
 

 

ABSTRACT 

YU, ZHANG. An Empirical Assessment of the Role of Driver Motivation and Emotion 
State, and Driving Conditions in Perceived Safety Margins. (Under the direction of Dr. 
David B. Kaber). 

 

Models of motivation in driver behavior have been developed to predict driver 

performance under different conditions. Among existing models, Näätänen and 

Summala’s multi-dimensional threshold model (1976) was selected as basis for the current 

study. They proposed that driver behavior is modified based on the complexity of traffic 

situations and driver risk tolerance, which is influenced by driver motives and emotional 

states. According to this model, various factors may influence driver behavior, such as 

traffic patterns (other driver behavior) and driver motivation to comply with social norms, 

extreme emotions (e.g., urgency) and long-term emotional tendencies. The latter factor has 

been assessed using Driver Stress Inventories (Matthews, Desmond, Joyner, Carcary, & 

Gilliland, 1996). This model also indentified measures of change in driver risk-taking 

decisions, or safety margins, as being predictors of driver performance. 

The objectives of this study were to: 1) provide empirical evidence of the influence of 

motivation and emotional factors in driver risk-taking behavior; and 2) identify additional 

variables that might mediate the effects of motivational factors on behavior, including 

roadway environment complexity. The study examined the following specific factors: 1) 



 

 

traffic patterns, including traffic jam, school zone, normal traffic flow and speeding 

conditions to assess the influence of social norms on driver behavior; 2) payment systems, 

including time-based and performance-based compensation to assess the influence of 

extreme emotions on performance; and 3) environment complexity, including rural and 

city conditions to assess the influence of task difficulty on behavior. Response measures 

included safety margins and speed measures. Safety margins were measured by: 1) 

spatial variables, including headway distance (HW) and lateral distance (LD); and 2) time 

variables, including time headway (THW), time to collision (TTC) and time to line 

crossing (TTLC). Speed measures consisted of average speed, maximum speed and the 

percentage of time spent speeding.  

Ten participants drove in a high-fidelity simulator and performed daily driving tasks 

(e.g., lane maintenance). A split-plot experiment design was used with the whole-plot 

factors including environment complexity and the payment system. Traffic pattern was 

manipulated as the split-plot factor with each of the four patterns occurring during a 

single segment in a trial. Participants completed eight trials, including two replications of 

all combinations of complexity and payment system. Participants were also required to 

finish a DSI prior to driving.  

The experiment results revealed an effect of payment system. More risky driving 

behavior was associated with the performance- versus time-based system. The influence 

of environment complexity was also observed. Smaller safety margins appeared in the 



 

 

rural environment as compared to city. The effects of traffic pattern were significant 

across all response measures except TTLC: traffic jams led to minimum safety margins; 

speeding segments produced the highest driving speeds and largest safety margins; 

school zones were associated with conservative behavior, including lower speeds and 

larger safety margins. Furthermore, drivers were influenced more by other driver 

behavior in the city versus rural setting in terms of THW. Correlation analyses showed 

significant linear associations between long-term emotional tendencies and safety margin 

and speed measures.  

In summary, this research contributed to further development of motivational driving 

models by providing evidence of factors significantly influencing perceived safety margins 

and performance. The study also identified additional (lateral) measures for specifying 

safety margins. Future research should investigate a broader range of emotional factors 

that may influence safety margins. Long-term emotional tendencies should also be 

studied under a broader range of driving conditions. Additionally, future work might 

examine more diverse populations (beyond college students) to obtain a more 

comprehensive understanding of motivational/emotional factors in driving performance. 
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1 INTRODUCTION 

1.1 Objective 

The purposes of this study were to: 1) explore the influence of motivation and 

emotional factors in driver risk-taking behavior, as revealed through perceived safety 

margins; 2) identify “third variables” that might mediate the effects of incentive and 

emotional state on behavior, including driving environment complexity; and 3) identify 

measures of driver performance that allow for comprehensive specification of safety 

margins. A literature review was conducted on prior models of perceived safety margins 

in driving and key predictive factors were identified. On this basis, a set of hypotheses 

was formulated for a driving simulator-based experiment to develop empirical evidence 

of the role of specific factors in margins. The hypotheses were also aimed at testing 

additional individual and driving environment variables that might be influential in safety 

margins and driver risking taking behavior. 

1.2 Literature Review 

1.2.1 Driver Behavior Adaptation 

Driver “behavior adaptation” is a major concept in current traffic psychology 

research. How adaptation occurs is considered to be critical in design and development of 

new technologies to support driver and roadway information needs, successful 
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negotiation of different driving circumstances, and overall safety. The influence of 

perceptual and motor skills on driver behavior under different road conditions has been 

extensively studied. This research has led to the development of driver “skill models” for 

predicting behavior adaptation. However, driving, as a self-paced task, is not just limited 

to “skills”. Drivers determine their task demands to a large extent based on emotional 

factors and motivation to a goal. Furthermore, the safe completion of a trip is often taken 

for granted by drivers. Motivations, such as time goals, conservation of effort, 

maintenance of speed and progress, pleasure in driving, need to be taken into account in 

order to accurately model driver behavior. Hence, there has been an increase in research 

effort devoted to exploring the influence of motivation on driver behavior. These efforts 

have yielded several promising motivation models, and each of them captures certain 

aspects of driver behavior, as discussed in the following sub sections. 

1.2.2 Driver Motivation Models 

Numerous studies have been conducted to develop measures and models of 

motivation in driver behavior. Summala (2007) summarized two trends in this research 

area, including: (1) the motivation measurement approach, which attempts to identify 

measures to explain driver behavior; and (2) the proxemics approach, which explores 

driver behavior in spatial and time dimensions.  
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Motivation measure approach 

This approach can be broken down into two categories: (1) single dimension 

models, including the Wilde risk homeostatisis model (1982; 2005), Fuller task-capability 

model (2005), and Vaa multi-target model (2007); and (2) multi-dimensional models, 

including Näätänen and Summala’s threshold model (1976). 

Taylor (1964) first found a single motivation measure to explain driver behavior. 

He measured galvanic skin responses (GSR) in drivers who were driving under a wide 

range of road conditions. He concluded from his experiment that driving is a self-paced 

task governed by level of emotional tension or anxiety. However, because Taylor’s 

experiment (Taylor, 1964) also showed the influence of motor activity on GSR, it is 

difficult to distinguish from which sources the changes in GSR resulted. Consequently 

the validity of Taylor’s conclusion about emotion and anxiety in driving was questioned. 

Influenced by Taylor’s research (1964), Wilde (1982; 2005) developed a simple 

motivation model, called the risk homoeostasis model (also known as the risk 

compensation model) of driver behavior, suggesting that drivers consider goals and tend 

to target a certain level of risk in task performance. Wilde assumed that all behavior can 

be viewed as risk-taking behavior, and incorporated this assumption into a homeostatic 

system with a traditional optimizing decision model. This model is well-known for its 

safety predictions; that is, as safety features are added to vehicles and roads, drivers tend 
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to increase their exposure to collision risk because they feel better protected. However, 

the model was found to be insufficient for explaining accident statistics and daily driving 

decisions. That is, Wilde’s model only predicts changes in driver behavior as a result of 

perceived changes in risk due to vehicle modifications or laws related to driving safety, 

e.g., seat belt use or motorcycle helmet use. In addition to the limited prediction 

capability, most of the evidence to support Wilde’s model was also considered to lack 

validity (Robertson & Pless, 2002).  

Another example of a single-dimension model is Fuller’s (2005) task-capability 

interface (TCI) model, which predicts that drivers are sensitive to task difficulty and that 

they attempt to keep the experience of difficulty within a certain range in a homeostasis 

loop. This model starts with the self-evident truth that a loss of control by the driver 

necessarily arises when the demands of the driving task exceed available capabilities and 

that control is maintained when those task demands are less than the driver’s available 

capability. Hence, in order to avoid safety threats, drivers need to maintain the level of 

task-difficulty within a preferred range. In Fuller’s theory (2005), driving capability is 

bounded by the constraints imposed by the biological characteristics of the driver and 

constraints associated with driver cognitive capabilities. Driving capability is also related 

to education, experience, vehicle control skills and handling skills under challenging 

circumstances. Driving task demands are determined by physical environmental factors, 
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other road users, operational features of vehicles and a vehicle’s trajectory and speed. 

The most important control mechanism in the TCI model is to achieve preferred task 

demands through speed control. The model expects that task difficulty is correlated with 

driver speed. A second prediction of this model is that the estimates of statistical risk 

should be zero until task demands begin to approach driver capability limits. Fuller 

assumed that drivers manipulate their vehicle to reduce the feeling of risk, and his model 

is capable of explaining daily driving behavior when extreme emotions are not involved. 

However, Fuller’s assumption is somewhat irrational because of human performance 

limitations. Drivers do not always change their behavior under feelings of risk; for 

example, some drivers increase their speed when they feel depressed or excited.  

Similar to Fuller (2005), Vaa (2007) developed a target model of driver behavior, 

predicting that drivers may target certain levels of arousal, sensation, pleasure, security 

and workload, and adapt their behavior accordingly. Damasio (1994) developed a target 

feeling model, in which driving pace was identified as the factor dictating target feelings, 

and a driver’s body serves as the risk monitor (e.g., physiological responses). 

In general, single dimension models interpret driver behavior by comparing their 

risk-taking decisions to one or more “motivation” criteria and assume that these criteria 

remain constant. Although these models can explain certain aspects of driving, no single 

measure appears adequate to predict driver behavior under all conditions, and to apply 
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such models in automotive and transportation information technology development may 

be less than cautious. Therefore, there is a need to develop applicable measures which 

can be used to relate multiple driver motivation factors with driving action under a range 

of conditions and to provide a more robust basis for vehicle system design. 

Different from single dimension approaches, Näätänen and Summala (1976) 

developed a multi-dimensional threshold model of driver action. They proposed that task 

difficulty level is determined by drivers according to their motives, i.e., a driver changes 

their risk decision criteria in regard to different motivations. In their model, driver 

behavior is modified not only according to changes in the degree of difficulty of traffic 

situations, but it is also based on driver perceptions of risk in current tasks. This threshold 

model relies on three major assumptions, which distinguish it from any other single 

dimension approach: 1) “subjective risk monitoring” for present or anticipated risks is the 

major inhibitory mechanism in driver behavior; 2) drivers’ goals and motives push them 

towards limits; and 3) safety margins are key indicators of driver task control. In addition, 

driver goals play an important role in this model, because they determine the level of task 

difficulty. This model extends single-dimension models by assuming different risk-taking 

criteria for different driving tasks. The model also incorporates a measurable response on 

driver risk-taking behavior, specifically safety margins (see Section 1.2.4), which makes 
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it possible to translate driver motivation levels into physical units, i.e., time and space 

margins. 

Proxemics approach and Safety Zone 

Besides the motivation measure approach, another important way to understand the 

influence of motivational factors on driver behavior is to explore driver risk taking in 

vehicle control decisions in terms of both time and spatial dimensions. This approach 

came from early work by Hall (1966), called the proxemics approach, and Gibson and 

Crooks (1938) efforts on defining driving safety zones or safety margins. The safety 

margin is the core concept in this approach, dividing the time and space before a crash 

into three stages, including a comfort zone, safety zone and critical zone (see Figure 1.1). 

In the comfort zone, the driver detects the state of the system and the reaction time to 

avoid a possible accident (or to cope properly and safely with a given scenario) is very 

comfortable (easy to achieve). In the safety zone, the time pressure to maintain safety is 

greater and the driver must react quickly to effectively comply with the road scenario. 

The critical zone is the zone just before a possible collision. In this zone, the driver must 

react immediately with precise and correct maneuvers in order to avoid an accident. 

Safety margins determine how close drivers may come to a hazard condition and, in part, 

they dictate driver risk-taking in decisions. Safety margins are, in part, determined by the 
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resources of traffic systems (e.g., highway design). Sufficient margins are needed by 

drivers to feel safe and comfortable. 

 
Figure 1.1. Safety Margins: Comfort, Safety and Critical Zone. 

Näätänen and Summala (1976) considered safety margins, or time and space limits 

in vehicle control, to be the most important indicators for understanding driver survival 

behaviors and vehicle control variables. In this regard, they constructed a threshold model 

for safety margin management. This threshold model assumes that drivers normally feel 

full control over the task and no risk while driving. Corrective steering and speed 

adjustment actions are triggered at certain thresholds of safety.  

Several researchers have investigated this concept in experimental research, 

specifically assessing safety margins for normal, comfortable, and acceptable driving. 

Godthelp, Milgram and Blaauw (1984) observed a constant time distance (time-to-line 

crossing, see Section 1.2.4) over a broad range of speeds, when they instructed drivers in 



 

9 

open-road driving to correct their path only at the moment when it could still be corrected 

comfortably in order to prevent a crossing of the lane boundary. Ohta (1993) defined 

safety zones by measuring the headway time (see Section 1.2.4) when drivers followed a 

car under four instructions, including (1) “follow at a distance which you feel most 

comfortable”, (2) “approach until you begin to feel the distance is dangerous”, (3) 

“follow at the minimum safe distance”, and (4) “follow at a distance which you feel to be 

neither too far or too close”. Other studies include Van Winsum and Heino’s (1996) car 

following experiment concerning headway time and time to collision, and De Vos et al.’s 

(1997) investigation on minimum and comfortable headway time. 

It should be noted that the majority of the studies concerning safety margins 

attempt to assess both “safety zone” (“critical zone”) and “comfort zone” by using car 

following tasks. The car following task is suitable for assessing safety zones, because 

drivers can be pushed to extremes, i.e., the minimum headway distance and time they can 

afford and maintain safe vehicle control. However, to measure comfort zones, the car 

following task may not be effective. A driver only needs to follow the lead vehicle，which 

may be too simple of a task to obtain safety criteria for real-life driving. However, these 

studies do provide some insight on the correlation of the emotion state of “comfort”, with 

safety margin. The statistical linkage between driver emotion and driver risk-taking in 

decisions provides a way for modeling the role of motivation factors in driving behavior. 
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1.2.3 Emotional Aspects of Driving 

This section mainly describes how emotions are correlated with driver behavior. 

The subsequent section illustrates how motivational factors influence driver behavior by 

triggering emotions. 

One way to understand the effects of emotion on driver performance is to relate 

states of driving with emotions. Summala (2007) interpreted the influence of motivations 

on driving by relating emotions aroused by certain motivations with driver performance. 

In such research, emotion is often broken down into two dimensions, pleasure and 

intensity. Russell and Barrett (1999) developed a schematic map of ‘driving moods’ 

(illustrated in Figure 1.2). Comfort in driving was considered a pleasant experience 

without any strong emotions being triggered. For the purpose of maintaining comfort and 

feeling in control of a vehicle, Russell and Barrett say normal daily driving must be a 

fluid experience. It has been demonstrated that these hedonistic motives in driving, 

comfort and perceptions of control, play an important role in determining daily driving 

behavior(Näätänen & Summala, 1976). However, if these motives grow to driver pursuit 

of strong emotions, such as thrill-seeking, this can easily lead to hazardous behavior, 

including speeding. Even normal comfortable driving situations develop into negative 

safety events. In addition to pure mobility goals and the objective of a fluid driving 

experience, other motivations in driving, including being in a hurry, coping with social 
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pressure (caused by other driver behaviors) and competition, may affect drivers by 

arousing certain emotions, such as anxiety.  

It has been observed that normal everyday driving is largely a habitual activity, in 

which drivers attempt to stay within their comfort limits, with no feeling of risk or 

anxiety. This, in turn, is expected to lead to a stable vehicle state, occasionally disturbed 

by behaviors resulting from being in a hurry, frustration, aggression, etc. In general, the 

cognitive system provides fairly good judgments on comfort or safety zones, based on 

skills, which may be compromised by specific emotional states. Despite differences in 

daily driving behaviors, when experiencing extreme emotions or performing habitual 

driving tasks, extreme emotion states are considered to be the reason for driver safety 

margin changes. 

 
Figure 1.2. Driving moods as projected on the two-dimensional schematic map of core 

affects by Russell and Barrett (1999) (Routine, daily, comfortable driving includes moods 
ranging from contended to relaxed or calm.) 
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Various empirical studies have been concerned with how strongly emotions may 

intrude in human “risk” choices and how they should be represented in driver 

performance models. Acute emotional factors are usually considered to be components in 

risk-taking decisions (Slovic, Finucane, Peters, & MacGregor, 2004); however, findings 

of this research haven’t been directly applied to driving tasks. Hence, there is still a need 

to investigate the effects of extreme emotions triggered by motivations, other than 

comfort and motion control, on driver behavior. 

There may also be long term emotional tendencies, i.e., driver personality factors, 

dictating “risky” or “conservative” driver behavior. Previous studies suggest that an 

individual’s vulnerability to commonplace stress reactions during driving may disrupt 

driver performance and reduce safety. This finding is compatible with both emotion 

modeling approaches discussed above, i.e., (1) for the extreme emotion approach, long 

term emotional tendencies partly determine what level of risk the driver will take in order 

to maintain a pleasant feeling, and (2) for the habitual activity approach, long term 

emotional tendencies will determine the stable state for daily driving. With this in mind, 

long-term emotional tendencies are not only compatible with emotional models of 

driving behavior; but they are essential elements to interpreting driving behavior from the 

view of emotions.  
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The Driver Stress Inventory (DSI) has been developed to evaluate driver stress 

dispositions based on long-term driving experiences. There are five major dimensions of 

the DSI, including: aggression, dislike of driving, hazard monitoring, thrill seeking and 

fatigue. This inventory has proven effective for evaluating driver stress reactions and 

associated driving performance (Matthews et al., 1996). However, these long-term 

emotional tendencies or stress states have only been related to accident involvement, and 

there is a need for a more complete understanding of driver stress in behavior.  

Emotions aroused by motivations can influence driver safety decisions, although 

the effects of strong emotions have not been fully explored. It is hard to judge which of 

the two emotional approaches (extreme emotions and habitual activity) is more promising 

for predicting driver safety. However, the extreme emotion approach can better map 

emotions with motivations, as compared to the habitual activity approach, because each 

motivation has a corresponding emotion. Furthermore, the emotions in the extreme 

emotion approach change more naturally than in the habitual activity approach. For 

example, according to the extreme emotion approach, if a driver feels pleasant for a long 

time, his/her arousal level will decrease, i.e., drivers may be less focused on their 

motivation for safe driving, which, in turn, may lead to drowsiness and unpleasant events. 

In contrast to this, according to the habitual activity approach, it is difficult to interpret 

this type of situation, because daily driving can be relatively emotionless and there are no 
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extreme emotions contributing to the decreases in driver capability to maintain driving 

safety. Related to this, the following two sections provide two examples of how the 

motivation of maintaining comfort and feelings of control influence peoples’ daily 

driving behavior, including complying with social norms and adapting to different levels 

of roadway environment complexity. 

Social Norms 

Summala (2007) observed that safety margins are dictated by social norms, vehicle 

and road system design, and rules of the roadway. Because rule following is a major 

motivation for safe driving and not getting fined, compliance with rules makes drivers 

feel “comfortable” or “pleasant”. Summala (2007) discussed that compliance with rules 

(e.g., speed limits) is based not only on the law, but also on social norms. Interestingly, 

social norms may differ a lot from what is defined by the law. For example, drivers tend 

to maintain closer headways in high density traffic, as many drivers are uncomfortable 

with large headways in this situation due to the distance being outside the social norm to 

which they are accustomed (Ohta, 1993). Drivers may tend to stay in a pursuit zone 

(within 1.7s headway time of a lead vehicle) as maintaining a larger headway may feel 

“too far” for them in high-density traffic. In addition to this, Haglund and Åberg (2000) 

have found that driver behavior is closely linked to the behavior of other drivers; that is, a 

driver who perceives others to drive at excessive speeds is also more likely to drive fast 
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than a driver who perceives others to comply with the limits (Ulfarsson et al., 2001). 

However, the above studies were all observational studies on real-life driving 

environment conditions. In such research it is almost impossible to investigate the 

influence of specific traffic patterns on driver safety margins. Thus, the findings of these 

studies are limited by the traffic environments/conditions under which the experiments or 

investigations took place.  

The role of environment complexity in safety margins 

The complexity of road conditions may affect drivers’ selection of preferred time 

margins, in addition to changes in social norms. For instance, although interstates are 

designed for smooth flow, which may lead to perceptions of less complexity and the need 

for smaller safety margins, lane changes are performed less often and with lower urgency, 

as compared to local highways (Olsen, 2003).  

Increased lane changes on local roads may lead to the perceived need for greater 

safety margins. It has been well documented that visual clutter due to complexity of the 

environment may affect driver visual attention and other cognitive capabilities, leading to 

different perceived safe distances to surrounding vehicles. Driving under complex 

conditions, drivers may perceive the need for larger safety margins in order to 

compensate for demands on cognitive resources. Interestingly, it has been observed that 

drivers perform more lane change maneuvers under complex environments. This may be 



 

16 

explained by driver motivation to conform with social norms, i.e., high-traffic density in 

urban environments, for example, may cause feelings of frustration leading to lane 

changing and reduced headways (Ohta, 1993). The visual clutter due to roadway 

complexity and the need for following social norms may actually contrast with each other 

in determining driver safety margin perceptions. Therefore, the effect of complexity on 

driver motivation is not fully understood. 

1.2.4 Safety Margin Measures 

Safety margin is an essential element of Näätänen and Summala’s threshold model. 

Motivation and emotion factors influence driving behavior by altering drivers of the need 

for safety decisions, i.e., the range of perceived safety zones or margins lead to driving 

decisions. The following sections summarize the common measures of safety margins 

that have been adopted in a number of studies. In general, safety margin measures can be 

classified into two categories, including space-related variables and time-related 

variables. 

Space-related Variables 

The distance from a crash is an essential variable in vehicle safety. For example, 

on a two-lane road, almost certain death will occur when a driver detects a potential 

accident when following a heavy vehicle by 2 to 3 meters. A general rule of thumb for 

safe minimum following distance is one car length for every 10mph. However, previous 



 

17 

research concerning safety distance only took headway distance (HW) into account in 

defining safety margins. In real driving conditions, drivers need to manipulate vehicles 

through traffic, pedestrians, etc. They frequently perform lateral vehicle maneuvers to 

achieve certain goals, e.g., passing a car in front of them. Thus, a more comprehensive 

understanding of safety distance needs to be developed including lateral separation 

variables.  

In addition to the area forward of the vehicle, the rearward adjacent lane area is 

also important for driver safety. Based on prior literature, Olsen (2003) included the rear 

zone his driver safety decision model, which focused on driver lane changing maneuvers. 

The rearward area, as defined by Olson, is divided into a proximity zone (PZ) and a fast 

approach zone (FAZ). The PZ generally includes the blind spots and the immediate areas 

beside and behind the subject vehicle. It is the area in the adjacent lane from 4 feet in 

front of the front bumper of the vehicle to 30 feet behind the rear bumper of the vehicle. 

According to Olsen (2003), the most frequent lane change crash scenarios occur in the PZ. 

In these cases, there is little or no longitudinal gap (small space margins between vehicles) 

and the velocity differential is small. The FAZ is the area in the adjacent lane from 30 to 

162 feet behind the rear bumper of the vehicle. A vehicle in this zone would only have 

between 0.3 s to 1.6 s of time headway from the subject vehicle (given a speed of 

68.2 mph  (100ft/s)).  
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In general, the PZ and the FAZ define areas that should be monitored before lane 

change initiation, namely the rearward area. The PZ does include some portion of the 

front area and side areas of the vehicle. Olsen (2003) only used the PZ and the FAZ to 

predict the severity of an accident. There is a need for future research to define a safety 

margin measure for the rear zone and side areas of vehicles. 

Time-related Variables 

The role of available time in the safety margin concept is strongly related to the 

workload perceived by drivers. Among the dimensions of cognitive workload, time 

pressure is critical when a human is in motion, especially in a driving task 

(Taieb-Maimon & Shinar, 2001). Consequently, time is usually a preferred variable (over 

distance) for describing safety margins. Typical time variables include time-to-collision 

(TTC) and time-to-line crossing (TLC), which describe the available longitudinal and 

lateral time-distance relationship between two vehicles, respectively, in a potential 

accident situation. Time to collision or time to contact (TTC) is the “time required for 

two vehicles to collide if they continue at their present speed and on the same path”. The 

minimum TTC (TTCmin) is the actual time elapsed during the approach of two vehicles. 

This is considered to be an indicator of the severity of a collision (Hayward, 1972). 

Shorter TTC indicates that drivers are more likely to have an accident. Horst (1990) 

evaluated TTC in normal and critical encounters between road users in several empirical 
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studies. He provided values for TTC that should be avoided in normal traffic conditions. 

A 1.5s reaction time (including the time needed for foot movement) and an average 

braking time of 2.5s results in a TTC-criterion of at least 4-s for safety in following tasks.  

Determining TTC requires two steps: (1) detecting whether both vehicles have a 

mutual collision course, and, if so, (2) calculating the TTC at moment t=T. If the 

trajectory of both vehicles is straight, the TTC can be easily calculated by using Equation 

(1) (Zhang, Antonsson, & Grote, 2006), where, R is the range, i.e., the bumper-to-bumper 

distance between the two vehicles;  is the range rate or closing speed of the 

two vehicles. 

 R RTTC = =
-RR v∆

 (1) 

A more sophisticated calculation has been identified by Horst (1990), as illustrated 

in Figure 1.3 (A). When two road users are approaching each other, there will be an area 

of potential intersection S, defined by the dimensions of the two vehicles. Based on 

instantaneous speed, acceleration and heading-angle, TTC can be calculated accordingly. 

The computation depends on the specific conditions of a potential collision situation. 

Figure 1.3 (B) illustrates six types of potential collisions, given that two vehicles are 

approaching with an acute angle. In addition, both rear-end and head-on approaches 

require different TTC computations, i.e., the former concerns the difference in vehicle 

speed and the latter concerns the summation. TTC may also be based on the summation 
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of the approaching angles and relative positions and differences in speed among two 

vehicles.  

  
 

(A) (B) 
Figure 1.3. Space representation of two cars on a collision course (A) and types of 

potential collisions (B) 

Beyond TTC, time headway (THW) can be thought of as a margin of safety, which 

is defined as the elapsed time between the lead vehicle passing a point on the roadway 

and the following vehicle passing the same point. Time headway is calculated as the 

range between the two vehicles divided by the speed of the following vehicle 

(McLaughlin, 1998). The conventional “two-second rule”, which is often taught in driver 

education classes, is based on headway time calculations. 

On the basis of headway time, Ohta (1993) defined safety margins in four zones 

(this is slightly different than other safety margin definitions). Ohta’s zones included a 

danger zone, similar to the critical zone mentioned above, i.e., when a following vehicle 

is within 0.6 s of the a lead vehicle. In the danger zone, drivers usually experience a 
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feeling of danger of a collision with the vehicle ahead. The critical zone is the zone just 

outside the danger zone; similar to the safety zone mentioned above. This zone occurs 

when the headway time between the lead and following vehicle is from 0.6 s to 1.1 s. 

This represents a distance between the danger zone and the minimum subjective safe 

distance border. The normal driving zone, similar to the comfort zone mentioned above, 

is associated with a headway time ranging from 1.1 s to 1.7 s  the minimum subjective 

safe distance (1.1 s) and the distance drivers feel is not too far or near to the vehicle 

ahead (1.7 s). The pursuit zone is beyond the normal driving zone and has a headway 

time > 1.7 s. 

Findings on observed headway time vary among studies because of different 

settings and driving conditions. For example, Taieb-Maimon and Shinar (2001) revealed 

that 25% of drivers adopt a minimum-time less than 0.5s and all drivers adopt 

comfortable headway times less than 2s, or less than the recommended two-second rule 

in most licensing manuals. In contrast to this, Van Winsum and Heino (1996) reported a 

preferred-time headway of 2 s. However, researchers agree that drivers are able to adjust 

headway distances in relation to speed to maintain a constant headway time. To 

distinguish TH from TTC, Fuller’s (1981) definition for THW will be adopted in this 

research (see Equation (2)). R is the range or the bumper-to-bumper distance between the 

two vehicles;  is the speed of the subject vehicle. 
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H

RTH
v

=  (2) 

The efficiency of THW and TTC to detect changes in perceived safety margins has 

not been compared in prior research work. Most studies have adopted only one of these 

two measures. In order to recommend measures for sensitively and accurately describing 

perceived safety margings, it is necessary to make comparisons of such measures with 

each other in a single study.  

Time to line crossing (TLC) is another temporal variable that can be used to 

describe safety margins and is defined as the time duration available for the driver before 

any lane boundary crossing. Previous studies outlined the importance of this indicator for 

both driver performance evaluation and lane departure characterization. Usually rapid 

decreases in TLC are related to a loss of vehicle control (Godthelp et al., 1984). 

Compared to TTC, the computation of TLC is much more complicated. Mammar (2006) 

discussed this computation for two types of road geometry: straight and curved, with and 

without non-zero steering angles. If the lateral speed of a vehicle is available, the 

computation of TLC, based on a straight road approximation and straight vehicle 

trajectory, can be simply expressed as: 

 
2 2l l l ll

TLC
l

v v y
t

γ
γ

+ +
=  (3) 

 Distance from the left (right) boundary of the lane to the front left tire (meters). 
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Lateral speed (meters per second).  

Lateral acceleration (meters per second squared) 

TLC ignores the effects of on-road traffic when evaluating driver “risk-taking 

decisions”. However, negotiating other traffic is one of the most important motivations in 

daily driving. If no possible hazard or adjacent vehicle is present, the lateral position of 

the vehicle will not be related to a driver’s “risk-taking decision”. Thus, in the present 

study, time to lateral contact with vehicles in adjacent lanes (TTLC) was investigated as a 

complementary measure to TLC. This measure can be considered as the perceived lateral 

safety margin for assessing the influence of on-road traffic on driver vehicle control. 

TTLC can be calculated similar to TLC: 

 
2 2l l l l

TTLC
l

v v y
t

γ
γ

+ +
=  (4) 

 LD, distance from the left (right) side of the subject vehicle to the right (left) side of a 

vehicle in an adjacent lane. 

Lateral speed (meters per second).  

Lateral acceleration (meters per second squared) 

TTLC can also be simply approximated by: 

 l
TTLC

l

yt
v

≈  (5) 
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2 RESEARCH CHALLENGE 

“Behavior adaptation” in driving is not yet fully understood, in part, because of the 

lack of empirical exploration of motivational and emotional factors in perceived safety 

margins. Referring to Näätänen and Summala’s threshold model (1976), driver 

motivation is postulated to influence driver emotion, and hence, may push drivers 

towards hazardous behavior, e.g., shortening safety margins. Vehicle safety margins are a 

primary indicator of driver continuous task control and risk-taking in decisions in real 

driving. Safety margins include a comfort zone, a safety zone, and a critical zone. 

Existing research findings reveal that drivers usually keep themselves in a comfort zone 

for the purpose of being safe. Hence, in normal driving, drivers change their criteria for 

comfort based on different motivations and emotions.  

The threshold model is a reasonable and feasible approach to mapping driver 

motivation and driving behavior. However, empirical evidence is still insufficient to 

support this model in terms of several aspects, including: (1) there is no prior research 

concerning the effect of extreme emotions on driving behavior; (2) the understanding of 

social norm effects on daily driving is limited to car following tasks, which are much 

simpler than real driving ; (3) prior research has observed speed measures, which are not 

critical for describing safety margins; (4) the power of safety margin measures has not 
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been thoroughly studied  which measures (e.g., TTC, THW, etc.) are more sensitive 

and can reflect safety margin changes across varying conditions remains unknown. 

It is difficult to provide empirical evidence to support a safety threshold model, 

like Näätänen and Summala’s, by conducting traditional laboratory studies. Summala 

(2007) observed that many laboratory studies have misinterpreted different types of 

evidence on driver behavior. One reason for this is the use of driver surveys and simple 

experiment designs. Even simulated driving studies may not be sufficient to capture 

driver emotional experiences, compared to on-road driving experiences, because hazards 

are not true and social pressures are not real, etc. Summala suggested that for driving 

research to effectively test hypotheses on driver behavior, experiment trials should be 

conducted under real-life circumstances. However, it should be noted that models like 

Summala’s are extremely complex to base solely on real-life driving experiences and 

some driving conditions of interest in model validation may not be investigated with a 

guarantee for test driver safety in real-world environments. Various factors, including 

environment and system features, may interact with the emotional factors that Summala 

identified in his theory, such as pedestrians and vehicle mechanical problems. Related to 

this, the emotional factors considered influential in safety margins can be divided into 

short-term feelings and long-term emotional dispositions, which are difficult to evaluate 

in real-life conditions.  
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Extracting the influence of emotional factors in driver behavior needs to start with 

controlled investigations using high-fidelity simulations. In addition to this, the empirical 

studies covered in Summala’s reviews either tested one driving condition, such as 

braking before a stopped object or lane crossing, or constrained driver reactions to 

pushing a button. The main caveat here is that although Summala advocated real-world 

investigation of driving behavior, all of the experiments he reviewed did not simulate real 

driving. 

This study took a high-fidelity simulation approach to investigate motivational 

factors in driver perceived safety margins. The goal was to quantify the influence of both 

motivation and emotion states on driver “comfort zones”. As shown in Figure 2.1, this 

study manipulated factors which contribute to determining daily driving activities and 

activities associated with strong emotions: 1) traffic patterns were controlled to simulate 

daily driving environments in which drivers apply their social norms; 2) levels roadway 

environment complexity were also expected to affect driver perceptions and their social 

norms; 3) incentive factors were expected to cause drivers to hurry. These manipulations 

of driver motivation were expected to change emotions and, consequently, safety 

margins. 
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Figure 2.1. Overview of research Approach. 

The research contributions from this study include: (1) empirical evidence of the 

influence of extreme emotions (urgency, hurry and tension) on driver risk-taking 

decisions by triggering emotions with incentive factors  Drivers received more rewards 

if they completed a goal within a certain time; (2) further understanding of the effects of 

social norms on driver behavior, i.e., how drivers change their comfort zone according to 

the surrounding traffic situation, by simulating different traffic patterns (other drivers’ 

behavior) and levels of environment complexity; and (3) comparison of multiple safety 

margins measures in terms of power and sensitivity for detecting changes in driver risk 

decisions, i.e., changes in the range of comfort zones. In general, the study was expected 

to provide empirical support for Summala’s threshold model by relating safety margin 

measurements to driver motivation and emotion states. 
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3 METHODOLOGY 

3.1 Apparatus 

A STISIM Drive™ M400 driving simulator (System Technology Inc., Hawthorne, 

California.), was used to present subjects with different driving environments and to 

assess their decisions on safety margins under various motivation and traffic conditions. 

The simulation was interactive and allowed drivers to control speed and steering based on 

visual and auditory feedback. The simulator included a modular steering unit with a 

full-size steering wheel, an adjustable speed-sensitive steering force-feel system, turn 

indicators and a horn, as well as a modular accelerator and brake pedal unit, and audio 

system. In addition, the simulator provided a 135 degree field of view of the driving 

environment through three 37 in. HDTV monitors. The simulator modeled a Ford Taurus 

with a drag coefficient of 0.32 and maximum braking rate of 1.4g. 

 
Figure 3.1. Setup of simulator. 
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The STISIM software allows for specification of driving tasks, complex traffic 

events and overall driving scenarios. Log data for each experiment trial was recorded by 

the STISIM Drive™ software and was used to analyze driver performance, including 

TTC, TTCL, number of speed limit violations and number of violations of traffic signals.  

3.2 Participants 

Based on pilot study results (mean responses and variations in driver performance 

under various conditions), a total of 10 participants were recruited for the study to ensure 

an alpha level of 0.05 (Type I error probability) and a test power (1 β− ) greater than 0.80 

for each of the fixed experiment manipulations. Participants were recruited through flyers 

and online postings. All participants were required to have a valid driver’s license with 

no restrictions and 20/20 vision or to wear corrective glasses or lenses. The recruitment 

of participants was balanced for gender.  

3.3 Driving Tasks 

Subjects were required to drive in a high fidelity simulated environment. Eleven 

different driving tasks, including three training tasks (see Section 3.8) and eight 

experiment tasks, were used in this research. Each of the tasks lasted for 12~15mins. 

During the experiment subjects performed the driving tasks without any distraction. The 

roadway in the simulated driving environment was marked with conventional lines, and 

equipped with conventional signs and traffic lights. Subjects were asked to do their best 
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in exhibiting normal, daily driving behaviors. Although there were speed limit and 

crossing signs along the road, no simulated enforcement for speeding was imposed on the 

subjects, aside from the sound of a police siren at intersections. There was no penalty in 

terms of subject compensation for speeding during the test trials. Subjects were allowed 

to drive slightly over the speed limit as they often do in real life driving. Because of the 

lack of a direct penalty, it is possible that driver behavior may have been more liberal, 

including higher than normal speeding rates and reduced safety margins compared to 

real-world settings. . However, it is likely that any such effects would have occurred 

across the test conditions. Beyond this, drivers were aware that speeding might also 

increase their chance of being in a crash and that they would not receive additional 

incentives for performance, if they collided with another car. 

The experiment exposed subjects to four traffic patterns (see Section 3.4.2), with 

two replications under a city and a country environment (see Section 3.4.1). Subjects 

were required to respond to the traffic patterns and the environments according to their 

own experiences. They were also required to respond to an incentive factor, i.e., act as if 

they were in a hurry when the incentive factor was active. The incentive factor was 

simulated by using different payment systems (see Section 3.4.3).  

A detailed layout of all the test trials is described in Section 3.5. Subjects were 

required to follow a predefined driving route, including three turn maneuvers. The route 
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was the same throughout all experiment tasks for all subjects. Subjects were informed in 

advance that no right turn was permitted on a red traffic light. 

3.4 Independent Variables 

3.4.1 Roadway Complexity 

Complex scenario:

Figure 3.2

 Participants were presented with an inner-city environment, 

including skyscrapers and large commercial buildings along the road. There were also a 

large number of pedestrians walking along the road. Certain sections of roadway also 

included school zones (see ). There were two lanes on each side (left and right) 

of the road, divided by double yellow lines (solid or dashed). Each lane was 10 ft. wide. 

There were 12 four-way intersections in the environment that divided the driving route 

into 13 blocks. Speed limits changed between intersections in all trials following the 

sequence 40, 20 and 40 mph, according to school zones, road configuration, etc. The 

speeds limits were used to encourage social norms under different traffic patterns and to 

influence driver behavior. Traffic lights at the intersections all had the same durations: 

yellow time was 4~5 sec; red time was 15~45 sec; and green time was consistent with red 

time. 
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Figure 3.2. Image of complex driving environment. 

Simple scenario

Figure 3.3

: Subjects were presented with a country scenario and simple 

driving environment, which included only a few houses, water tanks and barns along the 

road. The number of pedestrians was substantially less than in the city environment. 

Similar to the city environment, there were 12 four-way intersections in the environment 

that divided the driving route into 13 blocks. The roadway characteristics, including the 

traffic lights, were the same as in the city environment (see ). 

 
Figure 3.3. Image of simple driving environment. 
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3.4.2 Traffic Pattern 

Traffic patterns were used to assess the influence of behavior of other drivers, i.e., 

social norms and pressure on subject driver safety margins. Traffic patterns were 

simulated by manipulating traffic volume and traffic speed, as shown in Table 3.1. Four 

out nine combinations of traffic speed and volume, representing typical driving 

conditions, were examined in the current study. The four traffic patterns included traffic 

jam, smooth traffic flow at the speed limit (normal driving condition), speeding, and 

school zone. During the smooth traffic flow section, slow vehicles (traveling 10mph 

slower than the speed limit) occasionally appeared in each lane, forcing the driver to 

perform overtaking. Each of the four test patterns was presented in two street blocks 

(each 2500 ft. long) in each test trial. It was expected that this distance would allow 

subjects sufficient time to experience social norms according to traffic patterns and 

possibly conform.  

Table 3.1. Control factors in traffic patterns. 

Volume vs. Speed Slow 
(v<20mph) 

Normal 
(35~40mph) 

High 
(>45mph) 

High (>20 cars in views/min) Traffic Jam --- --- 
Normal (10~12 cars in views/min) School Zone Normal --- 

Low (5~7 cars in views/min) --- --- Speeding 

Note: The speed limit adopted in this study for normal driving was 40 mph. 
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3.4.3 Incentive Factors 

In half the test trials, drivers were motivated through a performance-based payment 

system. Drivers arriving at a predefined destination on-time and without accident 

received compensation more than double that received by those arriving late or having 

suffered any accident. The exact pay rate for drivers was $5/trial. In this way, driver 

motivation and emotional state (arousal) were manipulated. The motivation stimulus was 

offered in four of eight trials, and a regular time-based payment system was offered for 

the remaining four trials. The pay rate for drivers under the time-based system was $5/hr. 

3.5 Experimental Design 

A split-plot design was used for this study (Montgomery, 2006). As illustrated by 

Table 3.2, the whole-plot level of the design contained two factors, including driving 

environment complexity and states of driver motivation. Drivers were paid according to 

the time or performance-based payment systems under each environment. Driver 

exposure to each combination of factors was repeated twice (i.e., participants completed 

two trials under the time-based payment system in each driving environment, etc.). 

Participants were randomly assigned to start with either one of the two payment systems 

for four trials. They continued with the other payment system. The payment systems were 

not manipulated within trials, in order to allow sufficient time for the incentive factor to 

influence driver behavior. Each trial presented one of the two levels of complexity, i.e., 
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either rural or city. Environment complexity was balanced within payment system; that is, 

testing under each payment system involved two city scenarios and two rural scenarios. 

The order of driver exposure to the levels of complexity was assigned in such manner 

that half of the subjects began with the high complexity scenario and the other half with 

the simple scenarios. 

The reasons for using two replications of each whole-plot factor combination 

included: (1) the set-up procedures and training took at least 30 min to complete for each 

subject. Hence, to reduce the cost of the experiment, a small subject sample size was 

preferred; and (2) if the number of replications at whole-plot level was greater than two, 

the experiment would have required at least 4 hours per subject to complete. This would 

have created the potential for subject fatigue and an influence on the accuracy of 

experiment results. In addition to these issues, the subject sample size also needed to be 

divided evenly across genders. As a result, after the pilot study, the formal experiment 

was planned to involve 10 subjects performing eight trials, instead of using other plans 

such as 20 subjects performing four sequences, etc. 

The subplot in the design, a single trial, contained four types of traffic patterns, 

including the traffic jam, smooth traffic flow under a low speed limit (school zone), 

smooth traffic flow at the speed limit, or over the speed limit. There were 10 blocks in 

each simulated driving environment. As previously mentioned, each traffic pattern was 
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featured in each of two blocks. The first and last blocks of a trial were always smooth 

traffic flow at the speed limit. The remaining eight blocks of a trial were randomly 

assigned to one of the four traffic patterns. Data was only collected from the 2nd block 

until the 9th block of a trial (see Figure 3.4). For each traffic pattern segment, data 

collection did not begin until the subject’s vehicle was 300ft into segment. Table 3.2 

provides examples of traffic pattern sequences that were used in the experiment. The 

frequency of occurrence of sequences in the design was balanced to address carryover 

effects from one traffic pattern to another under a particular incentive system and 

complexity condition combination. 

Table 3.2. Experiment design. 

Payment System 
(Incentive Factor) 

Regular Payment Performance-based 
Payment 

Complexity City Rural City Rural 
Traffic Pattern (Social norm) 

 
Sample 

1 2 1 2 1 2 1 2 
A. Traffic Jam  A B C D C D A B 
B. Smooth traffic flow under low speed limit B C D A D A B C 
C. Smooth traffic flow at speed limit  D A B C B C D A 
D. Smooth traffic flow over speed limit (Speeding) C D A B A B C D 
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Data CollectionSTF=V STF=V

TJ / STF>V / STF=V / STF=LV  

TJ: Traffic Jam 

STF>V: Smooth traffic flow over speed limit (Speeding) 

STF=V: Smooth traffic flow at speed limit 

STF=LW: Smooth traffic flow under low speed limit(School Zone) 

Figure 3.4. Test trial diagram. 

3.6 Response Measures  

The dependent variables in this study included: (1) Space safety margins, including 

HW (headway distance) and LD (lateral distance to the vehicle in an adjacent lane); (2) 

Time safety margins, including THW (time headway), TTC (time-to-contact with lead 

vehicles) and TTCL (lateral time to contact with the vehicle in the adjacent lane); (3) DSI 

(Driver Stress Inventory); and (4) speed measures, including maximum speed, average 

speed, and percentage of time in violation of the speed limit. 

3.6.1 Safety Margins 

The lateral distance between a vehicle in an adjacent lane and the participant’s 

vehicle under normal driving (LD), as well as the headway distance (HW), were 

considered as measures of space margin. Whenever drivers passed or approached a 
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vehicle, a minimum separation distance was recorded. The minimum value of these 

observations was used for analyzing the influence of traffic patterns on driver behavior. 

With respect to measures of time margin, the THW was calculated using Equation 

(2), i.e., the ratio of HW between two vehicles and the difference in their speed. TTLC 

was calculated using Equation (1), i.e., the ratio of range rate (or closing speed) of the 

two vehicles and the speed difference between a driver’s vehicle and lead vehicles. TTLC 

was calculated as defined by Equation (5). Similar to space margins, whenever 

participants approached or passed anointer vehicle, the minimum values for THW, TTC 

and TTLC was recorded. The minimum values of these observed values were considered 

as measures of time margins and used for analyzing the influence each traffic pattern on 

driver behavior. 

3.6.2 Driver Stress Inventory 

Driver long-term emotional tendencies were captured using the DSI questionnaire. 

In completing the DSI, subjects provided responses to items using visual analogue scales 

(VAS) on which they rated their degree of agreement or disagreement with statements. 

Each item of the DSI was scored by finding the numerical scale value closest to the point 

drawn by a subject on the VAS. This was determined for all items. Example items on the 

DSI included: “Are you a confident driver?” The complete DSI questionnaire is shown in 

APPENDIX A.  



 

39 

In the version of the DSI adopted in this study, half of the items for each scale 

were reverse-scored. The ratings or scores for each item were then summed according to 

five driver stress vulnerability traits: aggression, dislike of driving, hazard monitoring, 

fatigue proneness, and thrill-seeking. The scores were adjusted using a scaling factor that 

transforms the values to a 100 point scale, similar to the approach described by Matthews 

et al (1996).  

3.7 Experiment Procedures 

The experiment consisted of two sessions, namely training and formal testing. The 

procedures were as follows:  

(1) Completion of an Informed Consent Form 

(2) Demographic survey: Subject’s name, age, gender, driving experience, etc. were 

recorded. (Any personal information collected through this survey was not included 

on any other forms as part of the study.)  

(3) Subjects were asked to complete the Driver Stress Inventory (DSI) form to obtain 

their stress disposition towards personality for driving  

(4) Familiarization of participants with the driving simulator: A verbal introduction was 

given on the simulator. In this step, participants were also introduced to the 

performance-based payment system. 
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(5) A simulation sickness questionnaire (SSQ) was administered before the training 

session to obtain subject pre-exposure-scores (Kennedy, Lane, Berbaum, & Lilienthal, 

1993).  

(6) Driving practice in the training scenario: Subjects were instructed to adjust the 

driving simulator seat according to their height. They were then asked to drive 

through the training simulation environment, obeying all traffic laws. After one trial, 

subjects were asked to drive in a second scenario, intended to familiarize them with 

judgments of distance in the simulation environment. Further, subjects were asked to 

perform a third training session to familiarize them with passing maneuvers.  

(7) A simulation sickness survey was conducted after the three training sessions to record 

subject post-exposure scores. 

(8) Formal testing: Eight 13-min trials were conducted with each subject. The total time 

for formal testing was approximately 2 hours per subject.  

(9) The SSQ was administered after each test trial. The resulting scores were compared 

with a subject’s score on the pre-exposure SSQs. If the scores indicated that the 

subject was suffering from simulator-sickness, according to criteria previously 

recommended by Kennedy et al.(1993), another SSQ was administered after 

20-minute for up to an hour. If the subject demonstrated no significant sickness, a 

new trial was initiated after a 5-min break. 
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(10) Between the fourth and fifth trials, a reminder on the performance-based payment 

system was delivered to subjects, i.e., they needed to reach the defined destination as 

quickly as possible without accident to essentially double their pay. 

(11) Completion of the experiment: Finally, the researcher thanked the subject for their 

time and gave them an honorarium.  

3.8 Details on Driver Training 

The training session included three driving trials under the simple driving 

environment. The first training trial consisted of only a two-lane road with horizontal 

curves, intended to familiarize subjects with the simulated vehicle responsiveness and 

turning. Subjects were required to follow a lead vehicle to ensure they had sufficient 

driving skills for maintaining a lane. The leading vehicle changed speed according to the 

subject vehicle speed. The second training trial included a two-lane road on which a lead 

vehicle varied its speed according to a sinusoidal speed profile. This trial was intended to 

familiarize subjects with distance judgments in the simulation. In the first half of the trial, 

the subject driver was asked to catch-up with the lead vehicle, until they felt the distance 

was unsafe and then to maintain a specified following distance. In the second half of the 

trial, the driver was asked to maintain a distance from the lead vehicle at which they felt 

comfortable. The third training trial was aimed at familiarizing drivers with passing 
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maneuvers. Subjects were asked to follow a car at a comfortable distance and, after the 

lead vehicle slowed down, they were asked to overtake it. 
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4 HYPOTHESES 

Hypothesis 1  Influence of incentive factors 

Hypothesis 1.1  It was expected that there would be significant differences in both 

space margins and time margins under the two types of motivation stimuli, i.e., 

the performance-based or time-based payment systems. Because of the influence 

of strong emotions on driving behavior, drivers were expected to demonstrate 

more risky behavior under the performance-based system, including smaller space 

and time margins. This was expected to translate to decreased HW, LD, TTC, 

THW and TTCL. 

Hypothesis 2  Influence of complexity  

Hypothesis 2.1  In the complex driving scenario, it was expected that drivers would 

maintain shorter space margins (HW, LD) compared to the simple scenarios. 

Drivers were expected to feel more pressure to shorten the gap between their 

vehicles and lead vehicles in a city environment compared to a rural environment. 

Hypothesis 2.2   In the simple scenario, drivers were expected to maintain greater 

space margins, due to a decrease in social pressure. However, shorter time 

margins were expected in the simple scenarios, because drivers may drive more 

liberally in a rural environment compared to the city environment. 

Hypothesis 3  Influence of traffic patterns  
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Hypothesis 3.1  When driving in school zones, drivers were expected to maintain 

the largest space margins and time margins compared to the other three traffic 

patterns. There is generally a conservative social norm where driving in a school 

zone, based on the possibility of an accident with pedestrians (normally children), 

or a higher fine for speeding in a school zone. 

Hypothesis 3.2  Smooth traffic flow at the speed limit was expected to cause normal 

speeds and relatively larger space margins. Under this traffic pattern, there is also 

a relatively conservative social norm based on the potential for accidents and 

coping with the behaviors of other drivers. 

Hypothesis 3.3  Traffic jams were expected to lead to minimum space margins 

across the levels of environment complexity, as compared to the other three traffic 

patterns. Drivers were expected to feel conflicts between their motivation 

(reaching a destination) and slow traffic around them. These conflicts may cause 

strong emotions, such as frustration and aggression, which encourages some 

drivers to take more liberal actions. In addition, drivers may feel more social 

pressure to minimize the gap between their vehicle and other vehicles. 

Hypothesis 3.4  Smooth traffic flow above the speed limit was expected to produce 

the highest number of speed violations. Smooth traffic flow above the speed limit 



 

45 

may also lead to a short time safety margins, because of a more liberal social 

norm. 

Hypothesis 4  Interaction of complexity and traffic patterns 

Hypothesis 4.1  In the complex driving scenario with high traffic density and visual 

clutter, when driving under smooth traffic flow conditions, drivers were expected 

to focus more on the behaviors of other drivers. The influence of social norms 

was expected to be stronger than the influence of visual environment clutter. 

Consequently, higher speeding rates were expected when other drivers were 

driving above the speed limit even with high visual scene density. In general, the 

effect of social norms, induced by traffic patterns, was expected to be stronger 

than the effect of environment complexity and visual scene clutter on driver 

behavior. 

Hypothesis 5  Correlations between DSI traits and risk-taking decisions 

Hypothesis 5.1  High proneness to aggression and thrill-seeking was expected to be 

correlated with risky driving behavior, i.e., drivers who are more aggressive and 

who are seeking thrills were expected to produce smaller safety margins and 

higher speeds.  
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Hypothesis 5.2  Due to high vigilance of the surrounding driving environment, 

drivers who scored high in hazard monitoring were expected to produce larger 

safety margins, especially larger time safety margins. 

Hypothesis 5.3  Higher scores in fatigue proneness were expected to correlate with 

smaller time safety margins, because fatigue may lower driver attentiveness and 

reaction speed. 
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5 DATA ANALYSIS 

5.1 Data Validation 

Due to the complexities of the driving scenarios simulated in this study, several 

constraints were placed on the data for analysis: 

(1) The objective of this study was to assess the influence of motivation and 

emotional state on perceived safety margins, within which drivers normally feel full 

control over the task and no risk. If a crash occurred during the simulated driving trials, 

this indicated that a driver’s perceived safety margin was violated. Hence, the data 

collected in the section of the simulation in which a crash occurred was excluded from 

further analysis. As mentioned before, due to the lack of penalty for speeding in the 

simulation, drivers may have exhibited higher rates of speed for segments and, 

consequently, crash involvement was higher than would be expected in real environments 

(Cerrelli, 1989). This led to no data on speeding for particular segments that, in turn, 

might have caused a bias in estimation of speeding percentages. 

(2) Time to lateral contact (TTLC) data was computed only when a vehicle was 

present in an adjacent lane and the simulated participant vehicle had a lateral velocity 

towards the adjacent vehicle. A driver’s virtual vehicle was only considered to move 

laterally when the lateral speed of the vehicle exceeded 0.07ft/s (0.05mph). 
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(3) A general rule of thumb in driver education for minimum safe following 

distance is one car length for every 10mph. In this study, the simulated vehicle had a 

length of 12 ft., and the maximum driving speed that could be achieved was 81 mph; 

therefore, the minimum following distance required for the possible maximum speed was 

8×12=96 ft. In this experiment, none of the subjects reached a driving speed of 81mph. 

For data analysis purposes (e.g., computing HD or THW), if a lead vehicle was twice the 

minimum following distance ahead of a subject’s car (96×2=192 ft), the lead vehicle 

was considered to be out of the driver’s safety zone; that is, it was considered unrelated to 

driver perceived safety margins and behavior. 

5.2 Statistical Analysis Methodology 

Prior to any statistical modeling, data validation was conducted using normal 

probability plots, a normality test (Shapiro-Wilks test) and tests to check for homogeneity 

of variance. Multivariate analyses of variance (MANOVAs) were then conducted on 

response measures for which interrelations were expected, including both the space and 

time margins, and traffic violation measures. Analyses of variance (ANOVAs) were then 

conducted on any significant main effects and interaction effects revealed by the 

MANOVAs across response measures. For further analysis of significant effects, multiple 

comparison procedures (e.g., Tukey’s HSD) were performed on factors with three or 

more levels (i.e., traffic pattern).  
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The full ANOVA model for this experiment can be written as follows: 

( ) ( ) ( ) ( )  ( )  ( ) ( ) ( )i j ijijkr k ij k ij k ij k ij ijkrY P C T P C P C P T P C C T P C P C T P C eµ= + + + × + × + × × + × × + × × × +

Where, 

ijkrY : response variable (e.g., TTC and HW); 

iP : payment system (performance-based and time-based); 

jC : level of environment complexity (city and rural); 

( )( )k ijT P C× : traffic pattern (school zone, traffic jam, speeding zone and normal 

traffic) 

1,2i = ; 

1,2j = ; 

1,2,3,4k = ; 

1,2r = . 

Table 5.1 presents the general ANOVA table for the experiment design and the 

degree-of-freedom (DF) calculations for the various main effects and interactions. 

Table 5.1 Analysis of variance table for three-factor split-plot design 

Source Df Df 
Subject (random) m-1 9 
Payment systems 1 1 
Complexity levels 1 1 
Payment × Complexity 1 1 
Error(1) 7m-3 67 
Traffic pattern 3 3 
Payment × Pattern 3 3 
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(Table 5.1 continued) 

Complexity × Pattern 3 3 
Payment × Complexity × Pattern 3 3 
Error (2) 24m-12-n 228-n 

Note: m is the number of subjects, which depends on the desired power of the test and pilot study results. In 

this study, m=10; n is the number of data points (degrees of freedom required by the model) not available 

for analysis. 

In the case the original data set violated the assumptions of parametric tests 

(ANOVA), proper transformations on the response measures were considered, 

particularly the logarithm transformation. In some cases, when the transformations were 

applied to the data, the assumptions of the parametric tests were satisfied, including 

normality and constant variance. In those cases where the transformation was not 

effective for conforming the data with the test assumptions, non parametric test were 

used.  

The Mack-Skilling procedure (1980) is a distribution-free Friedman-type test 

statistic where block ranks (e.g., ranks within subject in this study) are taken as a basis 

for analysis. This procedure is suitable for block data having at least one replication for 

every treatment-block combination (i.e., there are no empty cells). When analyzing the 

effect of complexity and payment system, subjects were treated as blocks, and levels of 

roadway complexity or payment system was treated as the treatment. In each 
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treatment-block combination, 10~16 validated replications were observed. In this way, 

the Mack-Skilling procedure was applied to response measures, which failed to satisfy 

parametric test assumptions, in order to analyze the effect of complexity and payment 

system. 

The Wittkowski procedure (1988) is also a distribution-free Friedman-type test 

statistic. It is considered to be more appropriate for unbalanced block data (when there 

are empty cells in an experiment data table). In addition, the Wittkowski procedure is 

capable of generating consistent results for multiple comparisons among more than two 

treatment levels; whereas, the Mack-Skilling procedure leads to inconsistent 

multiple-comparison procedures. In this study, there were four different types of traffic 

pattern, which were considered as treatments in a two-way layout, non-parametric 

analysis. Each test trial included all four traffic patterns (the sub-plot factor) and trials 

were considered as the blocking factor. In each treatment-block combination, there was 

at most 1 validated observation, and some of the cells contained no validated after 

pre-screening of the data based on validation criteria (see Section 5.1). For example, if 

an accident occurred in a test segment, this indicated a driver¹s perceived safety margin 

was violated and no observations on the longitudinal and/or lateral margin measures 

were recorded for the specific segment. As a result, the Wittkowski procedure was used 

for analyzing the effect of traffic pattern on response measures, which failed to satisfy 



 

52 

parametric test assumptions and for which there was missing data. The procedure was 

also used to perform the multiple comparisons among traffic patterns. 

5.3 Correlation Analyses 

To assess the role of long-term emotional tendencies on perceived safety margins, 

correlation analyses on the DSI score and TTC, THW and TTCL measurements were 

conducted. Traffic violation data and speed measures, including the percentage of time 

speeding, maximum speed and average speed, were also correlated with DSI scores. 

These analyses explored the extent to which traffic margin selection influenced driver 

risk-taking behavior in terms of speeding violations. 
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6 RESULTS 

The mean age of the participants was 23.3 yrs. (SD=1.34). The average driving 

experience was 4 yrs (SD=1.56). 

6.1 Measures of Longitudinal Separation 

Safety margins in the longitudinal direction included headway distance (HW), 

Time headway (THW) and Time to collision/contact with lead vehicles (TTC). These 

responses, along with maximum speed, were included in a MANOVA for measures of 

margins in the longitudinal direction. MANOVA results revealed a significant main 

effect of payment system (p<.0001), complexity (p=.0001) and traffic pattern (p<.0001); 

a marginally significant effect of the two-way interaction of traffic pattern and 

environment complexity (p=0.0738); and a marginally significant effect of the three-way 

interaction of payment system, environment complexity and traffic patterns (p=0.0828) 

on the three response measures. Main effects of environment complexity and traffic 

pattern were pervasive across response measures. The effect of payment system was 

present for all responses, except TTC (see Table 6.1). 

Table 6.1. MANOVA results on measures of longitudinal safety margins (Time headway 
(THW) and Time-to-contact with lead vehicles (TTC)) and Maximum Speed. 

Source MANOVA THW_log TTC_log Max_speed 
Pay F(3,65)=9.31 

p=<.0001*** 
F(1,67)=15.98 
p=0.0002*** 

F(1,67)=3.51 
p=0.0654 

F(1,67)=15.73 
p=0.0002*** 
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(Table 6.1 continued) 

Source MANOVA THW_log TTC_log Max_speed 
Comp F(3,65)=7.99 

p=0.0001*** 
F(1,67)=14.91 
p=0.0003*** 

F(1,67)=12.6 
p=0.0007*** 

F(1,67)=6.92 
p=0.0106* 

Pay*Comp F(3,65)=1.44 
p=0.2389 

F(1,67)=2.88 
p=0.0941 

F(1,67)=1.11 
p=0.2962 

F(1,67)=1.16 
p=0.2859 

Pattern F(9,550.18)=69.54 
p=<.0001*** 

F(3,196)=9.4 
p=<.0001*** 

F(3,190)=4.83 
p=0.0029** 

F(3,219)=367.7 
p=<.0001*** 

Pattern*Comp F(9,550.18)=1.76 
p=0.0738 

F(3,196)=2.84 
p=0.0393* 

F(3,190)=1.53 
p=0.209 

F(3,219)=0.49 
p=0.6872 

Pattern*Pay F(9,550.18)=1.28 
p=0.246 

F(3,196)=1.23 
p=0.3001 

F(3,190)=0.85 
p=0.4706 

F(3,219)=0.45 
p=0.7162 

Pattern*Comp*Pay F(9,550.18)=1.71 
p=0.0828 

F(3,196)=1.26 
p=0.2905 

F(3,190)=3.02 
p=0.0312* 

F(3,219)=1.14 
p=0.3331 

Note: Pay =Payment system; Comp = Environment complexity; Pattern = Traffic pattern 

Note: *p<.05, ** p<.01, *** p<.001 

Time head way (THW): A logarithmic transformation was applied to this response 

to address violations of ANOVA assumptions. The transform was successful in 

upholding the normality and constant variance assumptions: ANOVA results indicated 

that payment system (F(1,67)=15.98, p=0.0002), environment complexity (F(1,67)=14.91, 

p=0.0003) and traffic pattern (F(3,196)=9.4, p=<.0001) all had significant effects on the 

THW; the two-way interaction of complexity and pattern was significant as well 

(F(3,196)=2.84, p=0.0393). Figure 6.1 indicates that drivers tended to maintain shorter 

THW under the performance-based payment system compared to time-based payment 

system. Figure 6.2 indicates that drivers tended to maintain shorter THWs in the rural 
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scenario compared to the city scenario. Figure 6.3 presents Tukey-Kramer’s test results 

on the significant traffic pattern effect. Longest THWs were observed when other 

vehicles exceeded the speed limit, whereas shortest THWs were observed when drivers 

drove in a traffic jam. Figure 6.4 presents the two-way interaction plot for traffic patterns 

and environment complexity. The post-hoc grouping of THW means is also shown in 

Figure 6.4. Drivers maintained shorter THW in a jam across the two levels of 

environment complexity, as compared to other traffic patterns. In addition to this, drivers 

had shorter THW when driving in the rural vs. city scenario under all four traffic patterns. 

The post-hoc analysis using Tukey-Kramer’s test for the two-way interaction of 

environment complexity and traffic pattern, revealed that drivers maintained longer THW 

when driving in the school zone and when other vehicle speeds were above the speed 

limit under high complexity scenarios compared to driving in a traffic jam, in a school 

zone or among other vehicles maintaining the speed limit.  

 
Figure 6.1. Least square means for time headway by payment system (motivation factor). 
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Figure 6.2. Least square means for time headway by complexity condition. 

 

Figure 6.3. Least square means for time headway by traffic pattern. 

Note: Data points in graph with same letter are not significantly different. 

 
Figure 6.4. Least square means of Tukey’s post-hoc results for two-way interaction of 

traffic pattern and complexity. 

Note: Data points in graph with same letter are not significantly different. 
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Time to collision (TTC). A logarithmic transformation was also applied to this 

response. The transformed data conformed with the assumptions of the ANOVA. 

ANOVA results indicated that the environment complexity (F(1,67)=12.6, p=0.0007) and 

traffic pattern (F(3,190)=4.83, p=0.0029) had significant effects on TTC. The three-way 

interaction of payment system × complexity × traffic pattern also had a significant 

influence on TTC (F(3,190)=3.02, p=0.0312) . Figure 6.5 indicates that drivers tended to 

maintain shorter TTCs, under the rural scenario compared to the city scenario. Figure 6.6 

presents Tukey-Kramer’s test results on the significant traffic pattern effect. When other 

vehicles exceeded the speed limit, drivers maintained longer TTC compared to when 

other vehicles conformed with the speed limit or when the subject driver was in a traffic 

jam. Figure 6.7 shows the Tukey-Kramer’s test results for the significant three-way 

interaction of complexity, payment system and traffic pattern. The shortest TTC appeared 

when drivers were driving in a traffic jam and were paid based on their performance 

under a rural scenario, as compared to driving in a school zone or a speeding section 

under the city scenario, regardless of the type of payment system. In addition to this, TTC 

was significantly lower when drivers were driving in a school zone and were paid based 

on their performance under the rural scenario, compared to when driving while other 

vehicles were speeding under the city scenarios, regardless of the payment system.  
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Figure 6.5 Least square means for TTC by complexity condition. 

 
Figure 6.6. Least square means for TTC by traffic pattern. 

Note: Data points in graph with same letter are not significantly different. 

 
Figure 6.7. Tukey's Test results on TTC. Plot shows the post-hoc analysis results for 

significant three-way interaction effect of payment system, complexity and traffic pattern. 

Note: Data points in graph with same letter are not significantly different. 
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Maximum Speed: A logarithmic transformation was also applied to this response. 

The transformed data conformed with the assumptions of the ANOVA. ANOVA results 

revealed that payment system (F(1,67)=15.73, p=0.0002), environment complexity 

(F(1,67)=6.92, p=0.0106) and traffic pattern (F(3,219)=367.7, p=<.0001) had significant 

effects on maximum speed. As shown in Figure 6.8, the performance-based payment 

system produced an increase in maximum speed compared to the time-based payment 

system. In addition to this, drivers maintained higher maximum speed under the rural 

versus city driving environment, as revealed in Figure 6.9. Tukey-Kramer’s test, as 

shown in Figure 6.10, revealed that all four traffic patterns were significantly different 

from each other. The maximum speed occurred when other vehicles were speeding; 

whereas, the minimum speed occurred when driving in a traffic jam, followed by driving 

in a school zone. 

 
Figure 6.8. Least square means for maximum speed by payment system. 
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Figure 6.9. Least square means for maximum speed by complexity condition. 

 

Figure 6.10. Tukey's Test results for maximum speed. Plot shows the post-hoc analysis 
results for the significant effect of traffic pattern. 

Note: Data points in graph with same letter are not significantly different. 

Headway distance (HW): Non-parametric test results based on a Mack-Skilling 

procedure (1980) revealed that environment complexity (χ (1)=4.48, p=0.034) had a 

significant effect on HW. Test results based on a Wittkowski procedure (1988) revealed a 

significant HW effect of traffic pattern (χ(3)=179.2, p=<.001). As shown in Figure 6.11, 

drivers maintained longer HW when driving under the city scenario compared to the rural 

scenario. Figure 6.12 presents the post-hoc test results for traffic pattern, indicating that 
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traffic jam led to the shortest HW, whereas the speeding segment of trials led to the 

largest HW. 

 
Figure 6.11. Least square means for headway distance by Complexity condition resulting 
from the Mack-Skillings (1980) procedure. 

 
Figure 6.12. Least square means for HW by traffic pattern conditions. Non-parametric 
multiple comparison tests were based on Friedman test statistics. Plot shows the post-hoc 
analysis results for the significant effect of traffic pattern using Wittkowski’s (1988) 
procedure. 

Note: Data points in graph with same letter are not significantly different. 

Average speed: Non-parametric test results based on the Wittkowski procedure 

(1988) revealed that traffic pattern (χ(3)= 386.2, p=<.001) had a significant effect on 

average speed. Figure 6.13 shows the post-hoc test results for traffic pattern, indicating 
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that traffic jam led to the lowest average speed; whereas, the speeding segment produced 

the highest speed. 

 

Figure 6.13 Least square means for average speed by traffic pattern conditions. 
Non-parametric multiple comparison tests were based on Friedman test statistics. Plot 
shows the post-hoc analysis results for the significant effect of traffic pattern using 
Wittkowski’s (1988) procedure. 

Note: Data points in graph with same letter are not significantly different. 

Speeding percentage: Non-parametric test results based on the Wittkowski 

procedure (1988) revealed that traffic pattern (χ(3)= 386.2, p=<.001) had a significant 

effect on the percentage of time drivers committed speeding violations. Figure 6.14 

shows the post-hoc test results for traffic pattern, indicating that driving in the school 

zone produced the highest speeding rate, followed by zones in which other vehicles were 

speeding and when other vehicles maintained the speed limit. In the traffic jam, no 

speeding was observed. It was suspected that speeding violations observed in the school 

zone might be attributable to carryover speed by drivers from earlier high-speed segments 
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in a trial. The traffic jam pattern provided no opportunity for drivers to speed because of 

the high-traffic density. 

In general, the speed limit was much lower in the school zone, as compared to 

other three traffic patterns (25 mph vs. 40 mph). . In order to determine whether drivers 

drove faster at the beginning of the school zone blocks and committed more speeding 

violations as a results of higher speeds under other, earlier traffic patterns, the two blocks 

of a school zone were divided into four segments, including Block 1-Early, Block 1-Late, 

Block 2-Early, and Block 2-Late (1100ft/segment). The percentage of speeding across 

these segments in the school zones was then analyzed by using the Wittkowski procedure 

(1988). The non-parametric test revealed that the four segments had no significant 

difference in speeding violation rates (χ(3)= 1.9302, p=0.1587). 

 
Figure 6.14. Least square means for speeding percentage by traffic pattern conditions. 
Non-parametric multiple comparison tests were based on Friedman’s test statistics. Plot 
shows the post-hoc analysis results for the significant effect of traffic pattern using 
Wittkowski’s (1988) procedure. 
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Note: Data points in graph with same letter are not significantly different. 

This finding indicates that speeding in the school zones was more likely due to the low 

limit and lower traffic density allowing drivers the opportunity to speed. 

6.2 Measures of Safety Margins in the Lateral Direction 

Safety margins in the lateral direction were measured in terms of lateral distance 

(LD) and Time to lateral crossing (TTLC). Both of these measures were included in a 

MANOVA. MANOVA results revealed a significant main effect of traffic pattern 

(p<.0001) accorss responses (see Table 6.2).  

Table 6.2. MANOVA results on measures of lateral safety margins (Lateral distance (LD) 
and Time to lateral contact (TTLC))  

Source MANOVA LD TTLC 
Pay F(2,66)=0.39 

p=0.6762 
__ __ 

Comp F(2,66)=0.71 
p=0.4963 

__ __ 

Pay*Comp F(2,66)=0.51 
p=0.6051 

__ __ 

Pattern F(6,454)=8.29 
p=<.0001*** 

F(3,214)=9.82 
p=<.0001*** 

F(3,187)=1.29 
p=0.2808 

Pattern*Comp F(6,454)=0.81 
p=0.5655 

__ __ 

Pattern*Pay F(6,454)=1.63 
p=0.1365 

__ __ 

Pattern*Comp*Pay F(6,454)=0.88 
p=0.5095 

__ __ 

Note: *p<.05, ** p<.01, *** p<.001 
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Lateral distance (LD): ANOVA results revealed that traffic pattern (F(3,214)=9.82, 

p=<.0001) had a significant effect on LD. Tukey-Kramer’s test, revealed that when 

driving in the traffic jam, drivers maintained a smaller LD from other vehicles in adjacent 

lanes compared to all other conditions; however, when other vehicles were speeding, 

drivers maintained larger DHs compared to driving in the school zone (see Figure 6.15).  

 
Figure 6.15 Tukey's Test results on lateral distance response measure. Plot shows the 
post-hoc analysis results for the significant effect of traffic pattern. 

Note: Data points in graph with same letter are not significantly different. 

Time to lateral contact: A logarithmic transformation was applied to this response 

measure to ensure conformance with the assumptions of the. ANOVA results revealed no 

significant effect of any factors manipulated in the experiment.  

6.3 Correlation Analyses 

Spearman (non-parametric) correlation analyses were conducted on the driver 

stress factors identified in the DSI with the safety margin and speed performance 



 

66 

measures. Results revealed a significant positive correlation between dislike of driving 

and speeding ( ρ =0.8268, p=0.0032), and between hazard monitoring and average speed 

( ρ =0.8268, p=0.0032) and Level 1SA ( ρ =-0.518, p=0.02) (see Table 6.3). 

Table 6.3. Correlation analysis results on DSI factors with safety margin and speed 
measures (Spearman correlation coefficients). 

 HW THW TTC LD TTLC Max 
speed 

Avg. 
speed 

Speeding 
(%) 

Aggression 0.2310 0.1277 0.4499 -0.2553 0.1155 -0.2979 0.2249 0.0304 

0.5208 0.7253 0.1921 0.4765 0.7507 0.4032 0.5321 0.9336 

Dislike of 
Driving 

-0.2918 -0.4438 -0.2918 -0.1277 0.0486 0.0973 0.4134 0.8268 

0.4133 0.1989 0.4133 0.7253 0.8939 0.7892 0.2351 0.0032** 

Hazard 
Monitoring 

-0.2492 -0.4255 -0.3465 -0.1641 0.2371 0.4742 0.7660 0.5897 

0.4874 0.2202 0.3267 0.6505 0.5096 0.1662 0.0098** 0.0728 

Fatigue  
Proneness 

-0.2012 -0.1768 -0.2561 0.2012 0.7378 0.0793 -0.0793 0.0793 

0.5772 0.6250 0.4751 0.5772 0.0149* 0.8277 0.8277 0.8277 

Thrill  
seeking 

-0.4146 -0.3659 -0.3598 -0.5000 0.0427 0.4085 -0.1768 0.2378 

0.2335 0.2985 0.3072 0.1411 0.9068 0.2411 0.6250 0.5082 

Note: *p<.05, ** p<.01, *** p<.001 



 

67 

7 DISCUSSION 

7.1 Motivation Factor (Payment System) 

The results of the experiment on the motivation factor were in line with 

expectations (H 1.1). The performance-based payment system motivated drivers to 

perceive urgency and to hurry in many situations. This led to extreme emotional states, 

such as tension (Russell & Barrett, 1999). Drivers demonstrated decreased time headway 

under the performance-based payment system ( 0.87 0.10± s vs. 1.17 0.10± s) and 

increased maximum speed ( 65.60 1.53± ft/s vs. 61.59 1.53±  ft/s). The results clearly 

indicated more risky driving behavior under the performance payment system and that 

motivation is a critical factor in any safety margin model.  

7.2 Complexity  

Contrary to our expectations (H2), drivers maintained smaller safety margins in 

terms of shorter headway distance, time headway and time to collision under the rural 

scenario compared to city. It may be possible that visual clutter, due to the increased 

environment complexity, led to a more conservative choice of safety margin and was 

more influential in driver behavior than social norms dictated by the traffic patterns. 

Traffic patterns in the city were expected to lead to more liberal safety margins (e.g., 

shorter TTC). However, this finding is consistent with Summala’s findings. Summala 

(2007) suggested that a headway > 1.7 s may feel “too far” for drivers in high-density 
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traffic, and the time headway under both environment complexity conditions did not 

exceed 1.7s (1.16s and 0.88s for city and rural respectively). Related to this, under both 

environment conditions, driver selection of safety margins can be considered unsafe 

according to a TTC criterion of at least 4-s for safety in following tasks (Horst, 1990) as 

well as the rule of thumb for following distance, equal to one car length for every 10mph. 

That is, for headway distance, drivers allowed 37.74 3.05± ft (about 3~3.5 car lengths 

under a speed limit of 40 mph) when driving in the city and they allowed 26.69 3.01± ft 

(2.2~2.9 car lengths under a speed limit of 40mph) when driving in the rural environment. 

TTC was 3.87 0.27± s under the city scenario and 2.79 0.27± s under the rural scenario. 

Since this study created a high fidelity driving environment to simulate daily driving 

behavior, these results suggest that normal driver “comfort zones” may not be sufficient 

for them to avoid abnormal situations. The findings also indicate that driving 

environment conditions significantly mediate perceived safety margins and need to be 

taken into account in traffic system design. 

7.3 Traffic Pattern 

The traffic patterns, used to simulate the effects of social norms on driver behavior, 

showed a significant influence on all response measures, including the safety margins and 

speed measures, except time to lateral contact (TTLC). 
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Safety margins: In line with expectation, the traffic jams led to minimum space 

margins across levels of roadway complexity compared to the other three traffic patterns. 

This was likely due to a strong conflict between driver motivation to reach their 

destination as quickly as possible and slow traffic around them. Therefore, they perceived 

the need to minimize traffic gaps (H 3.3). In addition to this, traffic jams also led to the 

minimum time safety margins in both THW and TTC. It should be noted that for TTC, 

driving in a traffic jam as compared to when other drivers were driving at the speed limit 

were not significantly different from each other. This finding was also in line with our 

expectation (H 3.1) that drivers would behave more conservatively in school zones as 

compared to driving in traffic jams and driving in traffic at the speed limit. This was 

evidenced in terms of both larger spatial and time safety margins. However, contrary to 

expectations (H3.3) drivers maintained larger spatial and time safety margins when other 

vehicles around them were speeding. This may be due to the fact that the traffic volume, 

which permitted vehicle speeding, was usually low. Thus, although drivers maintained 

higher speed, they also maintained a sufficient safety margin around them for safe 

maneuvers under abnormal/critical conditions. 

Speed measures: The current study findings were consistent with previous research. 

Driver vehicle speed and speed deviations were affected by the speed of vehicles in 

adjacent lanes and lane speed deviations (Ulfarsson et al., 2001). As shown in Table 7.1, 
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the largest value for maximum speed and average speed appeared when other vehicles 

were speeding, followed by when driving in traffic at the speed limit, in a school zone 

and in a traffic jam. Contrary to expectation, drivers sped more in the school zone 

compared to the other three traffic patterns. As previously mentioned, this may have been 

due to the low speed limit and normal traffic volume in the school zone leading to more 

speed violations. However, the speed in the school zone was much lower compared to 

driving in traffic either at the speed limit or above the speed limit. This suggests that 

although drivers had a tendency for frequent speed violations, they still behaved more 

conservatively when driving in the school zone. 

Table 7.1 Mean and standard deviation of response measures by traffic pattern. 

 above at jam school 
Safety 
margin 

Spatial  Headway distance (HW) 56.05 25.67 14.87 32.28 
3.75 3.46 3.41 3.53 

Lateral distance (LD) 3.68 3.42 3.07 3.34 
0.15 0.15 0.15 0.15 

Time  Time headway (THW) 1.29 0.99 0.76 1.03 
0.11 0.10 0.10 0.11 

Time to collision (TTC) 4.01 2.91 3.04 3.37 
0.33 0.31 0.30 0.31 

Speed measure Maximum speed 80.97 69.49 44.25 59.67 
1.63 1.63 1.63 1.63 

Average speed 59.33 45.96 20.19 35.95 
0.56 0.56 0.56 0.56 

Speeding percentage 0.64 0.27 0.00 0.82 
0.02 0.02 0.02 0.02 



 

71 

7.4 Interaction of Environment Complexity and Traffic Patterns 

In line with expectation, the current study found that environment complexity, in 

conjunction with traffic pattern, was influential in headway time (as shown in Figure 6.4). 

Drivers were influenced more by other driver behavior (other vehicle speed) when 

driving in a city environment as compared to the rural environment (H 4.1). 

7.5 Correlation with DSI Factors 

Previous research suggested that long-term emotional tendencies, i.e., driver 

personality, may dictate “risky” or “conservative” behavior. In line with this, the current 

findings indicated that different stress traits measured by the DSI were significantly 

correlated with driver behavior. Spearman correlation analyses showed dislike of driving 

to be positively correlated with speeding ( ρ =0.8268, p=0.0032). Lower driver 

engagement in the driving task, due to dislike of driving, appeared to increase speeding 

violations. A positive correlation was observed between hazard monitoring and average 

speed ( ρ =0.8268, p=0.0032) in this study. Drivers with high vigilance for hazards 

prepared to take action before hazard situations (safety margin violations) actually 

developed. Therefore, these drivers showed more fluid driving performance with less 

variation and more efficient vehicle control that eventually led to a higher average speed. 

However, contrary to expectation (H 5.3), fatigue proneness was positively associated 

with time to lateral contact (TTLC). That is, drivers who become fatigued easily are more 
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likely to have larger TTLC than drivers who do not. This may be due to that the fact that 

the more easily drivers become fatigued, the less lateral action they take in vehicle 

control. Thus, they will have a relatively larger TTLC. Likely due to the relatively a small 

sample size used in the current study, the correlation analyses failed to reveal any other 

significant relationships between long-term emotions and driver behavior.  



 

73 

8 CONCLUSION 

8.1 Contributions 

Through the literature review, the underlying factors in driver behavior in 

Näätänen and Summala’s threshold model (1976) were indentified, including task 

difficulties, driver motivations and emotions. These factors have been postulated to 

determine the degree of difficulty that drivers will accept in tasks. In addition to this, 

Summala also indentified that social norms are important in driver behavior, in particular, 

rule following is a major motivation for safe driving (see Section 1.2.2). However, no 

prior research has developed empirical evidence on the influence of motivational and 

emotional factors in driver behavior.  

The key contributions of the present research included: identification of factors in 

Näätänen and Summala’s threshold model (1976), which are statistically and practically 

significant in determining safety margins; identification of additional variables, 

specifically environment complexity, that mediate the influence of emotions on driver 

behavior; and identification of measures of driver performance, which can provide a basis 

for comprehensive specification of safety margins. Each of these contributions is detailed 

below: 

First, this study provides strong empirical evidence of the effects of social norms 

on driver behavior, induced through different traffic patterns (other drivers’ behavior), as 
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well as levels of roadway complexity. This was tested in terms of speed measures and 

both spatial and time safety margin measures. Although drivers may maintain a higher 

speed when driving in speeding traffic, they also maintain the largest safety margins 

when other vehicles are speeding. In addition to this, drivers tend to chose more 

conservative safety margins when driving in a school zone compared to driving when 

other drivers are at the speed limit. Traffic jams lead to more risky driving behavior 

across different roadway environments (rural and city) and when drivers are motivated to 

speed. 

Secondly, this study fills a gap in empirical methods for assessing the influence of 

extreme emotions (urgency, hurry and tension) on driver risk-taking decisions. Emotions 

were triggered in this study with motivational factors, i.e., payment systems. Drivers 

tended to take more risks by shortening their safety margins when they were in a hurry 

due to motivational factors. 

Third, this study adopted both time headway and time to collision as time margin 

measures in the longitudinal dimension. Time headway was sensitive to all three factors 

manipulated in the experiment, including environment complexity, payment system and 

traffic patterns; whereas, time to collision was sensitive to only environment complexity 

and traffic patterns. In addition to this, time headway was relatively easy to obtain (32 

missing values of THW compared to 38 missing values of TTC), because when the 
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relative speed of two vehicles was zero, TTC approached infinity. Thus, although a 

driver’s vehicle may be very close to a lead vehicle, it is difficult to conclude whether 

there is a risk in terms of TTC. Hence, THW is suggested over TTC, when conducting 

similar research.  

Last but not least, this study also investigated lateral separation measures as 

indicators of safety margins, including LD and TTLC. LD was sensitive to the traffic 

pattern factor, indicating drivers changed their criteria of lateral separation from other 

vehicles according to surrounding vehicles. This finding agreed with findings drawn from 

the longitudinal measures. This suggests that LD can also be used as an indicator of 

driver safety margins. There was no significant finding that the three factors manipulated 

in this experiment influenced TTLC. However, TTLC was positively associated with 

fatigue proneness as assessed with the DSI. It is possible TTLC is correlated with other 

motivational/emotional factors, which were not specifically manipulated in the current 

study. In general, TTLC may not be as sensitive a measure of driving performance as LD 

for describing safety margins. 

In general, any new safety margin model based on Näätänen and Summala 

threshold model should incorporate the factors of: (1) social norms; (2) task difficulty 

(such as roadway complexity, which appears influential in drivers’ perception capability); 

and (3) motivational/emotional factors (such as incentive systems, which cause strong 
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emotions in driving and lead to changes in driver safety margins). Additionally, not only 

should measures of longitudinal separation be used to specify safety margins, but lateral 

separation measures also appear useful. 

8.2 Limitations 

The main limitation of this study is that only one motivational factor was assessed, 

i.e., an incentive system for creating driver tension. It is possible that other emotions may 

also play significant roles in driver behavior, e.g., excitement, depression. In addition to 

this, although the current study successfully manipulated a motivational factor, it was 

limited in terms of quantifying the exact extent to which driver perceived safety margins 

change relative to specific levels of motivational factors. Additional research is needed 

with a finer-grain manipulation of driver incentive and correlation with safety margin 

measures.  

Furthermore, the driver population investigated in current research was limited (the 

mean age of the participants was 23.3 yrs). It is possible that middle-age drivers and 

elderly drivers may have different driving behaviors due perceptions of different social 

norms and different sensitivities to motivational factors. Besides this limitation, the small 

sample size of the current study also led to a limited capability to detect the effects of 

long-term emotional factors. Future studies should consider using an even larger sample 

of drivers in repeated testing. 
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It should also be noted that, due to limitations in the fidelity of the driving 

simulator, drivers were aware that their safety would not be compromised in the 

experiment trials. Hence, they may not have experienced the same level of stress as 

would be presented in real-world driving under similar circumstances and, consequently, 

they may have behaved more aggressively. This limitation might also explain the higher 

than normal crash involvement rates and unsafe margins across complexity conditions (< 

4s). Thus the results observed in this study, should also be validated with real world data 

under similar conditions. 

8.3 Applications 

There are several possible applications of emotion and motivation-based models of 

driver behavior to facilitate the development of new in-vehicle technologies. The ultimate 

objective of model application is to support overall roadway safety. In-vehicle devices 

can be used to satisfy driver information needs under different circumstances and 

promote awareness and safety. 

Because driver emotion states change, there are changes in safety margins. It is 

possible that new technologies could provide adaptable warnings or assistant systems 

based on driver emotional states. That is, driver emotions can be assessed by various 

real-time monitoring systems, such as heart rate monitors (for valence (happiness) level), 

and blood flow and galvanic skin response (for arousal). These monitoring systems could 
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provide real-time measures to predict safety margin changes or unsafe margins associated 

with extreme emotions. In this way, in-vehicle warning or assistant systems could be 

programmed to make corresponding modifications, such as increased warning intensity 

or sensitivity when sensors on drivers indicate tension, etc. 

Opposite to this concept, safety margin changes may also serve as indications of 

driver emotional state changes. By using sensor technologies, safety margins can be 

measured in real time, e.g., HW and THW from sonar sensors mounted on the front of a 

vehicle. If driver safety margin choices can be accurately associated with driver emotion, 

it may be possible to predict driver emotions in real-time based on vehicle position and 

speed data. In this way, warning and driving assistance systems (adaptive cruise control, 

automated lane keeping systems) could be adapted to driver states. For example, if 

drivers are highly excited by a sudden roadway event, an assistance system might warn 

them to remain calm and focus on the roadway ahead. If drivers are depressed by the 

behavior of other drivers, the assistant system might help them maintain arousal by 

providing driving behavior encouragement. If changes in safety margins indicate a 

significant change in driver mood, such that a potential safety hazard may develop, a 

warning or assistance system may direct drivers to stop driving. 
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8.4 Future Research 

Future studies should be conducted to examine motivational factors that may cause 

other emotions (e.g. depression and excitement) in modeling driving behavior. 

Furthermore, additional research should be conducted to identify indicators of emotional 

changes in drivers in order to better model how drivers adapt behavior to different 

situations. Long-term emotional tendencies, measured with the DSI, also appear to be 

correlated with driver risk-taking decisions. Longitudinal studies may be needed to fully 

reveal the effects of the long-term emotional tendencies on driver behavior. In addition to 

these directions of future work, there is still a need to investigate the behavior of drivers 

and perceived safety margins among different age groups, including middle-age drivers 

and elderly drivers. Related to this, driver background may also have an influence on 

driver perception of traffic density. Drivers who mainly drive in city environments may 

be accustomed to visual clutter brought-on by high density traffic, and hence, perceive 

less visual clutter compared to drivers who mainly drive in rural environments, when 

each type of driver is exposed to the same level of roadway complexity. Thus, there is a 

need to study individual differences in terms of driver background on perceived visual 

clutter and any corresponding affect on perceived safety margins. 
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APPENDIX A. Driver Stress Inventory 

DSI (Driver Stress Inventory) is used to assess driver stress vulnerability traits 

including aggression, dislike of driving, hazard monitoring, fatigue proneness and 

thrill-seeking. In Section A, the form asks about driver characteristics, such as number of 

accidents, driving distance in the past year, etc. In Section B, the form asks about driver 

personality. Each item in this part is scored on finding the numerical scale point closest to 

the point selected by the subject, based on his/her normal or typical reactions to driving. 

The inventory images are shown as following. 
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