for the standardized residuals. In addition, 

Figure A5 (Appendix) show that the 

histogram and QQ plot of SETAR (2,8,8) 

model residuals. The histogram features 

provide strong indications of the proper 

distributional of the model for the data. Also, 

the QQ-normal plot seem to follow a straight 

line especially in the extreme values.  
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            Figure 4: Histogram and Q-Q plot of standardized SETAR (2,8,8) residuals 

Test for Serial Correlation 

Ljung and Box (1978), described this test as 

a diagnostic tool used to check for the 

presence or absence of serial correlations in 

the residuals of a fitted model. 

    Table 9: Box-Pierce test for SETAR 

(2,8,8) model 

Box-

Ljung 

test  

X-squared     Df p-value 

0.052 1 0.8196 

 

The above Table 9 shows that the p-value was 

higher than 0.05. This leads to the conclusion 

that we don’t reject the null hypothesis of no 

autocorrelation. Therefore, the selected 

model is an appropriate one for forecasting 

road traffic accident of Addis Ababa. 

 

Conclusion  

This study examined statistical analysis of 

road traffic accident in Addis Ababa using 

SETAR model. In the nonlinear SETAR 

modelling, graphical method, Keenan test, 

Tsay test and likelihood ratio test were used 

check non linearity features of the data. A 

delayed parameter was selected as (d=5) with 

eight order of lower and upper regime using 

grid search method. Henceforth, SETAR 

(2,8, 8) was identified amongst the tentative 

models and out of sample forecasts were 

made for 24 months. The result indicates that, 

an increasing trend of road traffic accident in 

Addis Ababa. 

Recommendation 
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The government should create awareness for 

drivers, traffic polices and pedestrians about 

traffic accident and the rules and regulations 

to reduce the road traffic accidents related 

morbidity and mortality. 

This study showed the increasing pattern of 

road traffic accident over the forecasted 

period and recommends policy maker to pay 

more attention on preventive measures for 

road traffic accidents so that the burden can 

be reduced and more lives can be saved. 

In this study, the researcher focused on the 

application of SARIMA and SETAR models 

in forecasting road 

Traffic accident of Addis Ababa. And, one of 

the finding of this study reveals that, road 

traffic accident most frequently occurs during 

the rainy seasons.  Hence, further studies may 

employ Artificial Neural Network (ANN) 

and Multinomial Logit model to identify the 

impact of climate change on RTAs using 

different sets of rainfall data. 
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