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Abstract 

Road traffic crashes remain one of the major causes of preventable death and injury worldwide. Human 

behavior is considered one of the main factors leading to such tragic losses. In this paper, we analyze the 

responses of an online survey questionnaire and identify the variables that are most likely to be correlated 

with individual driving behavior of drivers. Weights are allocated to nine risky-driving behaviors 

considered in the survey based on self-reported frequency of the driving behaviors the participants were 

involved in at the time of a recent traffic crash. Initially, weighted individual self-rated risky-driving 

behaviors are used to estimate the risky-driving index (RDI) for individual drivers. RDI is defined as a 

quantitative measure of a driver’s risky-driving propensities based on basic profile and driving history. 

Finally, a standardized model for predicting a driver’s RDI is proposed using Ridge penalization-based 

generalized linear regression with a standard error of estimate equal to 0.713. According to the model, 

female drivers have lower RDI compared to male drivers. Also, younger drivers have higher RDI than older 

drivers. Lastly, hours driven per day have more positive impact on RDI than the number of accidents or the 

driving experience of a driver. 

Keywords  
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1. Introduction
Road traffic crashes remain a major concern for transportation and healthcare management agencies worldwide. 

According to World Health Organization (WHO)’s Global Status Report on Road Safety 2015, more than 1.2 million 
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lives are lost annually on world roads, and another 20~50 million people suffer from non-fatal injuries due to road 

traffic crashes (RTCs) (World Health Organization, 2015). Moreover, young males below 25 years are three times 

more likely to be killed in road crashes compared to young females. Consequently, 73% of all reported traffic crash 

deaths occur among young men. Besides, Treat (Treat, 1980) and Sabey and Staughton (Sabey & Staughton, 1975) 

found that in about 95% of the traffic crashes they studied in the US and the UK respectively, the road user was either 

the sole factor or the contributing factor. Likewise, Evans identified driving behavior to have a dominant role in road 

traffic crashes (Evans, 1996). Some key behavioral risk factors that influence crash involvement and severity are 

namely- speeding, drink-driving, and improper use or failure to use helmets, seat-belts, and child restraints (World 

Health Organization, 2015).  

     Speeding is a critical factor since the probability of crash increase as average traffic speed increase (Organisation 

for Economic Co-operation and Development, European Conference of Ministers of Transport, & OECD/ECMT 

Transport Research Centre, 2006). Consequently, the risk of death or serious injury in the event of a crash also 

increases at higher speeds (Rosén, Stigson, & Sander, 2011). Besides speeding, changing lanes, driving too close to 

the front vehicle, honking, passing on the shoulders, not wearing a seat-belt, etc. are some examples of aggressive or 

risky-driving behaviors (Jonah, Thiessen, & Au-Yeung, 2001; Shinar & Compton, 2004). On the other hand, Elvik R 

et al. (Elvik, 2003) reported that wearing seat belt reduces the risk of death or serious injury by about 45%~50% 

among driver and front passenger. As a result, implementation of mandatory seat-belt act has proven to increase adult 

seat-belt use and reduce traffic fatalities (Houston & Jr, 2006). Additionally, distracted driving is listed in the updated 

WHO road traffic injury fact sheet (2017) (WHO, 2017) as a contributing human factor to RTC. Slower braking 

reaction time, slower reaction to traffic signal, inability to remain in the correct lane, etc. are just some of the driving 

performance impairments caused by mobile use distractions. Such impairment puts the driver using a mobile phone 

at four times more risk of causing road crashes than the driver who is not using it (World Health Organization, 2015). 

Ghadban et al. (2018) investigated the comprehensiveness of traffic signs by drivers and the impact of driver 

characteristics gender, nationality, age, language, and educational level.  

     Thus, this paper aims to develop a regression-based model to predict risky-driving index (RDI) of individual 

drivers. The RDI is a new term used in this paper which, by definition, is a quantitative measure of a driver’s risky-

driving propensities based on the driver’s basic profile (age and gender), driving characteristics (driving experience 

in years and hours driven per day), and traffic crash history (number of accidents in the past 3 years). In a RDI scale 

ranging from 0 to 5, the higher a driver scores, the riskier the driver’s driving behavior is considered. Although this 

would essentially be a preliminary indication of a driver’s high risky-driving tendencies, it could be used to identify 

high-risk drivers and implement necessary precautions or counter-measures.  

     Hence, in this study, a preliminary RDI is initially calculated using individual self-rated survey data collected from 

participants affiliated with Qatar University (see Section 3.5). The survey data includes the drivers’ profile, driving 

behaviors, and traffic crash history. Finally, a prediction model is proposed to estimate the RDI of any driver (see 

Section 3.8). The rest of this paper is organized as follows: in Section 2, the methodology used for this study is 

explained. Results and discussions are covered in Section 3. Finally, the conclusions are discussed in Section 4. 

 

2. Methodology 
 

2.1 Data Collection 
In many countries, police or national traffic crash data on driver’s risky-driving behavior are either incomplete or 

difficult to obtain (World Health Organization, 2015). Thus, the data collection methodology used in this study was 

an online survey questionnaire in which relevant risky-driving behavior data was obtained without expending too 

many resources. Data used for this study was part of the data collected through the online “Driving Behaviors” survey 

conducted at Qatar University during the first month of the Spring- 2017 term. 

 

2.2 The Design of Survey Questionnaire 
The survey questionnaire was designed to collect data such as the participants’ gender (Male = 1; Female = 2), age in 

years (18~22 = 1; 23 ~30 = 2; 31~45 = 3; 46 ~ 65 = 4), driving experience in Qatar in years (≤ 2 = 1; 3~5 = 2; 6~10 

= 3; >10 = 4), hours driven per day (< 1 = 1; 1~2 = 2; 3~4 = 3; ≥ 5 = 4), number of traffic crashes they were part of in 

the last three years, driving behavior they were involved in at the time of the traffic crash selected from a list of nine 

risky-driving behaviors, and their self-rated driving behaviors for the same nine behaviors. For this study, emphasis 

was given on whether the participant was involved in a traffic crash and not on whether he/she was guilty. Similarly, 

the type or severity of the accident the participant was involved in was also not considered to be relevant, since the 
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risky-driving index is not proposed to be taken as an indication or degree of guilt. Rather, the RDI is a simple model 

that would not require hard to collect socially sensitive and legal information. 

     For the self-rated driving behavior section, the questionnaire was designed to yield unbiased behavioral responses 

by asking participants to rate the frequency of their “driving behaviors” instead of introducing the question to them as 

rating their “risky-driving behaviors.” It was designed such that the participants with higher rates would be considered 

as showing riskier driving behaviors. The participants were asked to choose from options such as always, often, 

sometimes, rarely, never, and not applicable. A scale of 1 to 5 (5 = Always; 4 = Often; 3 = Sometimes; 2 = Rarely; 1 

= Never; Zero = Not applicable) was used to rate how frequently they said they practiced each of the following driving 

behaviors: 

 Not wearing the car seat belt (DB1) 

 Exceeding the speed limit (DB2) 

 Driving in the emergency lane (DB3) 

 Overtaking from the right side (DB4) 

 Changing lanes without using the signs (DB5) 

 Not keeping safe distance from the front vehicle (DB6) 

 Eating or drinking while driving (DB7) 

 Making or accepting phone calls (DB8)  

 Reading or sending emails and text messages (DB9) 

 

2.3 Statistical Model 
The generalized linear model (GzLMs) is a commonly used form of linear regression statistical model when the 

response variable in a model does not satisfy the normality assumption (Cheng, Geedipally, & Lord, 2013; Sellers & 

Shmueli, 2009; Abdella et al. 2016). On the other hand, for estimating the coefficients of the model, many researchers 

prefer to use the maximum likelihood technique instead of the weighted least square technique. Likewise, it has also 

become the default technique to estimate coefficients in various statistical software packages. However, one issue 

with applying the maximum likelihood technique is the resulting instability in the model due to collinearity between 

the predicting variables. The penalization function such as the Ridge penalization is commonly added to the GzLMs 

for resolving such instability (Sellers & Shmueli, 2009; WHO, 2017).  

     Consequently, Ridge penalization-based generalized linear regression method is the statistical model used in this 

paper to estimate the risky-driving index (RDI) as a function of the driver’s profile. Equation 1 is the classical form 

of this model in which the response variable (𝑦𝑖) is continuous with more than one predictor variables (x’s). 

 

𝑦𝑖 = 𝛽0 + 𝛽1𝑥𝑖1 + ⋯ + 𝛽𝑝𝑥𝑖𝑝 + 𝜀𝑖       𝑖 = 1,2, …  (1) 

 

where: 𝑥𝑖𝑗 ∈  ℝ𝑛  is the 𝑖𝑡ℎ  observation of the 𝑗𝑡ℎ model predictor, 𝛽𝑗  represents the coefficients of the predictor 

variables, and the error term 𝜀𝑖 is assumed to be normally distributed with a mean µ and a standard distribution ơ.  

Now, based on the Ridge penalization-based generalized linear regression model proposed by Hoerl and Kennard 

(Hoerl & Kennard, 1970b), the modified values of the estimated 𝛽𝑗 as a function of the Ridge-parameter (λ) is found 

using  (2). The Ridge-parameter λ is always a positive constant. 

 

β̂Ridge(λ) = argminβ‖y − x β‖2
2 + λ‖β‖2

2 (2) 

 

2.4 Statistical Analysis 
The STATGRAPHICS software was used to estimate the coefficients of the Ridge regression model and to choose a 

good value for the Ridge-parameter. The open source software R-studio was also used to cross-examine the obtained 

coefficients and the effect of the selected ridge-parameter. Both software generated similar results. However, 

STATGRAPHICS Centurion XVII was more versatile due to its built-in graphics and StatAdvisor tools. Besides, (1) 

and (2) were used in both cases. 

 

3. Results and Discussions 

 
3.1 Demographics of Participants 
Table 1 shows the detailed sample proportion information (n = 500) of the demographic variables selected for the 

modeling of the RDI. The proportion of male and female participants were almost equal. However, almost half of the 
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participants belonged to the youngest age range (18 – 22). In addition, only 38.0% of the participants had less than 3 

years of driving experience in Qatar; whereas, about 62% of them had more than 3 years of driving experience. Again, 

almost half of those who participated said they drove for 1 – 2 hours daily.  

Table 1. Proportion of selected socioeconomic variables of individual participants 

Question Answer Proportion 

Gender 
Male 48.1% 

Female 51.9% 

Age (years) 

18 –  22 43.9% 

23 – 30 24.9% 

31 – 45 20.9% 

46 – 65 10.3% 

Driving experience in Qatar (years) 

≤ 2 38.0% 

3 – 5 33.4% 

6 – 10 14.1% 

>10 14.5% 

Hours driven per day 

< 1 16.3% 

1 –  2 45.1% 

3 –  4 32.6% 

> 5 6.0% 

 

3.2 Analysis of the Demographics of Participants Involved in Traffic Crash 
Only 33.8% of the 500 participants said they were involved in at least one recent traffic crash. Table 2 shows the 

selected demographics (gender and age) of those participants. Accordingly, males were more involved in traffic 

crashes than females for all age ranges. Whereas, males of youngest and oldest age range had a higher number of 

mean traffic crashes. On the other hand, the number of young drivers, less than 30 years old, involved in road crashes 

was greater than the number of older drivers. This indicates that young males are indeed at higher risk than any other 

group (World Health Organization, 2015). 

 

Table 2. Demographics of participants involved in traffic crash in the last three years 

Gender Male Female 

Age (years) ≥ traffic crashes Mean traffic 

crashes 

Std. dev. ≥ traffic crashes Mean traffic 

crashes 

Std. dev. 

18 - 22 49.2% 1.79 1.22 37.5% 1.63 0.60 

23 - 30 64.4% 1.75 0.84 55.2% 2.03 1.07 

31 - 45 44.2% 1.65 0.70 32.3% 2.00 1.91 

46 - 65 30.8% 2.13 1.73 23.1% 2.00 1.00 

 

3.3 Analysis of Driving Behavior during Traffic Crash 
Participants involved in at least one traffic crash reported their driving behavior at the time of their most recent crash. 

The majority of them (36.5%) reported not keeping a safe distance between them and the vehicle in front. The second 

most reported behavior was not wearing a seat belt (17.5%) followed by over speeding, changing lanes without signs, 

or reading/sending emails/text messages (8% ~ 9.5%). 7% of them reported making calls on the mobile or overtaking 

from the right lane. Least reported behaviors were driving on emergency lane or eating/drinking (1.5% ~ 3.5%). See 

Figure 1 for more details. Besides, these results imply that all risky-driving behaviors lead to traffic crashes in varying 

degrees. 
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Figure 1. Frequency of the reported driving behavior of participants at the time of their most recent crash 

 

3.4 Self-rated Driving Behaviors Analysis 
Out of 500 participants, only 166 respondents had completely answered the self-rated driving behavior section of the 

questionnaire. The fall in the number of respondents could be attributed to the fact that it was the last section of the 

questionnaire. Also, compared to other sections, it required more thoughtful and time-consuming responses to 

questions related to socially and legally sensitive driving-behaviors. Hence, many participants just skipped the last 

section or didn’t finish responding to all the nine questions. Based on the completed responses, value for each driving 

behavior (DB1 ~ DB9) of all 166 respondents were found ranging from 1 ~ 5 (Never ~ Always).  

 

Consequently, an analysis of the distribution of the participants’ self-rated driving behavior revealed that the majority 

of them had a value of DB1 = 1, that is, a low risk of not wearing seat-belt at most times. Similarly, the majority of 

them had low-risk value for DB3, DB4, and DB9. However, 0.5% ~ 14.7% of them reported that they would be often 

involved in all these driving behaviors. On the other hand, making calls on a mobile phone was the behavior that a 

small percentage of them (8.5%) reported as doing always (DB8 = 5). Besides, a small percentage of them (3.4% ~ 

6%) reported always practicing behaviors such as exceeding speed limit, reading/sending emails/text messages, 

changing lanes without sign, not wearing seat-belt, or eating/drinking (see Figure 2 for more details of the distribution). 

 

 
Figure 2.  Distribution of participants’ response to driving behavior practices 

 

     Besides, data of only 138 participants out of the 166 participants who completed the entire questionnaire was used 

for analysis and modeling of the RDI prediction model. Data of the participants who had less than or equal to 2 years 

of driving experience in Qatar was omitted from analysis. This was done because their responses to being involved in 

at least one traffic crash within the past three years could not be analyzed with the responses of those drivers who had 

more than 3 years of driving experience. Although the final sample size of 138 participants was much smaller 

compared to the initial sample size of 500 respondents, analysis of the data from this small sample was expected to 

provide more reliable results. 
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3.5 Individual Driver’s Risky-Driving Index (RDI) 
Equation 3 is used to initially estimate the risky-driving index of individual participants based on their self-reported 

frequency of each driving behavior (see Figure 2) and selected weight (%) for each driving behavior. In addition, (4) 

shows the selected weights for each driving behavior. These selected weights, on the other hand, were assigned based 

on the varying percentage of the sample involved in traffic crash for each of the driving behaviors respectively (see 

Figure 1). In other words, summation of the selected values of these weights was equal to 100%. 

 

RDI = (w1DB1+w2DB2+w3DB3+w4DB4+w5DB5+w6DB6+w7DB7+w8DB8+w9DB9)×
1

100
 

 

(3) 

RDI = (17.5DB1+8DB2+1.5DB3+7.5DB4+9DB5+36.5DB6+3.5DB7+7.0DB8+9.5DB9)×
1

100
 

(4) 

 

3.6 Selecting Ridge-parameter 
Ridge-parameter introduces a small amount of bias which controls the coefficients and reduces variance and prediction 

error of the GzLM when the independent variables are strongly correlated. The Ridge-parameter for the DBI prediction 

model was selected based on Ridge-traces (Hoerl & Kennard, 1970a). The variables considered in our analysis such 

as gender (x1), age (x2), driving experience in Qatar (x3), number of hours driven per day (x4), and number of accidents 

in the past 3 years (x5) were of quantitative nature, and they had varying rating scales and units of measurement. Hence, 

we chose the Ridge-parameter based on the Ridge-traces for the standardized regression coefficients instead of the 

general regression coefficients so that the prediction model will be valid for any units of measurement for the chosen 

variables. Figure 3 shows the impact of increasing the value of Ridge-parameter from 0 to 15 on the standardized 

coefficients of the GzLM. As predicted, the Ridge-parameter initially results in a dramatic change of the standardized 

coefficients, but as its value increases the estimates of the standardized coefficients begin to change slowly.  This 

seems to happen when the value of Ridge-parameter gets close to 6.  

 
Figure 3. Ridge Trace for RDI 

     Figure 4 shows the measure of inflation of the estimated coefficients due to increasing value of Ridge-parameter 

from 0 to 15 when the independent variables are not correlated. Similar to standardized coefficients, the variance 

inflation factors also dramatically change at first but then change slowly and become stable around Ridge-parameter 

equal to 6. Also, we included all the initially selected independent variables in the GzLM, since the variance inflation 

factor for all them were less than 10.  
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Figure 4. Variance Inflation Factors for RDI 

     Hence, based on visual inspection of the Ridge-traces generated by STATGRAPHICS Centurion XVII (see Figure 

3 and Figure 4), Ridge-parameter was selected to be equal to 6, since this is where both the standardized coefficients 

and variance of inflation became stable. This ensures a GzLM that has low variance and prediction error. 

 

3.7 Prediction Model for Driver’s Risky-Driving Index (RDI) 
Equation 5 is the proposed general model for predicting driver’s RDI based on the classical model (1). The regression 

coefficients found by the ordinary least squares method and with Ridge-parameter λ = 0 were the same as expected 

theoretically.  

RDI = β
0
+β

1
x1+β

2
x2+β

3
x3+β

4
x4+β

5
x5 (5) 

 

where x1 = gender, x2 = age, x3 = driving experience in Qatar, x4 = hours driven per day, x5 = number of accidents in 

the past 3 years, and RDI = risky-driving index of a driver. 

     The abrupt and then steady change of the values of the coefficients and standardized coefficients of the regression 

model increasing with the value of Ridge-parameter λ are shown in Table 3 and Table 4 respectively. The nature of 

the rate of change of the coefficients is similar to the Ridge-trace in Figure 3. 

 

Table 3. Comparison of coefficients of regression 

λ Coefficients of regression 

 𝛃𝟎 𝛃𝟏 𝛃𝟐 𝛃𝟑 𝛃𝟒 𝛃𝟓 

0 1.767 -0.092 -0.277 0.311 0.088 0.139 

3 2.168 -0.026 -0.038 0.041 0.049 0.032 

6 2.241 -0.015 -0.021 0.022 0.029 0.018 

9 2.270 -0.010 -0.015 0.015 0.021 0.013 

 

Table 4. Comparison of standardized coefficients of regression 

λ Standardized coefficients 

 𝛃𝟏 𝛃𝟐 𝛃𝟑 𝛃𝟒 𝛃𝟓 

0 -0.064 -0.351 0.322 0.094 0.205 

3 -0.018 -0.048 0.042 0.053 0.047 

6 -0.010 -0.027 0.023 0.031 0.027 

9 -0.007 -0.018 0.016 0.022 0.019 
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3.8 Analysis of the Prediction Model 
Equation 6 is the proposed standardized model for predicting driver’s RDI with the selected Ridge-parameter λ = 6. 

By allowing a small amount of bias, the precision is greatly increased in this model.  The standard error of estimate 

for this model is 0.713, and the mean absolute error is 0.543.  

 

RDI = -0.010x1-0.027x2+0.023x3+0.031x4+0.027x5 (6) 

 

     The normal probability plot for the proposed RDI model (see Figure 5) shows that the residuals agree with the 

normality assumption. Also, the P-value for this model is greater than 0.05. This indicates that at the 95.0% confidence 

level there is no serial autocorrelation in the residuals shown in Figure 6. 

 

3.9 Implications of the Prediction Model  
The proposed standardized prediction model (6) has certain implications that agree with the conclusions of papers 

related to risky-driving behavior of drivers. The higher the value of a standardized coefficient, the more impact it has 

on the RDI. First, the negative value of the coefficients for gender and age indicates that young males are more 

susceptible to risky-driving behaviors than young female drivers. In other words, the lower the age, the higher the RDI 

value would become. Similarly, a male driver’s RDI would be greater than a female driver’s RDI. Other researchers 

have also reached similar conclusions regarding age and gender of drivers (Chen, 2009; Ghadban, Abdella, Al-Khalifa, 

Hamouda, & Abdur-Rouf, 2017; Machin & Sankey, 2008; Vassallo et al., 2007). Furthermore, the higher negative 

value of the standardized coefficient for age also indicates that it has more impact on RDI than gender. That is, 

regardless of the gender of the driver, a younger driver’s RDI would be comparatively much higher than an older 

driver’s RDI. 

 
Figure 5. Normal probability plot for residuals 
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Figure 6. Residual scatter plot 

 

     Consequently, many researchers have studied the probable reasons behind this negative trend. For example, Vasallo 

et. al. studied risky-driving experiences and behaviors of young drivers aged 19-20 years (Vassallo et al., 2007) and 

found speeding by young males to be a major contributory factor to a high number of traffic crashes and injury rates. 

They also found that self-reported anti-social behavior of the young drivers also strongly contributed to their risky-

driving behaviors. Senserrick & Haworth also came to similar conclusions that the more anti-social young drivers 

were, the greater were their speeding behaviors. Machin & Sankey, on the other hand, considered speeding to be the 

only factor contributing to risky-driving behavior (Machin & Sankey, 2008). They studied how personality and risk 

perception of young drivers influenced their driving behavior. They found young drivers aged 17-20 underestimated 

the risks involved with driving in various scenarios while overestimating their driving skills resulting in greater driving 

offenses. They also found that the driver’s attitude about the society’s acceptability of risky-driving behavior such as 

speeding plays the strongest role in the driver’s choice to speed or take risks. Hence, most of these researchers also 

found the young age of these drivers’ to be more of a contributing factor to high risk than their gender. 

     On the other hand, the positive value of the coefficients for number of hours driven per day, number of accidents, 

and driving experience in the proposed model indicates that the more a driver drives per day, and the more accidents 

the driver gets involved in, and the more driving experience the driver has, the higher the DBI for the driver becomes. 

Among all factors contributing to risky-driving propensities of a driver in our model, the coefficient for hours driven 

per day is the highest. This means that the more a driver drives per day, the higher the RDI would become. It is 

important to note that the model considers driving more than 6 hours per day the same as driving 10 hours per day. 

That is, anyone who drive’s more than 5 hours per day will have the highest DBI.  

     In this model, the high risk associated with long hours of driving could be attributed to fatigue, drowsiness, 

distractions, or simply more exposure for the driver. According to a research, fatigue reduces a driver’s capability on 

a short-term basis which in turn may lead to risk-driving behavior (Petridou & Moustaki, 2000). Moreover, results of 

a study in which fatigue was considered as a contributory factor in traffic crashes revealed that 4% of all crashes 

reported by drivers at fault were caused due to fatigue (Sagberg, 1999).  However, since fatigue nor any breaks taken 

by a driver in between the mentioned driving hours per day was measured in this model, the underlying reasons need 

additional exploration.  

     Furthermore, the coefficient for the number of accidents the driver was involved in the last three years has the 

second most positive value. This implies that the higher the number of accidents the driver was involved in, the higher 

the driver’s DBI would become. This is somewhat in agreement with a  study in which the researchers found that the 

liability of an accident does not depend on a driver’s tendencies for making errors, but it depends mostly on a driver’s 

self-reported inclinations for not following traffic safety rules (Parker, Reason, Manstead, & Stradling, 1995). 

Consequently, the higher the likelihood of accident will be for a driver whose inclinations may have had already 

resulted in involvement with a previous traffic crash.  

     Lastly, the driving experience has the least positive impact on the value of the standardized RDI model. In a study 

by McKenna and Horswill, they identified self-ratings of a driver’s driving skills and the associated driving thrill to 
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affect the driver’s risky-driving behavior (McKenna & Horswill, 2006). Hence, the more experienced the driver, the 

higher the perception of skills and excitement triggering them to take more risks while driving. Besides, the driving 

experience is not an indicator of the age of the driver nor a measure of exposure for the driver. That is, a driver might 

have many years of driving experience, but he/she may have driven lesser than a driver who is young but has driven 

many hours per day. Consequently, the exposure of the younger driver would be much more than the older driver with 

just more years of driving experience. This could be one of the underlying reasons for the lower positive value of the 

coefficient of driving experience compared to the higher positive value of the coefficient of hours driven per day. 

     Although the model agrees with most of the popular findings in the literature, more research is needed to understand 

fully the impact of the combined effect of all the contributory factors. The underlying causes behind the implications 

of this model also needs to be studied further. Besides, the factors used in this model are basic and could be used for 

any region. Nonetheless, some other factors could be added to further improve and customize the model for other 

regions.  

 

4. Conclusion 
To sum up, in this paper a Ridge penalization-based generalized linear regression model for predicting a driver’s risky-

driving index (RDI) is proposed. This model provides a simple yet unique perspective to understand a driver’s risky-

driving behavior propensities based on the driver’s basic profile and driving history. It requires using standardized 

independent variables such as a driver’s gender, age, driving experience, the number of hours driven per day, and 

accident frequency to find an estimation of a driver’s RDI with a standard error of estimate equal to 0.713. Hence, the 

RDI could potentially be used as a tool to check performance of drivers for hiring, educating, licensing, law 

enforcement, and other purposes. However, the proposed model is based on data exclusive to Qatar and at best valid 

for regions and situations similar to it. Thus, cross-cultural validation is required to verify reliability of the proposed 

model for other scenarios.  
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