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Abstract 
In developing countries, the population of younger adults is relatively higher. In addition, the frequency of traffic 

violations, committed by young drivers, is considerable. Consequently, annually a large portion of road crashes is 

recorded among this age group. This paper aims to study the traffic rule violations of young drivers in Iran. 

Focusing on the behavior of young drivers and understanding the mechanisms that affect the occurrence of 

violations among this group of drivers can be helpful to promote traffic safety. For this purpose, 567 drivers in the 

range of 18 to 40 years old have been studied. Then, different data mining approaches such as descriptive analysis, 

correlation analysis, multinomial logistic regression (MLR), and Random Forest (RF) were used. The main 

contribution of this paper is using different analytic methods to gain insight into traffic violations of young drivers 

and to propose potential countermeasures to decrease this issue. Results indicated that driving over speed limits, 

red-light running, and angry driving are the most frequent violations. The frequency of using mobile phone while 

driving, as a source of distraction, has been found to be highly correlated with other violations. As the frequency 

of previous traffic fines, the number of days with access to private cars, and the frequency of previous crashes 

increase, more diverse types of violations with high frequencies are expected in the future. In addition, the 

frequency of risky violations was found to be higher among men and those with lower education levels.  
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1. Introduction 

Road crashes annually kill many people 

throughout the world. According to the World 

Health Organization (WHO) report, 1.35 

million people are annually killed in road 

crashes [WHO, 2018] More than 90 percent of 

mortalities caused by road crashes were from 

low- or middle-income countries, although they 

own less than 60 percent of the vehicles 

[Kerwin & Bushman, 2020] Studies indicate 

that traffic crashes have been one of the three 

leading causes of death among younger adults 

[Trivedi & Rawal, 2011]. Alver et al. [2014] 

surveyed crashes among young drivers aged 18 

to 19. They found that almost 24 percent of the 

drivers have had at least one crash in the last 

three years [Alver et al., 2014]. De Melo et al. 

[2017] reported that the rate of hospitalization 

among young people (15-29 years old) is more 

than twice higher than other age groups, due to 

severe injuries [de Melo et al., 2017]. Rahman 

et al. [2021] estimated that young drivers (15-

24 years) constitute more than 20 percent of 

Louisiana's fatal traffic crashes in 2018 

[Rahman et al., 2021]. According to Iranian 

Legal Medicine Organization statistics, about 

half of the road crash fatalities are people 

younger than 40 years old [Alimohammadi et 

al., 2020]. 

Aberrant driving behaviors can be one of the 

leading causes of crashes [Reason et al., 1990]. 

Aberrant behaviors generally consist of slips, 

lapses, mistakes, unintended violations, and 

deliberate violations [Reason et al., 1990]. 

Traffic violations are those deviations from 

necessary behaviors for safe driving and 

avoiding dangerous situations [Reason et al., 

1990]. Deliberate violations are accompanied 

by more high-risk situations than other aberrant 

behaviors. Various violations can cause 

different degrees of risk to road users [Reason 

et al., 1990]. Traffic violations with a high risk 

of crash occurrence include but are not limited 

to red-light running, lack of seat belt use, 

speeding, mobile phone use, impaired driving, 

the wrong way entry, unofficial racing, showing 

hostility to other drivers, using vehicles with 

technical problems and illegal backing-up 

[Alver et al., 2014; Asadianfam et al., 2020; 

Scott-Parker & Oviedo-Trespalacios, 2017].  

In Eskişehir, Turkey, according to the police 

reports, 5.4 percent of crashes were due to red-

light violations [Karacasu & Er, 2011]. Shaaban 

and Pande [2018] stated that the red-light 

running had been correlated with the frequency 

and severity of traffic crashes [Shaaban & 

Pande, 2018]. Some studies have shown that 

seat belt violation has negative impact on the 

severity of crashes. On the other hand, fastening 

the seat belt reduces the risk of death up to 48 

percent [Hatfield et al., 2014]. Numerous 

studies have been conducted on speed limit 

violations. The results of a survey showed that 

driving at high speeds increases the risk of crash 

occurrence by an average of 60 percent 

[Williams et al., 2006]. Castillo-Manzano et al. 

[2019] studied the impact of driving speed 

limits on traffic crash fatalities [Castillo-

Manzano et al., 2019]. Rossi et al. [2020] 

showed that speed reduction not only reduces 

traffic crashes and severity but also has very 

significant impact on human health [Rossi et al., 

2020]. Mobile phone use and impaired driving 

are other violations that play a serious role in 

both the occurrence and severity of traffic 

crashes. According to previous studies, use of 

alcohol and drugs before driving can cause 

health problems and thus increase improper 

driving performance [Font-Ribera et al., 2013; 

Simonsen et al., 2018]. Sullman and Baas 

[2004] showed that using mobile phone while 

driving could increase the risk of accidents up 

to 9 times higher in New Zealand [Sullman & 

Baas, 2004]. Zhang et al. [2019] indicated that 

anger driving could also increase the risk of 

crash occurrence [T. Zhang et al., 2019]. The 

interaction between traffic accidents and risky 

driving of young drivers (16–25 years old) was 

studied using the hierarchical segmentation 

analysis via decision trees [Scott-Parker & 

Oviedo-Trespalacios, 2017]. It was found that 
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mobile phone use and drinking alcohol had a 

greater impact on traffic crashes than other 

factors. 

Some researchers have shown that the 

frequency of high-risk driving behaviors, such 

as speeding, ignoring traffic signs, illegal 

overtaking, distraction, not fastening the seat 

belt, and driving under the influence of alcohol 

is considerable among young drivers [Carter et 

al., 2014; Dunlop & Romer, 2010; Klauer et al., 

2014]. Besides, crashes caused by impaired 

driving or mobile phone use are higher among 

young people [Erin Goodman et al., 2020; 

Lipovac et al., 2017]. Bener et al. [2006] stated 

that, compared to older adults, young drivers 

have more tendency to use mobile phone while 

driving [Bener et al., 2006]. Red-light running 

annually causes 165,000 injuries and 800 deaths 

in the United States, and most red-light runners 

are among young drivers (under the age of 30 

years) [Mane & Pulugurtha, 2018].  

Some studies have focused on the causes of 

traffic violations among different drivers. 

Emotions, exploration, inexperience, and 

recklessness are the most contributing elements 

among younger drivers in breaking the laws 

[Cestac et al., 2011]. Zhang et al. [2014] 

investigated driver, vehicle, road, and 

environmental risk factors to evaluate two 

traffic violations in China, speeding and drunk 

driving. They found that several factors have a 

more prominent role in these two violations, 

consisting of gender, private vehicle ownership, 

lack of street lighting at night, and poor 

visibility [G. Zhang et al., 2014]. Precht et al. 

[2017] showed that passenger presence, anger, 

and individual differences were the main 

variables contributing to traffic violations. The 

authors found that traffic violations increase 

due to emotional disorders like anger, 

frustration, surprise, and sadness. Moreover, 

some distractions, such as backing up for a lost 

object or touching the screen of a mobile phone 

can lead to more driving errors. In contrast, 

cognitive distractions did not have any effect on 

driving performance [Precht et al., 2017]. Alavi 

et al. [2017] represented the influence of 

personality characteristics, driving behavior, 

and mental illnesses on driving violation using 

logistic regression. They applied the 

Manchester Driving Behavior Questionnaire 

(MDBQ) for evaluating driving behaviors. The 

Big Five Personality Test and the Semi-

Structural Interview (SADS) were utilized to 

investigate personality characteristics and to 

identify any mental diseases among drivers, 

respectively. They found that young drivers 

revealed more risky driving behaviors than 

other age groups. Moreover, their results 

showed that driver’s education did not have any 

impact on traffic violations. Besides, the results 

revealed that traffic violations could be directly 

related to depression and anxiety disorders 

[Alavi et al., 2017]. Ambo et al. [2021] assessed 

two major factors influencing the traffic 

violation using multinomial logit model in 

China, including congested driving and weather 

conditions. They found that taking these risk 

factors into account would decrease the 

frequency of traffic violations and enhance 

traffic safety [Ambo et al., 2021]. Hadji 

Hosseinlou et al. [2018] introduced the 

peripheral landscapes, number of interchanges, 

number of passing lanes, average speed as the 

factors, affecting traffic violations in freeways 

[Hadji Hosseinlou et al., 2018]. Rosenbloom 

and Perlman [2016] found that those drivers 

who travel alone commit more violations, 

despite their gender and age [Rosenbloom & 

Perlman, 2016].  

The present paper intends to assess the traffic 

violation behavior of young drivers based on a 

self-reported survey in a developing country. 

For this purpose, a data mining approach is used 

to provide a complete view of the violations 

committed by young drivers. Based on the 

literature review, the main contributions of this 

paper consist of: 

This study focuses on young drivers in 

developing countries and the main objective is 

to propose countermeasures to reduce 
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dangerous traffic violations of this group to 

promote traffic safety.  

In this study, risky traffic rule violations are 

regarded simultaneously. In addition, the 

relationships between their frequencies are 

compared. 

Impact of previous negative experiences of 

young drivers such as traffic crashes and traffic 

fines on violation commitment are assessed. 

Based on the frequency and diversity of 

committed violations a new indicator is 

developed and considered as the target variable. 

To the best of the authors’ knowledge, no study 

has previously investigated the violation 

behavior of young drivers from different 

viewpoints.  

Following, the utilized dataset and 

methodological approach are explained 

comprehensively. Subsequently, the outcomes 

are discussed in more detail, which is followed 

by a discussion and conclusions.  

2. Methodology 

Data mining is a relatively new field of science, 

which has attracted a great deal of attention in 

recent decades. Data mining tries to analyze 

data from different aspects and summarize a 

huge database with different attributes in the 

form of useful information. Different methods 

such as statistics, machine learning, artificial 

intelligence and database system can be used in 

a data mining process for anomaly detection, 

association rule learning, clustering, 

classification, regression, summarization, and 

sequential pattern mining [Fayyad et al., 1996]. 

In this paper, it is intended to use 

summarization, and classification to answer the 

questions outlined in Table 1. 

Accessing to the violation reports is not an easy 

task, since a great number of violations have not 

been recorded in developing countries. Thus, 

this paper has relied on the self-reported 

violations of young drivers (in the range of 18 

to 40 years old) provided by a questionnaire. 

Young drivers related to Tehran in Iran. Tehran 

is the capital of Iran a big city with more than 9 

million population. Passenger cars are top-rated 

in Tehran, and approximately 40 percent of trips 

are done by them.  

Table 1. Research questions 

Number Question 

1 What is the frequency of committing each violation among young drivers? 

2 What is the relationship between drivers’ characteristics and traffic violations? 

3 What is the relationship between the frequency of previous crashes and traffic violations? 

4 What is the relationship between the frequency of previous fines and traffic violations? 

5 What is the relationship between the frequencies of different violations? 

6 
What is the impact of drivers’ characteristics, previous crashes, and fines on the diversity and 

frequency of drivers’ violations? 
 

The sample size to be surveyed is determined by 

Equation 1 (Johnson & Wichern, 2002). 
1

2

2

1
1 ( )

N d
n N

pq Z



 
 

  
 
 

 (1) 

Where; 

n: Sample size, number of young drivers for 

data collection 

N: Population size, number of total young 

drivers in Iran (about 30 million),  

Z: 1.96 for 95% confidence level, 

p,q: The quality characteristics which are to be 

measured. Where no previous experience exists 

then the value of p is taken as 0.5 and q=1-

p=0.5,  

d: the desired level of precision and is 

considered 0.5%. 

Based on Equation 1, at least 385 young drivers 

must be surveyed. In this study, 567 

questionnaires were filled, among which 515 

cases were acceptable based on the controls 

considered during the survey. Data collection 

was conducted from March 2019 to November 
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2019 in Tehran (Iran) (before the COVID-19 

outbreak). The questionnaire has been sent to 

different people via Email, Twitter, Instagram, 

WhatsApp, and other virtual methods. In the 

questionnaire, several questions have been 

designed to control if it has been filled with 

enough precision and concentration. In 

addition, the duration of filling the 

questionnaire has been recorded. Those 

responses, which have been done in a time less 

than the standard, were omitted. Meanwhile, it 

was tried to assure the respondents about 

keeping the results confidential, and that there 

will be no enforcement because of the self-

reported traffic violations. Some rewards were 

also considered for completing this survey to 

increase the motivation to answer the 

questionnaires, precisely. Table 2 presents the 

distribution of the respondents’ characteristics. 

In the questionnaire, first, drivers’ 

characteristics consist of their age, gender, 

driving experience, education, income, and 

number of days with access to a private car 

during a week were asked.

 Table 2. Driver’s characteristics and related categories  

Variable Acronym Categories Acronym Frequency 

Gender GE 
Female  

Male  

GE1 

GE2 

41.8 

58.2 

Age AG 

18-23  

23-28  

28-35 

35-40 

AG1 

AG2 

AG3 

AG4 

51.6 

24.1 

14 

10.3 

Driving experience (years) DE 

<1 

1-5 

5-10 

>10 

DE1 

DE2 

DE3 

DE4 

13 

48 

22 

17 

Education EDU 

B.Sc. (or B.Sc. student) 

M.Sc. (or M.Sc. student) 

Ph.D. (or Ph.D. student) 

EDU1 

EDU2 

EDU3 

65 

27 

8 

Income (USD) INC 

<50 

50-100 

100-150 

150-200 

200-250 

>250 

INC1 

INC2 

INC3 

INC4 

INC5 

INC6 

39 

21 

9 

9 

5 

17 

Number of days with private car 

availability during a week 
PCA 

1 

2 

3 

4 

5 

6 

7 

PCA 

4 

7 

11 

14 

18 

21 

25 

It was also asked about the frequency and 

severity of traffic crashes (CF) in recent year as 

well as any traffic fines (TF) received during the 

past five years. At last, young drivers reported 

their monthly frequency of committing each 

violation (VF). Different methods are used to 

answer each research question. Each research 

question needs a specific tool.  

Summarization is used to answer question 1 (in 

Table 1), and results are plotted in the form of 

bar charts for each of the violations. Violations 

such as driving over speed limit (SLV), driving 

without seat belt (SBV), disregarding the red-
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light (RLV), impaired driving (IDV), unofficial 

races (URV), driving with vehicle defects 

(VDV), using mobile phone while driving 

(MDV), showing hostility to other drivers 

(HDV), deliberately driving the wrong way 

down a deserted one-way street (WRV) and 

illegal backing-up (IBV) were considered in 

this study.  

In questions 2 to 4 (in Table 1), it is intended to 

assess the impact of different attributes such as 

drivers’ characteristics, TF, and CF on VF. The 

frequency of each violation has been reported 

by a 5-point rating scale (Never, Rarely, 

Occasionally, Frequently, and Very often), 

which can be considered as classification 

problem. Different methods can be used for 

classification problems, out of which multiple 

logistic regression (MLR) was selected in this 

study. Logistic regression is a statistical 

technique to show the effect of quantitative or 

qualitative variables on a multivariate 

dependent variable. Logistic regression analysis 

is similar to linear regression analysis, except 

that in contrast to linear regression, the 

dependent variable is a qualitative variable with 

two dimensions or more. If the dependent 

variable is multidimensional (three variables 

and more), it is called MLR [Peng et al., 2018]. 

In MLR models, the target variable is the 

commitment of each violation, and the input 

variables are driver’s characteristics and 

previous background of drivers in relation to 

crashes and fines. For each violation, a separate 

MLR model is needed, thus ten unique models 

are made. 

To answer question 5 (in Table 1), the 

correlation between the frequencies of 

occurrence of each pair of violations is 

calculated. The correlation between ordinal 

variables can be determined by the Kendall rank 

correlation coefficient. This is a statistic to 

measure the correlation between ordinal 

variables. This correlation indicator ranges 

between +1 and -1. The closer the value is to 

zero, the weaker the correlation is. Positive 

signs mean that as one variable increases the 

other one also increases and vice versa.  

Question 6 (in Table 1) is considered to have an 

in-depth evaluation in relation to the frequency 

and diversity of the violation behavior of 

drivers. For this purpose, two new variables as 

the diversity of committed violations (DOV) 

and average frequency of violations (AFV) are 

introduced. By multiplying DOV and AFV, a 

new indicator is produced to specify the 

diversity and frequency of total violations for 

each driver. This variable was named diversity 

and average frequency of violations (DAFV). 

There are 10 dangerous violations in the 

questionnaire. Whenever the frequency of 

commitment of each violation is reported 

something other than never (based on 5-point 

scale), one type of violation commitment has 

been considered for that driver. Therefore, for a 

driver who has stated the commitment of 

violations as in Table 3, the DOV is five. For 

each scale also a number is considered, thus we 

have never=0, rarely=1, occasionally=2, 

frequently=3, very often=4). Finally, for the 

example in Table 3, AFV is 1 and DAVF is 5.

Table 3. A sample to show the calculation process for DAVF 

Violation SLV SBV RLV IDV URV VDV MDV HDV WRV IBV 

Frequency 

based on a 

5-point 

scale 

Rarely Frequently Occasionally Never Never Never Occasionally Never Occasionally Never 

Frequency 

by a 

number 

1 3 2 0 0 0 2 0 2 0 

The minimum and maximum values for DAFV 

are 0 and 40 (ten type of violations multiplied 

by 4 as very often for all of them), respectively. 

We have divided this range into three classes as 
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low, moderate and high. Now the target variable 

is considered to be the DAFV class. Drivers’ 

characteristics (Table 2), CF, and TF are the 

input variables. Random forest (RF) is used to 

understand the relationship between input 

attributes and the target. RF is a prediction 

method that works by generating many 

classifiers and finally aggregating the results 

[Liaw, A., & Wiener, 2002]. RF can be used for 

classification problems, and it consists of 

several tree-structures classifiers. The result of 

each tree is considered as a vote. The final class 

for the input attributes in RF is determined 

based on the most popular votes, regarding the 

combination of trees [Breiman, 2001]. In RF, 

each node is split using the best among a subset 

of predictors randomly chosen at that node. This 

method has performed very well compared to 

many other commonly-used classifiers and is 

more robust against overfitting [Breiman, 

2001]. Implementing this method requires the 

determination of the models’ parameters, 

including the number of trees to grow and the 

number of variables randomly sampled as 

candidates at each split. The reasons for 

selecting RF for this step, returns to its 

simplicity, reducing overfitting in decision 

trees, higher accuracy than decision trees, being 

compatible with categorical variables, and 

giving the importance of features. 

Finally, based on the analyses done for 

Questions 1 to 6, a discussion is presented about 

the violation behavior of young drivers. Then, 

several countermeasures are suggested to 

control this aberrant behavior among young 

drivers in Iran. 

3. Results 

In this section, the results are presented based 

on the order displayed in Table 2.  

3.1. Relative Frequencies 

The relative frequency of committing each 

violation is depicted in Figure 1. The horizontal 

axis indicates the type of violation and the 

vertical axis is the relative frequency based on 

the previously introduced 5-point scale.

 
Figure 1. Relative frequencies of different violations 

3.2. MLR Outputs 

Table 4 indicates the MLR model fitting, model 

accuracy details and estimates of parameters for 

each violation. 
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Table 4. MLR model outputs 

Violation 

Model fitting 

information 
Accuracy (percentage) 

Overall 

Parameter estimate 

Chi-square R2 Class1 Class2 Class3 Class4 Class5 
Class1 Class2 Class3 Class4 Class5 

variable B variable B variable B variable B variable B 

SLV 248.46 0.41 0.54 0.48 0.39 0.29 0.14 0.43 

PCA -0.33 PCA -0.29 - - - - 

Ref 

CF -0.65 -   - - - - 

TF -1.65 TF -0.67 - - - - 

GE1 2.17 GE1 1.55 - - - - 

EDU1 -17.27 EDU1 -18.13 EDU1 -17.99 EDU1 -17.96 

EDU2 -17.42 EDU2 -17.60 EDU2 -17.22 - - 

INC4 2.22 INC2 1.94 INC2 2.21 INC2 2.32 

SBV 71.14 0.16 0.987 0.057 0.000 0.000 - 0.745 
EDU1 -18.40 edu1 -17.57 edu1 -17.78 

Ref - 
EDU2 -18.78 edu2 -18.95 PCA 0.28 

RLV 141.07 0.26 0.47 0.53 0.31 0.18 0.11 0.41 

PCA -0.42 GE1 1.66 - - - - 

Ref EDU1 -15.34 EDU1 -16.26 EDU1 -16.84 EDU1 -17.29 

EDU2 -13.90 EDU2 -14.35 EDU2 -14.57 - - 

IDV 158.27 0.30 0.81 0.46 0.11 0.00 - 0.59 

PCA -0.88 PCA -0.85 PCA -939.00 

Ref - 
TF -0.63 - - - - 

EDU1 -15.33 EDU1 -16.04 EDU1 -15.95 

EDU2 -14.48 EDU2 -14.68 - - 

URV 185.98 0.35 0.94 0.18 0.04 0.21 0.20 0.66 

TF -1.10 TF -0.58 - - - - 

Ref DE3 4.24 - - DE3 4.70 - - 

INC4 17.67 INC4 18.44 INC4 16.23 - - 

VDV 89.64 0.18 0.68 0.51 0.02 0.16 0.00 0.51 

DE2 -17.01 DE2 -17.37 DE2 -17.44 DE2 -16.93 

Ref 

DE3 -16.92 DE3 -17.19 DE3 -17.40 - - 

EDU1 -16.51 EDU1 -17.24 EDU1 -17.64 - - 

INC2 18.49 INC2 19.39 INC2 18.88     

INC3 18.11 INC3 19.06 INC3 18.70     

INC4 17.56 INC4 18.01 INC4 17.59  - -  

MDV 210.61 0.36 0.35 0.67 0.40 0.07 0.33 0.47 

CF -1.21 CF -1.11 CF -0.85 - -  

Ref TF -1.53 TF -1.16 TF -0.76 TF -0.65 

EDU1 -18.15 EDU1 -19.02 EDU1 -19.41 EDU1 -18.42 



A Data Mining Approach to Gain Insight into Traffic Violations of Young Drivers in Developing Countries 

International Journal of Transportation Engineering,  

Vol. 11/ No.1/ (41) Summer 2023 
1293 

EDU2 -16.75 EDU2 -17.22 EDU2 -16.76 -   

HDV 132.25 0.24 0.40 0.41 0.55 0.10 0.14 0.39 

CF -0.94 CF -0.73 CF -0.63 CF -0.56 

Ref TF -0.05 - - DE1 -2.12 - - 

GE1 1.55 GE1 1.93 GE1 1.53 - - 

WRV 149.622 0.330 0.969 0.057 0.261 0.500 1.000 0.749 
DE3 14.24 DE3 14.06 - - - - 

Ref 
EDU1 -10.42 EDU1 -10.96 - - - - 

IBV 101.69 0.297 0.989 0.123 0.364 - 1.000 0.879 - - - - - - - - Ref   

Note: Ref means reference category
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3.3. Violations’ Relationships 

The relationships between the frequencies of 

committing each pair of violations are in Table 

5. Only those coefficients, which were 

significant at 0.05 level, are presented.

Table 5. Kendall rank correlation coefficient 

  SLV SBV RLV IDV URV VDV MDV HDV WRV IBV 

SLV 1 0.071 0.268** 0.300** 0.494** 0.222** 0.372** 0.281** 0.293** 0.235** 

SBV 0.071 1 -0.019 0.059 0.154** 0.048 0.125** 0.112** 0.104* 0.222** 

RLV 0.268** -0.019 1 0.241** 0.270** 0.295** 0.258** 0.277** 0.207** 0.214** 

IDV 0.300** 0.059 0.241** 1 0.316** 0.290** 0.365** 0.294** 0.257** 0.268** 

URV 0.494** 0.154** 0.270** 0.316** 1 0.268** 0.378** 0.275** 0.274** 0.336** 

VDV 0.222** 0.048 0.295** 0.290** 0.268** 1 0.264** 0.204** 0.292** 0.198** 

MDV 0.372** 0.125** 0.258** 0.365** 0.378** 0.264** 1 0.277** 0.311** 0.233** 

HDV 0.281** 0.112** 0.277** 0.294** 0.275** 0.204** 0.277** 1 0.270** 0.246** 

WRV 0.293** 0.104* 0.207** 0.257** 0.274** 0.292** 0.311** 0.270** 1 0.293** 

IBV 0.235** 0.222** 0.214** 0.268** 0.336** 0.198** 0.233** 0.246** 0.293** 1 

**. Correlation is significant at the 0.01 level (2-tailed). 

*. Correlation is significant at the 0.05 level (2-tailed). 

3.4. RF Outputs 

Figure 2 indicates the correlation between input 

variables and DAFV class. There are strong 

correlations between some input variables. 

However, RF is fairly insensitive to the 

multicollinearity problem. All of the 

correlations are positive, this means that each 

pair of variables move in the same direction.

 
Figure 2. Correlation between input variables in the RF model 

 

Figure 3 shows the features importance. Feature 

importance refers to techniques that assign a 

score to input features based on how useful they 

are at predicting a target variable. The feature 

importance in RF indicates which variables are 

more effective in decreasing the weighted 

impurity. In each node, a feature is used to 

decide about dividing the data set into separate 

sets. For each feature, it was calculated how on 

average, it decreases the impurity of the split.
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Figure 3. Feature importance in RF

To assess the RF model three criteria, consist of 

precision, recall and F1-score are calculated in 

Table 6. The precision is the number of true 

positive results divided by the number of all 

positive results, including those not identified 

correctly, and the recall is the number of true 

positive results divided by the number of all 

samples that should have been identified as 

positive. The F1 score is the harmonic mean of 

precision and recall. The highest possible value 

of an F-score is 1.0, indicating perfect precision 

and recall, and the lowest possible value is zero, 

if either the precision or the recall is zero. 

Table 6. Precision, recall, and F1-score 

Criteria 

Category  
Precision Recall 

F1-

Score 

Low 1.000 0.333 0.500 

Medium 0.620 0.574 0.596 

High 0.645 0.742 0.690 

The results of precision, recall and F1-score are 

satisfactory.  

4. Discussion 

The violations, which have the highest 

frequencies, are HDV, SLV, RLV, and MDV, 

respectively (Figure 2). Previously, as reviewed 

in the introduction it had been proved that HDV, 

SLV, RLV, and MDV could cause serious 

crashes. Therefore, to reduce crash risk, it is 

essential to reduce these violations among 

young drivers in Iran. Enforcement by cameras 

can be proposed as one of the easiest and most 

efficient countermeasures for SLV, MDV and 

RLV reduction. Moreover, Stanojevic et al. 

[2018] proved that police presence and 

enforcement is a reliable approach to reduce 

angry and aggressive driving) [Stanojević et al., 

2018]. The lack of cameras for SLV, MDV, and 

RLV enforcement can be seen in some cities 

and streets in Iran. In addition, because of the 

budget limitations and the economic embarogo, 

maintenance and repair operations are not done 

sequentially. Thus, there are some cameras, 

which do not work precisely and cannot record 

violations. This consequence has had a negative 

impact on young drivers’ behavior and has 

reduced the influence of such enforcements. 

Police presence in the streets also has decreased 

in recent years, again because of the budget 

constraints for providing enough human 

resources. Nevertheless, crashes have more 

direct and indirect costs and it would be 

beneficial to devote a budget for cameras and 

police presence to reduce risky violations.  

On the other hand, IBV, WRV, SBV, and IDV 

are those violations with the least frequencies. 

Recently, new and efficient cameras have been 

installed in the of-ramps to record the IBV in the 

urban arterials. This has been useful to reduce 

this violation. WRV can block a path and cause 

serious problems in relation to traffic flow, thus 

drivers try to avoid this violation. In addition, 
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the urban network design, especially in Tehran 

(Capital of Iran) is in the form that there are 

different routes to a destination, thus drivers do 

not perceive the necessity for WRV. About ten 

years ago, strict regulations were established 

about SBV. After that, using seat belt has 

become a prerequisite for driving; now, drivers 

use it as a habit. This also proves the role of 

strict enforcement to reduce traffic violations, 

especially among young and novice drivers. 

Therefore, SBV frequency has also been 

reported low. Because of religious beliefs, using 

alcoholic drinks is not prevalent in Iran. It 

seems that it was the main reason that IDV has 

not been reported high among young drivers.  

The MLR model outputs indicate that when 

PCA increases, the odds of SLV, RLV, and IDV 

violation commitment also increase (Table 4). 

This means that those drivers, who have higher 

access to private cars during a week and also 

have more driving experience (Figure 2), are 

more susceptible to SLV, RLV, and IDV with 

high frequencies.  

Male drivers have more potential to commit 

SLV and HDV than women. These violations 

were among the highest frequent violations. 

This can necessitate the difference between 

driving education and training programs held 

for young men than women.  

The higher the education level of drivers is, the 

lower the frequencies of SLV, SBV, RLV, IDV, 

VDV, MDV, WRV commitments are. This can 

be an important result, which shows the role of 

education in driving behavior. Violations can 

increase the crash risk and disarrangements. 

Those with higher education levels have 

understood this fact and try to avoid them. 

Because of the considerable correlation 

between EDU and AG, it can be stated that the 

age of young drivers also has an indirect impact 

on reducing dangerous violations.  

Among those drivers who have received more 

traffic fines, the frequency of SLV, IDV, URV, 

VDV, and MDV are expected to be higher. This 

result indicates that those drivers with a 

previous negative background in relation to 

traffic violations repeat these violations 

frequently. This relates to the fact that traffic 

fines are not preventive and their amount and 

type cannot discourage drivers from violating 

driving rules. [Sagberg & Ingebrigtsen, 2018] 

evaluated two hypotheses about the impact of 

previous penalty points of drivers on the 

probability of receiving new penalty points. 

Their analyses indicated that the relationship 

between the number of penalty points in a year 

and the number of received penalty points in the 

subsequent year is in the form of an inverse U. 

This means that those who have committed 

traffic violations previously have the potential 

to do new violations; however, when they are at 

risk of losing their driving license or a sever 

danger, they would commit fewer violations 

than the previous year.  

The higher the frequency of previous crashes is, 

the more SLV, MDV, and HDV frequencies are 

expected. This result again approves the fact 

that these violations have a great role in crash 

risk. Furthermore, the necessity for reducing 

these violations has been highlighted.  

The Kendalls Tae results (Table 5) indicate 

most violations have a relatively high 

correlation with MDV. Using mobile phone, 

while driving can cause driving distraction 

(Oviedo-Trespalacios et al., 2016). This can be 

the main reason for the high correlation between 

MDV and other violations. Distracted drivers 

are more susceptible to other violations. 

Previously, strict controls and enforcements 

existed in Iran about using mobile phone during 

driving. Nevertheless, in the recent years, 

although mobile phones have become more 

popular, especially among young drivers, less 

strict regulations are held on using such devices 

while driving.  

The most important variables in the RF model 

for predicting the frequency and diversity of 

dangerous violations’ commitments were TF, 

PCA, CF, and GE2, respectively (Figure 4). 

These variables also have the most correlation 

with DAFV class, which indicates their impact 
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on the frequency and diversity of violations 

committed by young drivers (Figure 3). 

The number of previous traffic fines is the most 

suitable variable to identify the violation 

behavior of young drivers. Here, violation 

behavior means the frequency and diversity of 

violations. The higher the frequency of TF is, 

the higher the frequency of different violations 

by a young driver is expected to be accordingly. 

This shows the necessity for an overlook on the 

amount and type of traffic fines in Iran, to 

highlight their intervention role. Among the 

drivers who use their private cars more 

frequently during a week, the frequency and 

diversity of violations are higher. This can be 

managed by pricing methods in big cities, which 

would be useful for traffic efficiency at the same 

time. In addition, the modification of traffic 

fines can also decrease the violations among 

those drivers who use their cars more frequently 

in a typical week. Drivers with high crash 

previous crash frequencies, also do various 

dangerous violations more frequently. Male 

drivers also commit various violations with 

high frequencies. Therefore, the need for a 

revision in driving education and training 

programs of young drivers has been proved 

again using the RF model. 

5. Conclusion 

Traffic crashes are still one of the leading causes 

of death in developing countries. Deliberate 

violations are the main source of traffic crashes. 

The population of young drivers in developing 

countries is high, and a considerable portion of 

violations relate to this age group. Thus, this 

paper focused on studying the traffic violations 

of young drivers. For this purpose, Iran as a 

country with a high frequency of road crash 

fatalities and a huge number of young drivers, 

was selected as the case study. It was tried to 

provide an in-depth insight into traffic 

violations of young drivers in this developing 

country. For this purpose, data mining 

techniques were applied to the data collected by 

a self-reported survey. In the data mining 

process, first, the relative frequency of 

violations committed by young drivers was 

determined. Then it was tried to determine the 

impact of drivers’ characteristics and previous 

negative backgrounds of drivers (e.g., traffic 

fines and crashes) on the frequency and 

diversity of committed violations. The 

correlation of the frequency of committing each 

violation with other violations also was 

calculated. Results indicated that HDV, SLV, 

RLV, and MDV are the most frequent 

violations. It is necessary to highlight the 

previously successful role of enforcement with 

the help of cameras and police presence in 

reducing SBV in Iran. Out of all input variables, 

those drivers who have previously received 

more traffic fines, male drivers, drivers who 

drive more frequently showed the highest 

potential for doing dangerous violations in the 

future. A revision on the type and the number of 

traffic fines, discriminating driving education 

and training programs based on gender, and 

pricing strategies are suggested as potential 

countermeasures for reducing the frequency and 

diversity of risky violations. The frequency of 

using mobile phone while driving also had a 

considerable correlation with several dangerous 

violations. However, the control and 

enforcement on this violation have not been 

taken seriously. At last, the relationship 

between the frequency of previous crashes with 

frequency and diversity of dangerous violations 

can prove the role of violations on traffic 

crashes of young drivers. 
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