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Abstract: In 2018, Iran witnessed approximately 21,000 fatalities resulting from road accidents, 

ranking it as the fifth leading cause of death across all age groups. These incidents carry substantial 

economic and social burden for the nation, claiming more than 5% of its GDP. Human behavior 

emerges as a significant contributing factor to high-risk driving offenses. It has been proposed that 

by influencing general deterrence, a rigorous defense can be established against such violations. 

Various theories posit that by reinforcing or diminishing influential factors, general deterrence 

perception can be molded, presenting a potential avenue for an effective deterrent against traffic 

infractions. This study examines deterrence perceptions prevailing among the public in Iran 

regarding the enforcement of traffic laws. Employing Structural Equation Modeling (SEM), we 

delve into the intricate relationships between variables, allowing for a comprehensive exploration 

of the factors influencing general deterrence. The study draws on the data derived from a survey 

comprising 548 questionnaires for modeling purposes. An innovative concept, private sector 

enforcement, is introduced and incorporated into the questioning and modeling process. The 

findings reveal that socioeconomic status (p-value<0.01), police enforcement (p-value<0.05), private 

sector enforcement (p-value<0.05), specific deterrence (p-value<0.01), and the use of technology (p-

value<0.01) have direct and indirect impacts on the general deterrence perception of drivers. 

Keywords: general deterrence; specific deterrence; driving violations; traffic enforcement; private 

sector; structural equation modeling  

 

1. Introduction 

Safe use of roads and networks by various user groups is a crucial aspect of transportation. The 

World Health Organization's report reveals that in Iran, one person loses their life in a road accident 

every 31 minutes [1]. Furthermore, UNICEF highlights that traffic accidents impose a cost exceeding 

5% of Iran's GDP on its economy [2]. Recognizing the substantial losses due to injuries and casualties, 

countries heavily invest in practical measures to prevent such incidents. Studies have demonstrated 

that reducing the number of traffic crashes by addressing traffic violations can efficiently lower 

transportation costs [3]. Several studies have highlighted the significant contribution of driving 

offenses to the rise in traffic accidents and disruptions [4–7]. In Iran, speeding and illegal parking are 

two prevalent traffic violations that not only compromise traffic safety but also lead to disruptions 

[8,9]. Notably, Özkan et al. demonstrated a positive correlation between speeding and the frequency 

of traffic accidents in Iran [10]. 

In order to reduce incidents, it is essential to identify their underlying causes. These causes are 

typically classified into four categories: 1-human, 2- environmental factors, 3- road condition, and 4- 
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vehicle-related factors [11]. Among these categories, human factors are particularly significant and 

play a more prominent role compared to others when it comes to incidents [12–14]. The relationship 

between human behavior and attitude has long been a subject of inquiry. According to theories, 

attitudes strongly influence drivers' behavior [15]. For example, Palmer's study found that there is an 

inverse relationship between the likelihood of drivers committing speeding offenses and the 

increased probability of detection as well as monitoring of those violations [16]. Based on the 

deterrence theory, drivers take into account two factors when deciding whether to violate traffic laws: 

the probability of getting caught and the severity of the punishment [17]. As per this theory, if a driver 

perceives a high likelihood of their violation being detected or if the punishment for the violation is 

severe, they are less likely to engage in that violation. Understanding how drivers' attitudes influence 

their behavior can provide valuable insights for developing effective strategies to promote safe 

driving practices. When drivers perceive a lower risk of police enforcement, they are more likely to 

exceed the speed limit [18]. Driver attitudes have a significant impact on their behavior and 

adherence to traffic regulations as well as safety measures. Positive attitudes toward traffic 

enforcement and safe driving are closely linked to a reduced probability of engaging in driving 

violations. Conversely, negative attitudes can increase the tendency to risky behaviors and violations. 

Exploring the factors that influence drivers' attitudes toward enforcement can offer valuable insights 

into promoting safer driving practices [19]. While a few research have provided evidence linking 

attitude towards enforcement with engagement in risky driving behaviors, many aspects regarding 

drivers’ attitude and how we can influence it have remained unclear, especially in low- and middle-

income countries. 

Traffic violation detection and infringement process is a fundamental component of traffic law 

enforcement and is often categorized as a form of specific deterrence. Specific deterrence aims to deter 

individuals who have committed traffic offenses from repeating their infractions by imposing 

consequences such as fines or license suspensions. This targeted approach serves to discourage the 

offending individual from engaging in similar behavior in the future [20]. 

General deterrence, on the other hand, is a widely accepted theory in criminology which 

suggests that the threat of punishment can deter people from committing violations. It seeks to 

prevent potential offenders from committing traffic violations in the first place by establishing a 

broader understanding of the consequences and penalties associated with such actions [20,21]. The 

body of literature in this field consistently highlights an intriguing relationship between specific 

deterrence and general deterrence.  

Studies have indicated that the penalties of specific deterrence measures, such as traffic violation 

detection and the imposition of penalties, can contribute to an overall enhancement of general 

deterrence within a given jurisdiction. As individuals observe the enforcement of consequences for 

traffic violations, they become more cognizant of the potential risks and repercussions associated 

with disregarding traffic laws. The primary objective of this research is to quantitatively assess the 

impact of additional variables on the construct of general deterrence, independently of the effects 

associated with specific deterrence. By comprehensively elucidating the array of factors that influence 

general deterrence, this study provides valuable insights for policymakers and authorities. These 

insights have the potential to enhance the efficacy of their efforts in optimizing the traffic safety 

environment. Such optimization can be achieved through the strategic implementation of campaigns 

aimed at deterring traffic violations thereby fostering a safer atmosphere on the roadways. 

In this study, the variables that indicate the respondents' estimation of the probability of 

detecting their traffic offenses, such as speeding and parking violations, have been considered as 

general deterrence indicators. Meanwhile, the number of speeding and parking tickets issued to the 

respondents is considered specific deterrence indicators. Through structural equation modeling, this 

study delved into various factors, including police enforcement performance, respondents' attitudes 

on private sector involvement in traffic enforcement, demographic characteristics, attitudes 

regarding fine amounts, technology savviness, and the influence of specific deterrence on general 

deterrence. The goal of this research is to make valuable contributions towards evidence-based 

interventions and policy initiatives aimed at enhancing road safety. Understanding the factors that 
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shape general deterrence can inform targeted educational campaigns, enforcement strategies, and 

policy interventions to promote safer driving practices. 

The subsequent sections of this paper are structured as follows. Section 2 provides a 

comprehensive review of the existing literature and background related to the topic. Section 3 

outlines the survey data utilized in this study. In Section 4, the employed methodology is presented. 

Section 5 presents a detailed discussion of the analysis results. Lastly, Section 6 concludes the paper 

and discusses the limitations of the study. 

2. Literature Review 

The deterrence theory posits that drivers' decisions to commit traffic violations are influenced 

by two crucial factors: the probability of detection and the associated penalties [17]. When drivers 

perceive a high likelihood of being caught or facing substantial fines, they are deterred from engaging 

in offenses. This theory draws on crime economics models, with Becker's foundational model [22], 

expressed through equation 1, being particularly influential. 

𝐸[𝑈] = 𝑃𝑈(𝑌 − 𝑓) = 𝑃𝑈(𝑌 − 𝑓) + (1 − 𝑃)𝑈(𝑌)                                                            (1) 
𝐸[𝑈]: The expected utility of committing violation  

𝑃: Possibility of detecting violation. 

𝑌: The financial and psychological advantages of committing violation  

𝑓: The financial value of the punishment and the fine. 

Research has shown that there is a connection between the level of police enforcement and 

driving behavior. The presence or absence of traffic enforcement can significantly impact drivers' 

attitudes and behaviors on the road. A study conducted in Greece [23] revealed that an increase in 

police controls resulted in a reduction in incidents of driving under the influence of alcohol. The 

findings indicated a significant decline of approximately 50% in drunk driving violations, 

accompanied by a notable 10.2% rise in positive attitudes towards alcohol control. 

General deterrence and specific deterrence are two concepts that are related to deterrence theory. 

General deterrence refers to the effect of the threat of legal punishment on the public at large, while 

specific deterrence refers to the impact of the actual legal punishment on those who are apprehended. 

Both concepts are grounded in individuals' perceptions regarding severity, certainty, and celerity of 

punishment [24,25].  

Based on our thorough analysis, our investigation has indicated that within the general 

deterrence literature, there is a notable gap in understanding the factors influencing general 

deterrence. Specifically, the literature has primarily focused on the impact of specific deterrence on 

it. However, a comprehensive examination of the factors affecting general deterrence could 

significantly enhance the effectiveness of traffic law enforcement. 

In this study, we have considered specific deterrence, respondents' attitudes towards traffic law 

enforcement mechanisms, and their demographic characteristics as potential contributing variables 

to general deterrence. Several studies have explored the impact of drivers' attitudes on their behavior, 

covering aspects such as safety attitudes, attitudes towards high-risk behaviors, risk acceptance while 

driving, and positive attitudes regarding traffic enforcement. 

For instance, a study conducted in Serbia and Northern Kosovo compared the attitudes and 

behaviors of drivers in regions with and without traffic enforcement. The results indicated that the 

lack of enforcement had a significant influence on various driving behaviors [26]. Ulleberg et al. 

employed a questionnaire to investigate the causes of high-risk behavior among young drivers in 

Norway, with a sample size of 1932 participants [27]. The study focused on examining personality 

traits, social cognition, safety attitudes, legality, and enforcement. The study's conclusion highlighted 

a strong correlation between attitudes and high-risk behaviors among young drivers. It suggests that 

by specifically targeting the attitudes of young drivers, there is potential to significantly reduce 

casualties and high-risk behaviors associated with driving. In another study, Hilde Iversen and 

Torbjorn Rundmo demonstrated the influence of safety attitudes on high-risk behavior and risk 

acceptance during driving [28]. The study examined 16 propositions pertaining to safety attitudes 

and 24 propositions relating to drivers' behavior. The findings stressed the impact of attitudes on 
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drivers' behavior. Further this research confirmed that attitudes retain a crucial role in defining high-

risk behavior in driving, even when accounting for factors such as age and gender. Lund and Aaro 

aimed to propose an effective approach to preventing incidents by developing a model that 

incorporates attitudes, driving behaviors, living environment, and self-reported accident rates [29]. 

The model suggested that modifying attitudes serves as the initial step, as adjusting attitudes would 

subsequently lead to improved driving behavior and ultimately result in a reduction in incidents.  

As reviewed, many variables have been investigated for understanding the driver’s attitudes in 

traffic studies. However, the drivers’ attitudes investigated in this study, which focuses on traffic law 

enforcement, differ from those in prior studies. Respondent’s attitude to traffic law enforcement 

mechanisms includes their response to some questions about traffic fine amounts, police enforcement 

performance, and private sector involvement in enforcement. 

These variables were examined in a study by Khojastehpour et al. [30], with detailed 

explanations of their constructive indicators provided in the methodology section. In this study, SEM 

was employed to present the intricate relationships among drivers' attitudes, traffic law enforcement, 

specific deterrence, and general deterrence. Note that such investigations have been lacking in low- 

and middle-income countries, where traffic incidents present significant challenges. Accordingly, this 

research aims to address this gap, focusing on Iran, and thus, it contributes to the body of knowledge 

within the unique context of a low- and middle-income country, a contribution that is both novel and 

essential. 

3. Data 

3.1. Questionnaire Content 

The questionnaire comprises five distinct sections, including general deterrence indicators, 

specific deterrence indicators, police enforcement performance, private sector involvement 

enforcement, demographic information, and use of technology. Within the framework of SEM, each 

of these sections represents a latent variable, which is assessed through the corresponding indicators. 

These indicators are the questions presented in the questionnaire. The latent variables are discussed 

in the following.  

3.1.1. General Deterrence 

The study utilized four indicators to gauge general deterrence, including: 

• Percentage of speeding violations detected and enforced on urban roads 

• Percentage of parking violations detected and enforced 

• Percentage of active speed fixed cameras 

• Percentage of speeding violations detected and enforced on rural roads 

Note that the research primarily focused on two types of violations: speeding and parking. 

Respondents were provided with five options, each representing a percentage range of enforcement 

(20% increments): 1) ‘0–20%,’ 2) ‘20–40%,’ 3) ‘40–60%,’ 4) ‘60–80%,’ and 5) ‘80–100%.’ This question 

serves as a variable within the modeling framework, and the model will estimate the direct or indirect 

impact of all other variables on this variable.  

3.1.2. Specific Deterrence 

The number of driving tickets can be viewed as a deterrent factor for committing violations 

[31,32]. The model utilizes a latent variable in a formative manner, with its indicators being the 

number of speeding and parking violation tickets received within the past three years. The number 

of tickets ranges from 0 to 10. 

3.1.3. Attitude toward Traffic Fine Amounts 

There is a single-item variable representing the driver's opinion regarding the amount of fines. 

This variable employs a 3-point Likert scale, with a score of 1 indicating a ‘low’ amount, 2 ‘medium’, 

and 3 ‘high’. 
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3.1.4. Attitude toward Police Enforcement Performance 

The questionnaire included three distinct questions aimed at assessing drivers' perceptions of 

police performance in law enforcement. These questions were utilized to form three latent variables 

within the modeling framework. 1- Speeding enforcement; This variable measures police's actions to 

prevent speeding violations, regardless of the manner of performing the actions. It was measured 

using three indicators on a 5-point Likert scale, in which 0 represents ‘no effect’, 1 ‘low effect’, 2 

‘moderate effect’, 3 ‘effective’ and 4 ‘very effective’. 2- Parking enforcement; it is the same as the 

previous one, but instead of speeding we asked about parking. 3- Police presence: The presence of 

law enforcement officers on roads and highways is widely recognized as a prominent factor 

influencing driver behavior [31]. This variable was included as a single item in the model and 

indirectly affects drivers' attitudes. It is represented as a binary variable, where 0 signifies ‘not 

enough’ and 1 indicates ‘enough’. 

3.1.5. Private Sector Involvement in Enforcement 

This section examines two distinct latent variables within the modeling framework. The first 

variable investigates respondents' experiences with privatization initiatives in Iran, specifically in the 

police and transportation services domains, over the past two decades. This includes the use of 

municipal disciplinary officers to address transit blockades, the presence of Police +10, a private 

sector entity offering police-related services [33], and the existence of ridesharing platforms like 

Snapp and Tapsi. Respondents rated their experiences on a 4-point Likert scale, indicating the 

effectiveness of these initiatives, ranging from 1 for ‘slightly effective’ to 4 for ‘very much effective’. 

Snapp and Tapsi are examples of taxi-hailing companies operating in Iran. They represent instances 

of transferring governmental authority in the transportation sector to the private sector. The second 

variable directly explores the willingness of drivers to use the private sector for enforcement. It is a 

single item incorporated into the model, represented in a binary format. 0 indicates unwillingness to 

utilize the private sector for enforcement, while 1 signifies willingness to employ the private sector. 

3.1.6. Demographic 

Many researchers have considered the demographic variable as one of the effective factors on 

the attitude and drivers' behavior [34–38]. This study incorporates the age and education variables, 

both independently and as single items in modeling. To evaluate the respondents' education level, 

five categories were utilized: ‘Grade 3 in high school and below,’ ‘High school diploma,’ ‘Bachelor’s 

degree,’ ‘Master's degree,’ and ‘Ph.D.’  

3.1.7. Use of Technology 

A question about the drivers' technological savviness was added toward the end of the 

questionnaire. In the modeling process, this variable is used as a single-item measure. For this 

question, there were five options., which were as follows: 1 ‘I am interested and actively use them,’ 2 

‘I am interested but lack the ability to use them,’ 3 ‘I use them only when necessary,’ 4 ‘I do not trust 

them and try to avoid them,’ and 5 ‘I am not interested in them and do not use them.’ 

The questionnaire included questions about the respondents' automobiles, driving experience, 

and typical driving purposes. In addition, socioeconomic data were also collected including marital 

status, gender, address, year of driver's license issuance, ownership of the vehicle driven, number of 

cars owned, and the number of family members. 

3.2. Survey 

A total of 50 paper-based questionnaires from various technical inspection facilities were 

gathered during the pilot phase in February 2020. To shorten the survey's duration and improve the 

response rate, some questions were eliminated once the responses were analyzed. The survey's initial 

phase was then conducted online to comply with the limitations put in place by the coronavirus 

epidemic. The survey link was shared on many websites and social media platforms. It was 
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distributed using the ‘snowball’ method, which asked participants to share the link with their friends, 

family, and coworkers. Similar studies frequently use this snowball method to acquire data. [39]. In 

the main phase, data were collected nationwide over a period of 45 days, from March 20, 2020, to 

May 5, 2020, utilizing an online survey platform. Online survey platforms have been widely 

recognized as reliable methods for collecting data [40]. Specifically, 97.1% of respondents obtained 

the surveys via social media while 1.7% and 1.2% of the respondents said they received the 

questionnaire via news websites and other websites, respectively.  

4. Methodology 

SEM is a well-known methodology employed to investigate the relationships between cause and 

effect when latent variables are involved [41]. One common approach to conducting SEM is by 

applying covariance-based SEM (CB-SEM), which focuses on deriving the conceptual variance-

covariance matrix without emphasizing explained variation [42]. Another technique within SEM is 

referred to as ‘partial least squares SEM’ (PLS-SEM), designed to identify the latent variables that 

contribute to the highest explained variance [41,43]. In this approach, rather than performing 

ordinary least squares (OLS) regression on the entire dataset, the algorithm adopts a different 

strategy. It divides the variables into smaller subsets composed of uncorrelated factors and applies 

OLS regression specifically to these subsets [44,45]. The application of CB-SEM for model estimation 

necessitates meeting specific assumptions, such as the normal distribution of data and a minimum 

number of observations [46]. However, as the normality assumption may not be assured in our 

particular context, utilizing variance-based PLS-SEM can result in a more accurate estimation of the 

proposed framework compared to CB-SEM [47]. Thus, PLS-SEM has been chosen and implemented 

in this study. 

In this research, we assess the reliability and validity of the measurement model using various 

indicators, including factor loadings, Average Variance Extracted (AVE), Chronbach's alpha 

coefficient, Composite Reliability (CR), and Heterotrait-Monotrait ratio (HTMT) for discriminant 

validity. Higher correlations among indicators within a construct result in an increased Chronbach's 

alpha for that construct. [48]. Equation 2 indicates the calculation of Chronbach's alpha for a construct 

comprising k items (X1, X2, ..., Xk) [49]. 

𝛼 =
𝑘

𝑘 − 1
(

∑ 𝐶𝑂𝑉(𝑋𝑖 , 𝑋𝑗)1≤𝑖≠𝑗≤𝑘

𝑉𝑎𝑟(𝑋)
)    (2) 

Although composite reliability is like Cronbach's alpha, it measures the reliability for different 

loading factors within a construct. Equation 3 indicates the formulation of CR [50,51]. 

𝐶𝑅 =
(∑ 𝜆𝑖

𝑘
𝑖=1 )

2

(∑ 𝜆𝑖
𝑘
𝑖=1 )2 + ∑ 𝑣𝑎𝑟(𝛿𝑖)

𝑘
𝑖=1

 (3) 

𝜆𝑖: Standarized loading factor for the ith indicator 

𝑣𝑎𝑟(𝛿𝑖): Variance of the error term for the ith indicator 

𝑘: Number of indicators 

Furthermore, AVE values provide an indication of the amount of explained variance [52,53]. The 

AVE can be calculated using Equation 4. 

𝐴𝑉𝐸 =
∑ 𝜆𝑖

2𝑘
𝑖=1

∑ 𝜆𝑖
2 + ∑ 𝑣𝑎𝑟(𝛿𝑖)

𝑘
𝑖=1

𝑘
𝑖=1

  (4) 

The HTMT is a criterion used to assess discriminant validity in the context of SEM. It is a 

statistical approach that compares the heterotrait-monomethod correlations (HTMC) with the 

monotrait-heteromethod correlations (MTHC) to evaluate the discriminant validity between 

constructs [41]. It is obtained by Equation 5. 

HTMT =  √
HTMC

MTHC
  (5) 

HTMC represents the average correlation between constructs that share different traits 

(heterotrait correlations) but are measured using the same methods (monomethod correlations). 
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MTHC represents the average correlation between constructs that share the same trait 

(monotrait correlations) but are measured using different methods (heteromethod correlations). 

5. Result 

5.1. Descriptive Statistics 

Out of the 548 participants, approximately 73% were men, while 27% were women. Regarding 

marital status, 54% of the participants were married and 46% were single. The age range of the 

respondents varied from 19 to 80 years, with a mean age of 36.6 and a standard deviation of 12.7. The 

largest age group among the participants was the youth group, below 40 years of age. The majority 

of participants reported driving for business purposes. Additionally, 84% of the survey participants 

possessed an academic degree, including BA/BS, MA/MS, and Ph.D. In terms of driving experience, 

on average, the participants had obtained their driver's licenses 15 years prior. Approximately 55% 

of the respondents stated that they drove their own vehicle, and, on average, the participants' 

households owned 1.5 vehicles. Table 1 reports all variables employed in the model along with their 

descriptive statistics, including average, standard deviation, range, and number, plus the indicators 

of each variable. 

Table 1. Descriptive statistics of model variables. 

Variable 
• Indicator Mean S.D. Range 

 
Num. of 

indicators 
 
General deterrence 

    

4 
• Percentage of speeding violations detected and enforced on 

urban roads 
2.43 1.20 1-5  

• Percentage of parking violations detected and enforced 2.12 1.19 1-5  

• Percentage of active speed fixed cameras 2.98 1.18 1-5  

• Percentage of speeding violations detected and enforced on 
rural roads 

2.4 1.18 1-5  

Police enforcement performance (speeding)    3 

• The effect of speed fixed cameras 2.92 0.89 0-4  

• The effect of police speeding patrol in streets and roads 2.61 0.85 0-4  

• The effect of undercover police speeding patrol on highways 2.34 0.94 0-4  

Police enforcement performance (parking)    3 

• The effect of towing the offending vehicle to the parking lot 2.38 0.96 0-4  

• The effect of implementing ‘My Tehran’* project 2.05 0.84 0-4  

• The effect of using traffic warden in cities 1.9 0.85 0-4  

Police enforcement performance (police presence)    1 

• The presence of police forces on roads 0.34 0.47 0 or 1  

Specific deterrence    2 

• Number of tickets for speeding 2.29 1.33 0-10  

• Number of tickets for parking 1.98 1.20 0-10  

Attitude toward traffic fine amount     1 

• Amount of the fine for driving violation 1.91 0.64 1-3  

Experiences with privatization    3 

• Employing municipality officers to tackle passage blockade 2.79 1.07 0-4  

• Entrance of Snapp and Tapsi into the urban paratransit 2.41 0.96 0-4  

• Police + 10 performance 2.71 0.87 0-4  
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Private sector enforcement    1 

• Use of private sector in enforcement 0.196 0.397 0 or 1  

Age    1 

• Age 36.6 12.7 19-80  

Education    1 

• Education 3.52 0.93 1-5  

Use of technology    1 

• Use of technology 3.39 0.95 0-4  

*The project was introduced in Iran in early 2019 as a pilot initiative. This program offers free parking 

on the side of the street for the initial half-hour. However, for extended parking durations, the car 

owner is subjected to exponentially increasing costs. To facilitate payment for parking, vehicle owners 

are required to register through the ‘My Tehran’ website or application. 

5.2. Path Coefficient, Outer Loading, and Outer Weight 

The outcomes of the SEM are illustrated in Figure 1. Note that the model only incorporates 

significant relationships. Each path between the two latent variables is labeled with its respective 

path coefficient. Path coefficients, outer loads, outer weights, and their corresponding statistical 

significance are presented in Table 2 and Table 3 respectively. Path coefficients, represented by 

numbers on arrows, determine the strength and direction of relationships among different latent 

variables [54]. A higher absolute value of the path coefficient signifies a stronger relationship between 

the variables. Further, a positive value indicates a direct relationship, where an increase in one 

variable leads to a rise in the other, while a negative value indicates an inverse relationship, where 

an increase in one variable corresponds to a reduction in the other. The T-values assess the 

significance of relationships between variables. Significance is calculated at the error level of 0.05, 

wherein a T-value falls between -1.96 and 1.96. The outer load for single-item variables in Table 3 is 

set to one, while the T-value and significance level are not applicable for the outer load [55]. In 

addition, the strength of outer loads and weights can be evaluated based on their magnitude; less 

than 0.3 is considered weak, between 0.3 and 0.6 is regarded acceptable, and greater than 0.6 is 

considered appropriate [56,57].  

 

Figure 1. Final model with path coefficient. 
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Table 2. Path coefficients between latent variables of the model. 

* P<0.05, ** P<0.01. 

Table 3. Outer loads and outer weights. 

Path Path Coefficient T-Value 

Age → General deterrence -0.127** 3.396 

Police enforcement performance (Speeding) → General deterrence 0.232** 6.215 

Police enforcement performance (Parking) → General deterrence 0.251** 6.145 

Specific deterrence → General deterrence 0.153** 4.064 

Experiences with privatization → General deterrence -0.136** 3.704 

Private sector enforcement → General deterrence -0.155** 4.261 

Attitude toward traffic fine amount → General deterrence 0.115** 3.239 

Use of technology → General deterrence -0.199** 5.424 

Police presence → Police enforcement performance (Speeding) -0.124* 2.854 

Education → Experiences with privatization 0.212** 4.804 

Experiences with privatization → Private sector enforcement 0.100* 2.158 

Variable 
• Indicator 

Outer 
Loading 

Outer 
Weight 

T - 
Value 

 
General deterrence    

• Percentage of speeding violations detected and enforced on 
urban roads 

0.805**  44.794 

• Percentage of parking violations detected and enforced 0.720**  22.920 

• Percentage of active speed fixed camera 0.701**  23.384 

• Percentage of speeding violations detected and enforced on 

rural roads 

0.693**  20.473 

Police enforcement performance (Speeding)    
• The effect of speed fixed cameras 0.815**  22.844 

• The effect of police speeding patrol in streets and roads 0.835**  32.182 

• The effect of undercover police speeding patrol on highways 0.623**  10.384 

Police enforcement performance (Parking)    
• The effect of towing the offending vehicle to the parking lot 0.697**  9.960 

• The effect of implementing ‘My Tehran’ project 0.798**  18.115 

• The effect of using traffic warden in cities 0.650**  8.822 

Police enforcement performance (police presence)    

• The presence of police forces on roads 1   

Specific deterrence 1   
• Number of tickets for speeding  0.859** 7.372 

• Number of tickets for parking  0.510* 2.530 

Attitude toward traffic fine amount     

• Amount of fine for driving violation 1   

Experiences with privatization    
• Employing municipality officers to tackle passage blockade 0.543**  4.120 

• Entrance of Snapp and Tapsi into the urban paratransit 0.820**  12.456 

• Police + 10 performance 0.740**  6.106 

Private sector enforcement    

• Use of private sector in enforcement 1   

Age    
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* P<0.05, ** P<0.01. 

Based on Tables 2 and 3, all coefficients are statistically significant. We explore the path 

coefficients between latent variables in the following. 

5.3. Demographics 

The ‘age’ exerts a direct and inverse effect on the dependent variable, implying that as drivers' 

age increases, their general deterrence perception weakens. On the other hand, the ‘education’ has a 

direct and positive impact on the experience with privatization and private sector enforcement, 

indicating that an increase in respondents' education level is associated with a greater willingness to 

utilize private enforcement. In addition, the education variable has a negative indirect effect on the 

general deterrence.  

5.4. Private Sector Involvement in Enforcement 

The private sector, represented by two variables, experience, and enforcement, has an inverse 

impact on the general deterrence. The ‘Experience with privatization’ has both direct and indirect 

effects, while ‘private sector enforcement’ directly influences general deterrence. Regarding 

interpretation, drivers with a negative attitude have a positive perception of the private sector's 

performance and show agreement with its involvement in enforcement. In other words, by utilizing 

the private sector in addition to the traffic police, drivers can develop a positive attitude toward 

enforcement. 

5.5. Attitude toward Police Enforcement Performance 

Among all variables, ‘speeding enforcement’ and ‘parking enforcement’ exhibited the most 

positive and direct influence, highlighting that investments in measures to prevent speeding and 

parking violations will have the most substantial impact on general deterrence. Conversely, the 

variable ‘police presence’ indirectly and inversely influenced attitudes, indicating that general 

deterrence perception is further weakened when the presence of traffic police on the roads is low.  

5.6. Attitude toward Traffic Fine Amounts 

The variable ‘amount of the fine’ exerts a direct influence on the dependent variable, thereby 

illuminating its impact on drivers' attitudes. This implies that variations in the fine amount lead to 

corresponding shifts in drivers' attitudes. 

5.7. Specific Deterrence 

The variable specific deterrence (i.e., fine experience in the last three years), assessed through 

two indicators, had a direct and positive effect on general deterrence, signifying that an increase in 

the number of tickets for offenders would lead to a more general deterrence perception. 

5.8. Use of Technology 

There was a reverse impact on the general deterrence with increasing interest in and adopting 

new technologies. This suggests that individuals who show more interest in and utilize new 

technologies may have a weaker general deterrence perception. 

  

• Age 1   

Education    

• Education 1   

Use of technology    
• Use of technology 1   
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5.9. Measurement Model 

5.9.1. Reflective Measurement Model 

Cronbach's alpha and CR were used to measure the reliability of reflective measurement models, 

while AVE was employed to measure convergent validity. Table 4 shows the results. 

Table 4. Cronbach's alpha, CR and AVE to measure model reliability and validity. 

Latent Variable Cronbach's Alpha CR AVE T-Value 

General deterrence 0.708**   33.116 

Police enforcement performance (Speeding)  0.649**   24.124 

Police enforcement performance (Parking) 0.409**   9.027 

Experiences with privatization 0.419**   9.569 

General deterrence  0.821**  75.860 

Police enforcement performance (Speeding)   0.805**  52.993 

Police enforcement performance (Parking)  0.714**  40.341 

Experiences with privatization  0.717**  25.567 

General deterrence   0.535** 29.714 

Police enforcement performance (Speeding)    0.583** 27.756 

Police enforcement performance (Parking)   0.515** 24.507 

Experiences with privatization   0.505** 21.684 

** P<0.01. 

Cronbach's alpha values of 0.6 to 0.7 are acceptable for exploratory studies, and 0.7 to 0.9 for 

advanced research. Table 4 displays two Cronbach's alpha values below 0.6, but all are statistically 

significant. In PLS-SEM, CR is more suitable for reliability, as Cronbach's alpha may underestimate 

internal consistency due to item count [55]. Thus, the CR criterion is given more consideration, and 

there are no issues concerning the reliability of the measurement models, given the coefficients above 

0.7 and their statistical significance. To demonstrate convergent validity, the latent variables must 

account for a significant portion of each indicator's variance, ideally 50% or more [55]. The AVE for 

all four latent variables is higher than 50% and is statistically significant, meeting the criterion for 

convergent validity. 

To evaluate discriminant validity, the HTMT ratio was employed, with its corresponding matrix 

presented in Table 5. A stronger discriminant validity is indicated when the HTMT ratio is less than 

1 [58]. 

Table 5. HTMT ratio to evaluate the discriminant validity of measurement models. 

Latent Variable (1) (2) (3) (4) (5) (6) (7) (8) (9) 

(1) Use of technology          

(2) Private sector enforcement 0.058         

(3) Education 0.03 0.12        

(4) Age 0.15 0.04 0.21       

(5) Attitude toward traffic fine amount 0.169 0.15 0.1 0.01      

(6) General deterrence 0.3 0.31 0.1 0.13 0.31     

(7) Police enforcement performance (Speeding)  0.05 0.11 0.06 0.09 0.08 0.449    

(8) Police enforcement performance (Parking) 0.145 0.23 0.12 0.14 0.19 0.641 0.642   

(9) Police presence 0.089 0.11 0.1 0.01 0.24 0.224 0.141 0.05  

(10) Experience with privatization 0.144 0.15 0.32 0.2 0.24 0.234 0.369 0.5 0.187 
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5.9.2. Formative Measurement Model 

In the formative measurement model, high correlations between items (indicators) are not 

expected. The variance inflation factor (VIF) is used as a collinearity-dependence measure, defined 

as the inverse of tolerance. Table 6 indicates the VIF values for both latent variables. A VIF of 5 or 

greater suggests a potential collinearity issue [55]. However, in this case, both VIF values are less than 

5, indicating no significant collinearity problem in the model. 

Table 6. VIF for measuring the collinearity of indicators. 

Latent Variable Indicator VIF 

Specific deterrence 
• Number of tickets for speeding 1.010 

Number of tickets for parking 1.000 

5.10. Structural Model 

The VIF is employed to assess collinearity within the structural model. Table 7 presents the VIF 

values for the variables in the structural model. All are below 5, demonstrating that there is no 

significant collinearity problem within the structural model. The coefficient of determination (R2) is 

the most commonly used measure to assess the performance of the structural model. In the study, 

the R2 for drivers' attitude is 0.336 (T-value=10.465) The analysis indicates that R2 is statistically 

significant (P-value<0.01). 

Table 7. VIF to measure the collinearity of structural model variables. 

Latent Variable 
VIF 

(2) (6) (7) (10) 

(1) Use of technology  1.072   

(2) Private sector enforcement  1.057   

(3) Education    1.000 

(4) Age  1.059   

(5) Attitude toward traffic fine amount  1.105   

(6) General deterrence     

(7) Police enforcement performance (Speeding)  1.140   

(8) Police enforcement performance (Parking)  1.168   

(9) Police presence   1.000  

(10) Experience with privatization 1.000 1.126   
(11) Specific deterrence  1.033   

6. Discussion and Conclusion 

In this research, we attempted to identify factors affecting general deterrence perception of road 

users as a main factor contributing to the driving violations. Existing studies and reports underscore 

human behavior as a significant contributor to these violations. Drawing upon relevant theories in 

this domain, we sought to establish the link between drivers' general and specific deterrence 

perception. Through an extensive review of prior research, we ascertained that drivers’ specific 

deterrence perception acts as a precursor to their general deterrence perception. Recognizing the 

importance of studying drivers' general deterrence perception and the factors influencing them, by 

conducting a survey, collecting data, and using a structural model, we tried to quantitatively measure 

drivers' general deterrence perception and gain insights into the influential factors. The PLS-SEM 

framework provided robust validation for both the measurement model and the structural model, 

demonstrating their substantial consistency and significant explanatory capabilities. 
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Our findings demonstrated that specific deterrence in terms of strengthening enforcement 

measures, both in terms of quality and quantity, can significantly enhance drivers' general deterrence 

perception. This suggests that a proactive approach to preventing traffic violations through well-

implemented enforcement methods can yield positive outcomes in shaping driver behaviors through 

enhancing their general deterrence perception. 

Furthermore, ‘Attitude toward traffic fine amount’, revealed a direct and positive influence on 

general deterrence. The observation could make sense, since those who believe that the amount of 

fines is high and prefer it to be less, in a way, those who are less concerned about traffic safety, 

perceive a higher level of propaganda on traffic violation detection system as general deterrence. 

Notably, the presence of police forces in road passages emerged as another significant factor 

affecting general deterrence. A low presence of law enforcement personnel was associated with more 

negative general deterrence, while an increased presence of police forces strengthened it and in turn 

would lead to a reduction in high-risk driving behaviors. Thus, a strategic deployment of police 

resources can be instrumental in promoting a safer and more compliant driving environment. 

Another contribution of our study has been the use of the private sector, represented by two 

variables, ‘Experience with privatization’ and ‘private sector enforcement,’ in the modeling 

framework. Both of them exert an inverse impact on general deterrence. ‘Experience with 

privatization’ demonstrates both direct and indirect effects, while ‘private sector enforcement’ 

directly influences general deterrence. From this finding, it can be concluded that, those who do not 

consider the current state of the governmental system of traffic enforcement effective believe that the 

presence of private sector can be in an effective way to improve the detection and traffic infringement 

of violation and enhance general deterrence.  This suggests that incorporating the private sector 

alongside the traffic police can result in the development of a more positive general deterrence and 

traffic safety. 

The responsibility of dealing with traffic violations lies with the police force, and the efficacy of 

their measures directly affects the handling of traffic-related issues in any country. However, 

limitations in the operational capacity of the police can hinder their ability to effectively address 

traffic violations. Utilizing the private sector represents a viable approach to augmenting the 

operational capacity of the police. By involving the private sector in enforcement, the police can 

potentially improve their efficiency, reduce monopolies in police services, and boost their capacity to 

combat traffic violation within society.  

Further, there has been a significant correlation between the use of new technologies, 

particularly those associated with mass communication, and drivers’ perception of general 

deterrence.  

From this observation, it can be inferred that it is more difficult to launch a traffic law 

enforcement campaign among the people who are more familiar with technology, i.e. technology-

savvy societies. This observation can be different depending on the culture of the study area. This 

topic can be considered in future cross-cultural studies. 

Finally, the findings of this study hold significant implications for traffic authorities and 

policymakers. Understanding the factors influencing drivers' general deterrence perception can lead 

to informed decision-making and effective policy development. The research provides a foundation 

for reducing traffic violations. By implementing evidence-based approaches to enhancing drivers' 

general deterrence perception, we can work towards creating a more sustainable and efficient 

transportation system, ensuring a safer environment for all road users. 

6.1. Limitations and Future Works 

While this study provided valuable insights, it is essential to acknowledge certain limitations 

which may impact the generalizability and interpretation of the findings. To begin with, the sample 

used in the study may not fully represent the entire population of drivers, potentially leading to 

limited applicability to a broader driver demographic, which may affect the reliability of the results 

[59]. In addition, as the study adopted a cross-sectional design, it may not account for changes in 

drivers' general deterrence perception over time, nor could it establish causal relationships between 
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variables. Further, participants' responses in surveys or questionnaires may be influenced by self-

reporting bias, possibly impacting the accuracy of the data. Lastly, the findings may be context-

specific and influenced by unique factors in the study's setting, limiting their applicability to different 

regions or countries. As future work, researchers could consider employing longitudinal designs to 

examine changes in drivers' attitudes over time and establish causality between variables. 

Further, one limitation of using some single-item variables in the modeling process has been the 

potential for reduced reliability and validity. Single-item measures may not fully capture the 

complexity and variability of the underlying construct they aim to represent. As a result, the data 

obtained from single-item variables may be susceptible to measurement error and may not provide 

a comprehensive understanding of the construct of interest [60]. To enhance the accuracy and 

robustness of the findings, it is recommended to use multi-item scales or multiple indicators to 

measure latent constructs, allowing for a more thorough and precise assessment of the targeted 

variables. This would lead to more reliable results and stronger support for the conclusions drawn 

from the model. 
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