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Abstract  
Times series models are important statistical methods for analysing data recorded at 
points of time which considers the order of observations. In this study, the Autoregressive 
Integrated Moving Average (ARIMA) model was used to analyse the consequences of traffic 
crashes in the Kingdom of Saudi Arabia (KSA) from 2002-2022. Over the study period, 
there was a decreasing trend in the forecasted number of all types of injuries per 1,000 
traffic crashes. Moreover, to check the validity of the fitted model, the actual observations 
are plotted with predicted values from 2016 to 2022 and showed a nearly equal and exact 
pattern between the total number of predicted values and the actual data. It is concluded 
that the ARIMA model is a good fit to forecast the parameter of consequences per 1,000 
crashes. The decrease in consequences may be due to preventive or mitigation measures 
by various organisations in KSA. 

Key findings   
• The number of driving crashes in the Kingdom of Saudi Arabia (KSA) has an increasing trend. 
• The number of all types of injuries per 1,000 crashes in KSA is forecast to decrease. 
• The proposed model was found to be a good fit. 

Introduction  

There are various harmful factors that threaten human 
health (Khoshakhlagh et al., 2022, 2023). Traffic collisions 
pose a significant risk to global health, with approximately 
1.19 million fatalities annually due to road-related injuries 
or disabilities for an estimated 20 to 50 million individuals 
(Pourabdian et al., 2020; WHO, 2023). The primary demo
graphic affected by traffic-related deaths is individuals be
tween the ages of 15 and 44 years. Without effective inter
ventions to address road safety, it is anticipated that deaths 
will continue to rise. Moreover, vehicular crashes rank as 
the ninth most common cause of mortality across all age 
groups on a global scale and are expected to become the 
seventh leading cause of death by the year 2030, according 
to research by Bendak et al. (2022). 
The Kingdom of Saudi Arabia (KSA) spans an expanse 

of approximately 2.25 million square kilometres. Over the 

past forty years, the nation has witnessed a sixfold increase 
in its population, culminating in a total of 36.9 million in
habitants as of 2023 (World Bank Group, 2024). Concur
rent with this demographic expansion is prolific economic 
growth and development through its oil industry that has 
led to an elevated standard of living and increase in pro
fessional immigrants who make up over a third of the KSA 
population (Bendak et al., 2022; Mansuri et al., 2015). This 
growth has resulted in substantial changes to road infra
structure and the increase of motor vehicles. The extent of 
the asphalt-covered roads has expanded from a mere 239 
kilometres in 1952 to 64,632 kilometres today. Similarly, 
the number of registered motor vehicles escalated from 
145,000 in 1970 to an estimated 18 million, with around 
800,000 additional vehicles being imported annually (Al-
Ghamdi, 1999; Bendak et al., 2022; Mansuri et al., 2015). 
In 2021, 6,035 people died as a result of crashes on the 

roads (WHO, 2023). Riyadh region is at the top in terms 
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of the number of traffic crashes, followed by Makkah and 
Sharqiya region in the second and third places, but in terms 
of the number of deaths in crashes, Makkah takes the first 
place (Al-Turaiki et al., 2016; Mansuri et al., 2015). The 
main contributing factors in crashes are the non-obser
vance of the speed limit law, non-fastening of seat belts, 
use of alcoholic beverages while driving, and non-use of 
child seats. 
An important step in the prevention and control of 

crashes is to evaluate and analyse the problems and ac
curately draw the existing problems so that the necessary 
planning can be done to contain them (WHO, 2014). As it is 
obvious, the world around humans is full of complexities. A 
model is an abstract representation of the components and 
connections of a phenomenon that shows the relationships 
between entities and different variables of that phenome
non (Birta & Arbez, 2013). 
One of the suitable statistical methods for analysing data 

recorded in a period of time and at ordered points of time 
is time series models in which the order of observations is 
important (Cryer & Chan, 2008). Within time series analy
sis, the Autocorrelated Integrated Moving Average (ARIMA) 
model encompasses a more extensive framework compared 
to the Autocorrelated Moving Average (ARMA) model. 
These analytical tools are employed to enhance compre
hension of time series or to forecast future values. They are 
applicable to datasets that exhibit stationarity. In this case, 
with one-time differentiation (corresponding to the “inte
grated” component), the non-stationary nature of the data 
is eliminated and the possibility of estimating an ARIMA in 
the new data is created (Hernandez-Matamoros et al., 2020; 
Mills, 1990). 
Typically, the ARIMA model is represented by the 

ARIMA (p, d, q), with p, d, and q being non-negative real 
numbers that signify the degree of the autoregressive, inte
grated, and moving average parts, respectively. These mod
els play a crucial role in the Box-Jenkins methodology for 
analysing time series data. When any of these parameters 
is zero, the model is often referred to by its specific com
ponent, such as AR for autoregressive, I for integrated, or 
MA for moving average. For instance, I(1) corresponds to an 
ARIMA model with parameters (0,1,0), while MA(1) can be 
expressed as ARIMA (0,0,1) (Hernandez-Matamoros et al., 
2020; Mills, 1990). This model was applied to forecast traf
fic crashes and consequences including all types of injuries 
(fatal and nonfatal) due to these crashes in several coun
tries. 
In England, Yixuan et al. (2014) predicted the number 

of driving crashes, the death rate, and the number of ve
hicles involved. Their results showed that the time series 
helped to improve the prediction accuracy of the model as 
a reference for decision-making in the traffic management 
department. In Colombia, Rodríguez (2015) modelled the 
process of traffic crash injuries and proposed the ARIMA 
model for this purpose. The time series model (1,1,0) (5,1,2) 

showed a good fit to the data and the results provided use
ful information about the complications caused by traffic 
crashes in similar areas. In Erbil city in Iraq, Abdulqader et 
al. (2020) used ARIMA time series models to present the 
model of people injured in crashes on the road and the 
ARIMA model (1,0,1) (0,1,1) was chosen as the most suit
able and best model. Their results showed that the num
ber of injured people from traffic crashes is decreasing. In 
the Amhara region of Ethiopia, Getahun (2021) modelled 
crashes on the roads, including injuries and fatalities from 
2013 to 2017. The best models for the injured were ARIMA 
(1,0,0) (2,0,0). ARIMA (2,0,0) was chosen for fatality crashes 
and ARIMA (1,1,1) (2,0,0) was chosen for all crashes. Re
sults showed a non-decreasing trend of crashes. 
In 2014, Avuglah et al. conducted a study on the number 

of crashes in Ghana, in which they used the ARIMA time 
series model to study the trends and patterns of driving 
crashes. The results showed the upward trend of crashes 
and the ARIMA model (0,2,1) was recognised as the best 
model (Avuglah et al., 2014). In 2021, Husin et al. used the 
Box-Jenkins and state space model for forecasting Malaysia 
road crash cases and concluded that the basic structural 
state space model with trend and seasonal components was 
the most appropriate model (Husin et al., 2021). Hassouna 
et al. (2020) analysed road crash traffic trends in Palestine 
using the ARIMA model and observed a generally increas
ing trend, which is expected to continue in the future. 
Sabenorio et al. (2023) also forecasted road traffic 

crashes in metro Manila using ARIMA modelling and they 
concluded that despite the decrease in total road crashes, 
the ratio of road crashes resulting in injuries drastically in
creased during the lockdown due to reckless driving behav
iours. Dutta et al. (2020) applied the ARIMA model for fore
casting road crash deaths in India and found that the trends 
of road crashes and the yearly total number of deaths due 
to these crashes in this country are upward. In another 
study, Dutta et al. (2021) forecasted the number of road 
crashes in India using the Box-Jenkins time series model 
and concluded that the number of these crashes is increas
ing (Husin et al., 2021). 
In this study, the ARIMA model was used to model the 

injury consequences (fatal and nonfatal) of traffic crashes 
in KSA in the period 2002-2022. 

Methods  

This retrospective study was conducted in 2022 in KSA. The 
Saudi open data portal, which is a National e-Government 
Portal, was used to obtain data.1 As providing access to gov
ernment data obtained momentum around the world, the 
KSA was not far behind, providing data from the national 
portal and the Ministry of Economy (Elbadawi, 2012). The 
National Open Data Portal permits access, download, and 
use the data of the KSA ministries and government agen
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cies (AlRushaid & Saudagar, 2016). The data on the in
jury outcomes (consequences) and car crashes from 2002 to 
2022 were extracted from the database. It should be noted 
that the data from 2002 to 2015 were used to develop the 
model and the data from 2015 to 2022 were applied to 
check the validity of the model. Hassouna and Al-Sahili 
(2020) in a study on practical minimum sample size for road 
crash time-series prediction models proved that the use of 
a sample size less than 50 is practically acceptable. 
The ARIMA model, conceived by Box and Jenkins in 

1970, is extensively applied in forecasting diverse variables. 
This approach encompasses a three-stage iterative method 
that consists of choosing the appropriate model, estimating 
its parameters, and verifying the model’s adequacy. Con
temporary interpretations of this methodology advocate for 
an initial phase of preparing the data, followed by a con
cluding phase where the model is used for forecasting pur
poses. 
The methodology consists of several steps. First, data 

preparation is conducted to stabilise the variance and 
transform the data into a stationary series through differ
encing. Various tests can be employed to ensure the sta
tionarity of the data, such as the Augmented Dickey-Fuller 
(ADF) test. Next, in the model suggestion stage, potential 
models are identified based on the patterns observed in the 
data. The autocorrelation function (ACF) and partial au
tocorrelation function (PACF) are examined to determine 
suitable models. It is crucial to build the model around the 
suggested order, considering multiple models with differ
ent orders if necessary. Following that, in the model se
lection stage, appropriate criteria are applied to select the 
best-fitting model. Measures of goodness-of-fit such as AIC 
(Akaike Information Criterion), AICc (corrected Akaike In
formation Criterion), and BIC (Bayesian Information Crite
rion) are utilised for this purpose. Models with significant 
values and lower AICc, AIC, and BIC values are considered 
preferable. Additionally, adequacy checks for fitted models 
are performed using Modified Box-Pierce (Ljung-Box) Chi-
square statistics and four plots: histogram of residuals, nor
mal plot of residuals, residuals versus fits plot, and resid
uals versus order plot. The normality of residuals is 
examined using the Kolmogorov-Smirnov test. 
Once a model with white noise residuals is obtained 

from these stages, it can be used for forecasting. The accu
racy of the model is compared to that of competing models, 
and the final model chosen for forecasting should demon
strate higher accuracy. To validate the fitted model, actual 
observations are plotted alongside predicted values for a 
specific time. Additionally, the accuracy of the model can 
be assessed using metrics such as Root Mean Square Error 
(RMSE), mean absolute percentage error (MAPE), mean ab
solute scaled error (MASE), and R squared. Ofori et al. 
(2021) have suggested interpretations for MAPE values: less 
than 10 percent indicates highly accurate forecasting, 10-20 
percent indicates good forecasting, 21-50 percent indicates 
reasonable forecasting, and 51 percent and above indicates 
inaccurate forecasting. For MASE, the values of lower than 
1 are acceptable (Ofori et al., 2021). The statistical tests 
were carried out using Minitab software. 

Results  

Table 1 represents the descriptive statistics of the studied 
variables from 2002 to 2022. Figure 1 also shows time series 
plots of these variables. The results show that the number 
of crashes and consequences increased from 2002 to 2022. 
However, the consequences per 1,000 crashes are decreas
ing. Given that the consequences per 1,000 crashes have a 
better trend compared to the variables of crashes and con
sequences, the ARIMA model was drawn for this variable. 
Figure 2 shows plots of the consequences per 1,000 

crashes from 2002 to 2015, including a time series plot, a 
Box-Cox plot, and a time series plot of the first difference. 
The results showed that the values of this variable do not 
need transformation. The values of λ for this variable were 
acceptable. To obtain a stationary series, the researcher 
took the first differences of data to remove trends from 
the series. Figure 2 shows a non-stationary behaviour of 
the first differenced data for this parameter. Also, the Aug
mented Dickey-Fuller test to the first differenced data re
veals that the values of P value for this parameter was less 
than 0.05 (P<0.001). This implies that the first difference in 
the testing data is stationary. 
Figure 3 displays functions, including the autocorrela

tion function (ACF) and partial autocorrelation function 
(PACF), for the consequences per 1,000 crashes. The auto
correlation function (ACF) and partial autocorrelation func
tion (PACF) were examined to identify potential models. 
The suggested orders are used to build the model. Based on 
the results, the values of autocorrelation for the studied pa
rameters were significant in the first lag. The value of the 
partial autocorrelation for the parameter of consequences 
per 1,000 crashes was significant in the first lag. 
Table 2 describes the suggested ARIMA models for the 

consequences per 1,000 crashes and their accuracy mea
surements. Based on the results, the ARIMA (0, 1, 0) model 
had significant model values and the lowest values of AICc, 
AIC, and BIC. Therefore, these models were selected for 
forecasting the studied parameters. Next, the researcher 
checked the adequacy of the fitted models. 
Table 3 represents Modified box-pierce (Ljung-Box) Chi-

square statistics for Lag (12) of the selected ARIMA models. 
The results indicated that the Ljung–Box statistics are not 
significant at any positive lags for the model. 
Figure 4 depicts the plots of the histogram of residuals, 

the normal plot of residuals, residuals versus fits, and resid
uals versus order for confirmation of the selected ARIMA 
model. It is observed that the standardised residuals plot of 
the model is independently and identically distributed with 
one outlier. There is no evidence of significance in the auto
correlation functions of the residuals of the model and the 
standardised residuals appear to be normally distributed. 
The results of Kolmogorov-Smirnov showed that the resid
uals have normal distributions (P > 0.05). 
Figure 5 indicates the trend of the consequences per 

1,000 crashes to 2032. Table 4 reports the actual values 
versus forecasted values of this variable. As a result, it is 
observed that the forecasted number of consequences per 
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Table 1. Descriptive statistics of the studied variables, 2002 to 2022          

Year Crashes Consequences Consequences per 1,000 crashes 

2002 305,649 32,292 105.6506 

2003 223,816 32,533 145.3560 

2004 261,872 35,089 133.9929 

2005 293,281 39,979 136.3164 

2006 296,015 40,423 136.5573 

2007 283,648 41,767 147.2494 

2008 435,264 42,383 97.3731 

2009 485,931 42,947 88.3809 

2010 484,805 40,747 84.0482 

2011 498,203 45,191 90.7080 

2012 589,258 48,724 82.6870 

2013 526,429 45,191 85.8444 

2014 547,844 46,976 85.7470 

2015 518,795 43,166 83.2044 

2016 527,695 42,339 80.2339 

2017 460,488 40,688 88.3584 

2018 430,163 36,366 84.5401 

2019 478,219 38,664 80.8410 

2020 410,500 30,179 73.5177 

2021 446,123 32,588 73.0471 

2022 457,321 34,435 75.2972 

1,000 crashes due to driving in KSA will be decreased in the 
period to 2032. 
To check the validity of the fitted model, the actual ob

servations are plotted with predicted values from 2016 to 
2022 (7 years). The results revealed that the total number 
of predicted values is a nearly equal and exact pattern with 
the actual data and the actual observations were also within 
the prediction limit (95%). Based on the values of MAPE, 
forecasting was highly accurate for consequences per 1,000 
crashes. Also, the values of R squared, RMSE, and MASE 
were acceptable. Therefore, it may be concluded that the 
proposed model would be a good fit to forecast the parame
ter of consequences per 1,000 crashes and is well-fitted to 
forecast the studied parameter. 

Discussion  

This study analysed the data of traffic crashes and con
sequences from 2002-2022 using the ARIMA algorithm to 
process an anticipation model, and afterward applies the 
data of these years for rectification and analysis, at last, the 
anticipation for the studied factors is carried out until 2032. 
According to the findings, although the trend of crashes 
was upward, the number of consequences per 1,000 crashes 
will be downward in the years to 2032 (Fouda Mbarga et al., 
2018; Khoshakhlagh et al., 2021; WHO, 2015). 
There is a relationship between socioeconomic status 

and injuries from road crash with higher rates in low- and 

middle-income countries (WHO, 2023). While the KSA is 
a high-income country, wealth is not evenly distributed 
across different regions, creating different socio-economic 
groups within the same country. Greater attention to the 
safe system principles and the different demographic 
groups within the KSA is needed to prevent serious crashes 
on the roads. 
Based on the results, the number of deaths per 1,000 

crashes due to driving in KSA, the modelling predicts a 
decrease in the years to 2032. In addition to direct, road 
safety measures, this may also be achieved through im
proved post-crash responses (e.g., fire and relief teams are 
well-trained and the system is equipped with advanced 
equipment (Al-Zabidi et al., 2022)). Moreover, the safety of 
vehicles has increased in recent years. 
Furthermore, another reason could be the improvement 

of the health system in KSA. Improvements in the health 
system in KSA in recent years are also likely to help in post-
crash care. This includes increased recruitment of medical 
personnel and advanced equipment for hospitals (Salami & 
Bhatti, 2022) for improved pre-hospital care (Ansari, 2004). 
The pre-hospital emergency system, aims to provide timely 
services to injured and needy patients, including from traf
fic crashes, and plays an important role in reducing the 
consequences of these crashes. Therefore, analysing traffic 
crashes over a period of time, helps to predict future trends. 
Based on that, officials can act properly for the develop
ment and proper equipment of pre-hospital emergency 
centres (Cryer & Chan, 2008). 
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Figure 1. Time series plots of the crashes (a), consequences (b), and consequences per 1,000 crashes (c) (2002-2022)                 
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Figure 2. Plots of the consequences per 1,000 crashes (2002-2015)         
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Figure 3. Functions for the consequences per 1,000 crashes        

A study in Iran by Yousefzadeh-Chabok et al. (2016) in
vestigated the trend and predicting the number of crashes, 
in which the ARIMA seasonal model (1,1,3) (0,1,0) was se
lected as the best model. The results showed the downward 
trend of death and injuries caused by crashes which are 
consistent with the findings of this study which the total 
number of predicted values are nearly equal and follow an 
exact pattern of the actual data. However, the difference 
in the results of the mentioned studies on the number of 
crashes and consequences can be because of cultural, eco
nomic and social differences in different countries. 
Based on the values of MAPE, forecasting was highly ac

curate for consequences per 1,000 crashes. Also, the val
ues of R squared, RMSE, and MASE were acceptable. There

fore, it may be concluded that the proposed model would 
be well fit to forecast the parameter of consequences per 
1,000 crashes. As a limitation, data on detailed information 
related to traffic crashes were not available. Also, it must 
be noted that ARIMA has very good accuracy for short-term 
forecasting, but less accurate for long-term forecasting. 

Conclusion  

This study analysed the data of traffic crashes and conse
quences from 2002-2022 and used the ARIMA algorithm to 
process an anticipation model, applied the data of these 
years for rectification and analysis, and projected the stud
ied factors to 2032. According to the findings, although the 
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Table 2. The suggested ARIMA models for the parameter of consequences per 1,000 crashes and their accuracy                
measurements  

ARIMA model Coefficient SE coefficient P value AICc AIC BIC 

(0, 1, 0)* 
Rondon walk model 
with constant 

- 1.727 - - 118.140 116.940 118.070 

(1, 1, 0) 
AR1 -0.277 0.286 0.354 

121.189 118.552 120.217 
Constant -3.100 5.400 0.578 

(0, 1, 1) 
MA1 0.313 0.281 0.290 

121.207 118.540 120.235 
Constant -2.730 3.700 0.476 

(1, 1, 1) 

AR1 0.392 0.283 0.296 

125.408 120.408 122.668 
MA1 1.226 0.276 0.001 

Constant -1.883 0.047 
< 

0.001 

* Best model with minimum AICc. Output for the best model follows. 

Table 3. Modified box-pierce (Ljung-Box) Chi-square     
statistics for Lag (12) of the selected ARIMA model          

Chi-square DF P-value 

9.54 11 0.572 

trend of crashes was upward, the number of consequences 
per 1,000 crashes is forecast to decrease in the years to 
2032. It may be due to preventive or mitigation measures 
by various organisations. Although the measures performed 
for reducing consequences in KSA are useful, necessary 

Figure 4. The four plots of the histogram of residuals, normal plot of residuals, residuals versus fits, and                 
residuals versus order for confirmation of the selected ARIMA model           

measures are also required to decrease traffic crashes con
sidering the increase in population. Also, plannings are 
necessary to accelerate the slope of reducing consequences 
due to crashes. Based on the results, the ARIMA method 
has vigorous performance and high precision for forecast
ing the consequences of traffic crashes. Therefore, it can be 
used to forecast the consequences of various crashes in dif
ferent countries. It is recommended that time series analy
sis is performed for various types of traffic crashes for more 
precise investigations. Moreover, it is suggested to plan in
terventional measures and forecast their effectiveness us
ing this model. 
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Figure 5. Trend of the studied variables to 2032        

Table 4. Actual values versus forecasted values of the consequences per 1,000 crashes            

Parameters Crashes 

RMSE 4.74 

MAPE 0.046 

MASE 0.88 

R-squared (Linear) 0.57 

Year Forecast 
95% limits 

Actual 
Lower Upper 

2016 81.4777 43.52 119.44 80.23385 

2017 79.7511 26.07 133.43 88.35844 

2018 78.0244 12.28 143.77 84.54005 

2019 76.2978 0.38 152.22 80.84999 

2020 74.5712 -10.31 159.45 73.51766 

2021 72.8445 -20.14 165.83 73.04712 

2022 71.1179 -29.31 171.54 75.29722 

2023 69.3913 -37.97 176.76 80.23385 

2024 67.6646 -46.21 181.54 

2025 65.9380 -54.10 185.98 

2026 64.2114 -61.68 190.11 

2027 62.4847 -69.01 193.98 

2028 60.7581 -76.11 197.62 

2029 59.0315 -83.00 201.06 

2030 57.3048 -89.71 204.32 

2031 55.5782 -96.11 208.55 

2032 53.8516 -102.43 211.76 
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