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Abstract 

Real-time travel information design with inadequate consideration of human factors can lead 

to driver distraction and diminish road safety. This study measures drivers’ brain electrical activity 

patterns to evaluate multiple aspects of driver cognition and psychology under real-time 

information provision using insights from the neuroscience domain on the localization of brain 

functions. The brain electrical activity patterns of 84 participants are collected using an 

electroencephalogram (EEG) in an interactive driving simulator environment. The impacts of real-

time auditory travel information characteristics (amount, sufficiency, and content) and different 

time stages of interaction with information provision (before, during, and after) on the frequency 

band powers of EEG signals in different brain regions are analyzed using linear mixed models. 

Study results illustrate that drivers exert more cognitive effort to perceive/process information on 

routes with complex driving environments. Insufficient information may evoke increased attention 

to internal processing and memory processing on routes characterized by higher travel time 

uncertainty, while route recommendation to switch to such routes may increase drivers’ stress and 

anxiety. The study findings can aid information providers, both private and public, as well as auto 

manufacturers to incorporate driver cognition in designing safer real-time information and their 

delivery systems.  

 

Keywords: Real-time information, Driver cognition, Driver psychology, Driving simulator, 

Electroencephalography (EEG), Linear mixed model  
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1. Introduction 

The diversity of real-time travel information characteristics has increased over time due to 

advances in information and communication technologies. Advanced traveler information systems 

(ATIS) assist drivers in making more informed travel choices (for example, in terms of departure 

time and/or route choices) by providing them with pre-trip and en route real-time information 

(Ben-Elia and Avineri, 2015; Jou, 2001; Peeta and Yu, 2005; Yu and Peeta, 2011). Drivers now 

have access to multiple information sources (for example, public infrastructure and personal 

devices) that can provide a range of real-time travel information such as downstream traffic 

conditions, turn-by-turn navigation, weather and pavement conditions, and forward collision 

warnings through different delivery modes (for example, visual and auditory). 

The provision of relevant and accurate en route information can provide several tangible and 

psychological benefits to travelers, including reduced travel time uncertainty and increased 

decisiveness (Ettema and Timmermans, 2006; Song et al., 2017). However, delivering ill-designed 

or untimely real-time information can lead to information-induced cognitive overload and/or 

detrimental psychological effects. This can have negative safety implications for both the system 

and the drivers, and adverse effects on drivers’ experience with and trust in information systems 

(Abe and Richardson, 2006; Birrell and Young, 2011; Green, 2000). Even well-designed 

information can have severely reduced benefits for drivers depending on their cognitive and 

psychological states, such as insufficient attention or stress (Brookhuis and de Waard, 2010). The 

complexity and amount of information is bound to increase even further in the era of connected 

and automated transportation. Hence, it is critical to evaluate the cognitive and psychological 

effects of real-time travel information for improving the safety, effectiveness, and trustworthiness 

of ATIS. This study addresses this issue by analyzing the impacts of real-time travel information 

characteristics (amount, sufficiency, and content) on different aspects of driver cognition and 

psychology. 

Several studies have evaluated the impacts of information provision on driver decision-making 

behavior and driving performance. Most existing driver behavior models under real-time 

information provision capture the impacts of road/route characteristics, generalized travel costs 

(for example, travel time and fuel consumption), heterogeneity in individual characteristics (for 

example, age and trip purpose), and real-time information characteristics (for example, amount 

and content) (Agrawal et al., 2016; Ben-Elia et al., 2013; Bonsall, 1992; Dia, 2002; Han et al., 

2013; Peeta et al., 2000; Peeta and Yu, 2004, 2002). Some route choice models capture the role of 

information accuracy (Ben-Elia et al., 2013), multiple information sources (Hato et al., 1999), and 

past experience with information (Ben-Elia et al., 2008). Others analyze the compliance of drivers 

towards real-time travel information (Chen et al., 1999; Srinivasan and Mahmassani, 2000), and 

the heterogeneity in value of real-time travel information for drivers (Chorus et al., 2006; Kim and 

Vandebona, 1999; Zhang and Levinson, 2008). A few driver route choice models have been 

proposed based on well-defined behavioral theories, such as bounded rationality (Gao et al., 2011), 

prospect theory (Razo and Gao, 2013), and regret theory (Chorus et al., 2008), to capture the 

heterogeneity in decision-making. Paz and Peeta (2008, 2009a, 2009b, 2009c) developed traffic 

routing models under real-time travel information provision that are consistent with drivers’ 

behavioral responses (for example, compliance) towards different information characteristics. 
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However, the aforementioned models often assume seamless perception, processing, and 

utilization of real-time information by drivers in an already cognition-heavy driving task. Thereby, 

they ignore information-induced cognitive load and task demand (for example, attention to internal 

processing, memory retrieval, and memory processing) that can increase driver distraction and/or 

reduce the utilization of real-time information in making routing decisions. This is important 

because such cognitive aspects can deteriorate driving performance and reduce road safety. In 

addition, these models do not explicitly consider the psychological effects (for example, stress and 

anxiety) of information content (for example, route recommendations or unfavorable travel 

information) that may impact drivers’ route choice decision-making process.  

Efforts to incorporate the impacts of real-time travel information that go beyond tangible 

benefits to drivers and seek to factor the psychological effects of information to model driver 

decision-making behavior are very sparse (Song et al., 2017). Even these models rely on subjective 

measures (for example, self-reported questionnaires) to estimate the psychological effects of 

information, which are collected post-experience and are often criticized for their associated 

memory biases such as source misattribution and transience as well as absent-mindedness and 

individual biases and beliefs (Choi and Pak, 2005; Schacter, 1999; Spector, 1994). This study uses 

physiological indicators around information provision (before, during and after) to analyze the 

cognitive and psychological effects of real-time travel information. 

Some studies analyze driver interactions with in-vehicle infotainment systems (IVISs) using 

either the driving or secondary-task performance. For example, Maciej and Vollrath (2009) 

evaluate the roles of deviations in lateral position, eye gaze behavior, and subjective measures of 

distraction under manual- and speech-based IVIS interactions. Coleman et al. (2016) use the 

detection-response task to estimate cognitive workload under an interactive voice-based IVIS. 

Jamson and Merat (2005) report a reduction in driving performance (for example, reduced speed, 

and shorter time-to-collision) while interacting with visual or auditory IVISs. Pettitt et al. (2007) 

employ the GOMS (Goals, Operators, Methods and Selection Rules) approach to model the visual 

demand of an IVIS. Abe and Richardson (2006) analyze driving performance and subjective 

measures of trust-in-system to evaluate real-time collision warning systems. Related to 

information modality, past studies have associated auditory information with better driver 

performance in terms of reaction time compared to visual information (Liu, 2001; Ma et al., 2016). 

Although these studies use objective measures to estimate driver cognitive performance, driving 

and secondary-task performance measures fail to capture the cognitive and psychological impacts 

of information. This is because they mainly inform on the level of distraction or workload 

distribution due to the secondary task, while driving performance measures are unable to 

differentiate between the inattention blindness towards information and the ease of perception and 

processing. Moreover, the impacts of interactions with real-time travel information are likely to be 

different from those of non-travel related information systems. In this study, we evaluate the 

cognitive and psychological impacts of auditory real-time travel information on drivers by 

analyzing empirical physiological data, which provide direct insights on driver cognition and 

psychology compared to secondary-task or driving performance.  

Advances in biosensing technologies and driver monitoring systems have provided capabilities 

for unobtrusive, real-time driver psychophysiological analysis. Past studies have developed 

methods to estimate driver’s level of attention and mental workload associated with information 



5 

 

systems using physiological factors such as eye blink/gaze behavior (Benedetto et al., 2011; Faure 

et al., 2016), heart rate (Heine et al., 2017; Tjolleng et al., 2017), brain electrical activity (Berka et 

al., 2005), facial expressions, or a combination thereof (Haak et al., 2009; Ji et al., 2004). Previous 

studies have also linked physiological measures like eye fixation duration with visual information 

processing speed (Calsavara et al., 2021). Further, there is a growing consensus that brain electrical 

activity data collected using EEG provides better estimates of human attention compared to other 

physiological data such as functional magnetic resonance imaging (fMRI), functional near-infrared 

(fNIR) spectroscopy, galvanic skin response, heart rate variability, and pupillometry (Berka et al., 

2007; Wilson, 2002). The localization of the physiological manifestations of different cognitive 

and psychological states in different regions of the brain allows for a more detailed analysis 

compared to other physiological indicators. However, most existing EEG studies in the driving 

context are limited to assessing driver fatigue (Gharagozlou et al., 2015; Jagannath and 

Balasubramanian, 2014; Jap et al., 2009; Kar et al., 2010; Li et al., 2012; Morales et al., 2017; 

Zhao et al., 2012), drowsiness or sleep deprivation (Barua et al., 2019; Brown et al., 2013; Chen 

et al., 2018; Johnson et al., 2011; Lin et al., 2005; Perrier et al., 2015), stress (Sciaraffa et al., 

2022), and distraction (Almahasneh et al., 2014; Sonnleitner et al., 2014). Very few efforts have 

been made to model driver behavioral aspects using EEG. For example, Yang et al. (2018) 

developed a classification algorithm for driving aggressiveness and stability based on EEG 

measures. Even these studies use oversimplified driving environments (in terms of traffic 

interactions and road characteristics) and, therefore, do not account for the differences in the 

cognitive effort required to drive in environments with different complexities while interacting 

with real-time information delivery systems. This study bridges this critical gap by implementing 

a network-level driving simulator environment with real-world dynamic traffic characteristics to 

analyze the cognitive and psychological effects of driving environment complexity and auditory 

real-time travel information by analyzing EEG data. Further, our experiment design elicits realistic 

attitudes and behaviors towards real-time information from the participants by enabling intent 

through novel compensation mechanisms (please see details in Section 2.3) and ensuring that route 

choices have perceptible impacts on their travel time.  

To design safe and effective real-time information and their delivery systems, it is critical to 

understand the cognitive and psychological impacts of real-time information systems for the 

following reasons: (i) drivers’ cognitive efforts (for example, internal processing, memory 

retrieval, and memory processing) to perceive and process information impact its utilization in 

making route choice decisions, (ii) changes in drivers’ cognitive states (for example, distraction 

and inattention) can have considerable impacts on driving performance that may affect road/driver 

safety, and (iii) changes in psychological states (for example, anxiety and stress) can impact 

drivers’ routing decisions and have direct implications for the evolution of traffic network flows. 

In this context, this study analyzes the latent cognitive and psychological effects of different real-

time auditory travel information characteristics, including amount (i.e., the units of information in 

a message provided to the driver) (Dudek, 2004), sufficiency (sufficient vs. insufficient), and 

content (descriptive travel times vs. prescriptive route recommendation) in the different time stages 

of interaction with information provision (before, during, and after). In this study, sufficient 

information means that the drivers are provided information on the current and alternative routes, 

while insufficient information corresponds to no information on the alternative route. We also 
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investigate these latent effects on routes (freeway and arterial) with different driving environment 

complexities in terms of road characteristics, traffic interactions, and travel time uncertainty. 

Further, we analyze drivers’ brain electrical activity patterns using EEG to investigate multiple 

aspects of information-induced cognitive and psychological effects that are associated with 

different regions of the brain. The study results and insights can aid information providers and auto 

manufacturers to incorporate driver cognition in designing real-time information systems to 

enhance road safety and improve user experience. They also enable the development of improved 

hybrid driver behavior models that factor the cognitive and psychological effects of real-time 

information provision.  

In summary, this study contributes to the existing literature by addressing the following key 

gaps. First, existing studies analyze the impacts of external factors (for example, information, road, 

and individual characteristics) on drivers’ behavioral responses, but do not analyze the latent 

cognitive processes that regulate these responses. This study investigates the impacts of 

information and route characteristics (driving environment) on driver cognition before, during and 

after information provision. This is critical because drivers’ processing of information is neither 

seamless nor restricted to content alone, but also impacted by cognitive and psychological aspects. 

That is, their ability to comprehend the information in an inherently multi-tasking environment 

and their psychological states (for example, their stress level) at that time contribute to how much 

information they absorb and what they do with it. Second, this study analyzes EEG data to estimate 

driver cognition under real-time travel information provision by drawing insights from the 

neuroscience literature. Unlike indirect measures (for example, surveys and driving or secondary-

task performance), EEG analysis can help create a detailed profile of drivers’ cognitive and 

psychological states under information provision due to the localization of brain functions. 

Thereby, insights can be drawn directly based on empirical physiological data rather than through 

indirect measurements. Third, according to the Multiple Resource Theory (Wickens, 2008), 

humans have limited cognitive resources that are allocated across different tasks. By using simple 

driving environments to collect data, previous studies ignore the interactive cognitive impacts of 

driving environment complexity and real-time information characteristics. This study designs a 

driving simulator environment with a network-level setup featuring routes with different 

complexity and dynamic ambient traffic to analyze their impacts on driver cognition and 

psychology under auditory real-time travel information. Thereby, it enables a more realistic 

driving experience, which can be used to extract more realism in terms of the behaviors/attitudes 

of travelers to capture the linkages between information characteristics and driving environment 

complexity. Fourth, and synergistic with the previous contribution, novel mechanisms are used to 

elicit intent from the driving simulator participant related to the driving objective, as drivers would 

in the real world (for example, the need to be at the airport by a certain time to catch a flight). 

The remainder of the paper is organized as follows. Section 2 discusses the driving simulator 

and accessory equipment used, experiment design, implementation procedure, data collection, and 

data analysis methods. Sections 3 and 4 presents and discusses the analysis results. Finally, Section 

5 concludes the paper by summarizing the study findings and limitations and providing future 

research directions. 
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2. Methodology 

2.1 Driving Simulator 

This study uses a fixed-base driving simulator featuring a full-scale driving cockpit with 

automatic gear box, turn signals, and steering wheel with force feedback. A network-level setup 

that replicates the northern loop in Indianapolis, Indiana is created using OKTAL 

SCANeRStudio® 1.4 software (OKTAL, 2017). The driving environment is projected on three 

wide LCD screens that provide a field-of-view of around 120 degrees.  As illustrated in Figure 1, 

the drivers (study participants) can choose between two routes, freeway (blue) and arterial 

(yellow), to reach their destination, and have two potential locations to switch routes during the 

trip. To ensure a realistic driving environment, a microscopic traffic simulator (AIMSUN 6.2) is 

integrated in real-time with the driving simulator to generate dynamic and responsive ambient 

traffic consistent with two traffic condition scenarios (with and without road accident). The two 

routes have different driving environment complexity in terms of the speed limit, number of 

intersections/interchanges, density of road objects (for example, street name sign or traffic signal), 

and traffic interactions. Further, the larger driving environment complexity of the arterial route 

results in larger travel time uncertainty compared to the freeway route. This enables analyzing the 

differences between the cognitive and psychological effects of different real-time travel 

information characteristics on routes with different complexity. A road network map displaying 

the drivable roads in grey and the participant vehicle’s current GPS location in the simulator is 

provided on a tablet screen that is placed on the simulator dashboard as illustrated in Figure 2. 

Each route has two auditory personalized travel information (i.e., information customized to the 

destination) provision locations and two accident locations (as illustrated in Figure 1). Freeway 

route also has provisions for visual public travel information (i.e., information to specific 

landmarks on the road network) via variable message signs (VMSs), which are located beyond the 

locations at which auditory information is provided. The maximum number of accidents in each 

experiment run is set to one.  

 

 

Figure 1 Experiment network setup illustrating real-time information provision locations  
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2.2 Scenario Design 

Four auditory real-time travel information provision scenarios are created. They include: (i) no 

information (NI), (ii) travel time on current route (CT), (iii) travel times on current route and 

alternative route (AT), and (iv) prescriptive information informing drivers about downstream 

congestion and recommending alternative route (PI). CT provides insufficient travel information 

to the drivers; that is, no information is provided on the alternative route or route recommendation. 

PI is available only in scenarios with road accident. Eight scenario sets are designed to reduce the 

combinations of information scenarios and traffic condition scenarios. A single scenario set 

contains three runs with two distinct information scenarios at each information provision location. 

More details on the scenario sets can be found in Appendix I. The information is delivered through 

multimedia speakers positioned on each side of the driving cockpit below the screens. The auditory 

information is repeated (i.e., two instances of same information) immediately after the first 

instance to provide an additional opportunity to the participants in case they miss the first instance. 

Each scenario is characterized by different amount (i.e., the units of information in a message 

provided to the driver), sufficiency (sufficient vs. insufficient), and content (descriptive travel 

times vs. prescriptive route recommendation) of information to investigate the cognitive  (for 

example, increased attention to internal processing, memory retrieval, and distraction) and 

psychological (for example, increased anxiety and stress levels) impacts of real-time travel 

information on drivers. The information scenarios are designed such that the alternative route is 

either more attractive due to longer travel time on the current route or is recommended by the 

information due to downstream congestion on the current route. This study uses data only near the 

first auditory information provision location (labeled as “1” in Figure 1) to avoid the interaction 

effects associated with multiple sources of information on freeways (i.e., personalized and public) 

and the multiple times real-time information is provided during a single trip.  

 

 

Figure 2 Driving simulator 

2.3 Participants 

The study participants were recruited from the Greater Lafayette, IN community through 

advertisements in a university-wide email newsletter (at Purdue University), paper fliers, and word 

of mouth. The following criteria were used to recruit participants: (1) being 18 years of age or 

older, (2) having a valid driver’s license, (3) not wearing corrective glasses (as we also collected 
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eye tracking data using wearable glasses), (4) having no predisposition to motion sickness, and (5) 

not self-reporting physical or mental impairments. The participants were chosen based on 

convenience sampling that met the aforementioned inclusion criteria. Potential participants signed 

up for an on-site simulator experiment session at the study experiment website by providing the 

requested information. Since certain medications and caffeine ingestion can affect EEG patterns 

(Blume, 2006; Pritchard et al., 1995) and, thereby, EEG data quality, participants were asked to 

not consume any medication or caffeine for at least 8 hours prior to the experiment. All recruited 

participants self-reported no medication or caffeine ingestion within the stated time period. 

Informed consent was obtained from all participants who visited the driving simulator laboratory. 

Participants arriving for the driving simulator session were first familiarized with the simulator 

environment through a practice run on the network setup shown in Figure 1. Those showing motion 

sickness at this stage were not allowed to proceed further. Participants were informed that the 

freeway route is 16 miles long and it takes 21 minutes, on average, to reach destination under 

normal traffic conditions, while the arterial route is 11 miles long but takes about 25 minutes under 

normal conditions. The practice run started from the intersection before the first information 

provision location on the arterial route. During the run, participants were instructed to switch to 

the freeway route at the first decision-making location and then switch back to the arterial route at 

the second decision-making location. The run ended soon after the participant went past the second 

decision-making location. Through the practice run, a basic level of familiarity with the road 

network and information sources was created for all participants. Fast-forwarded driving videos 

of both routes were shown to each participant, with several pauses to illustrate important sign 

boards and turns to enhance familiarity with the study network. Next, participants were equipped 

with the EEG and completed an EEG baseline test in the B-Alert software (B-Alert, 2009) in a 

quiet room. After the test, they were equipped with wearable eye tracking glasses. This study does 

not use data from the EEG baseline test and the eye tracker. To verify EEG data acquisition, 

participants completed another simulated run following simple on-screen instructions (for 

example, “stay in the middle lane” and “maintain speed limit”). Then, each participant was asked 

to execute three simulator runs from the origin to the destination using randomly-assigned scenario 

sets. The order of scenarios within a scenario set was randomized. Participants were instructed to 

drive as if they were commuting to work, and compensated up to $60 using a point-based reward 

system that tracked their intent to complete the trip within the assigned time limit (that is, the work 

start time) and their compliance with traffic rules and safe driving actions. They were aware of the 

maximum compensation for the study, and that reward and penalty points would be based on their 

intent to meet the work start time and their driving actions. However, they were not aware and, 

hence, could not track the actual points gained or lost with time at any point of the experiment 

runs. The experiment protocol was approved by the Purdue University’s Institutional Review 

Board (protocol # 1304013546). 

125 participants were recruited in total for the experiment, out of which only 92 completed all 

three runs with valid EEG data (discussed in Section 2.4) around the first auditory information 

provision location. The data is further filtered down to 84 participants to include only right-handed 

participants as dexterity has been known to cause differences in brain activity (Bernard et al., 

2011). The final participant pool consists of 45 males (27.2 ± 6.7 years) and 39 females (25.0 ± 
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7.0 years) as illustrated in Figure 3. Figure 4 illustrates the distribution of information scenarios 

grouped by the route traveled at the first information provision location for all experiment runs.  

 

 

Figure 3 Participant age and gender distribution 

 

Figure 4 Information scenario distribution by route and experiment run 

2.4 Electroencephalogram (EEG) 

EEG measures the underlying electrical activity of the brain, mainly cerebrum, using 

electrodes (small metal disks) that are placed on the scalp. The cerebrum is the largest portion of 

the human brain and can be divided into four regions/lobes as illustrated in Figure 5: frontal, 

parietal (or centroparietal), temporal and occipital. The functionalities of each brain lobe have been 

extensively discussed in the neuroscience literature. The frontal lobe plays an important role in 

task planning, working memory, attention, and language articulation (Chayer and Freedman, 

2001). It also shares the semantic and syntactic processing of auditory information with the 

temporal lobe (Friederici, 2011). The parietal lobe is associated with verbal-semantic processes 
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(Doppelmayr et al., 2005) and visual attention (Bisley and Goldberg, 2010). The parietal and 

frontal lobes are also responsible for body motor functions (Marcus and Jacobson, 2011). The 

temporal lobe is generally associated with auditory information perception, memory, and language 

interpretation, while the occipital lobe is associated with visual information processing (Abhang 

et al., 2016a). 

 

 

Figure 5 Human brain anatomy (Wikipedia, 2020)  

Data on drivers’ brain electrical activity is collected using a B-Alert X24 EEG system 

(Advanced Brain Monitoring, 2017). The EEG electrodes (also known as EEG channels) were 

placed according to the International 10-20 system as shown in Figure 6 (Klem et al., 1999). The 

brain regions and their corresponding EEG channels are shown in Table 1. The mastoids are used 

as a reference for measuring electrical signal; a mastoid is a bone located behind the ear. The data 

is collected using a sampling rate of 256 Hz.  

Table 1 Brain regions and corresponding EEG channels 

Brain Region EEG Channels 

Frontal lobe Fp1, Fp2, F3, F4, Fz, F7, F8 

Temporal lobe T3, T4, T5, T6 

Parietal lobe P3, Pz, P4, C3, C4, Cz 

Occipital lobe O1, O2 

Mastoids (EEG reference) A1, A2 
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Figure 6 EEG electrode locations as per International 10-20 (Wikipedia, 2019) 

Prior to data analysis, raw EEG signal is processed to remove contaminations (also known as 

artifacts). Advanced Brain Monitoring’s B-alert software is used to remove five types of known 

artifacts: EMG (electromyogram for muscle movement), eye blinks, excursions, amplifier 

saturations and spikes (B-Alert, 2009). The EEG signal is then divided into epochs of 1-second 

duration, and power spectral density (PSD) (i.e., decomposition of signal power over a frequency 

range) of each epoch is computed by performing fast Fourier transformation. Next, the PSD for 

each epoch is averaged over 3 epochs by applying a 50% overlapping window to smoothen the 

data. This study analyzes the EEG signal power within four frequency bands (also known as EEG 

bands): delta (1-3 Hz), theta (4-7 Hz), alpha (8-12 Hz) and beta (13-30 Hz). The signal power of 

each band is calculated by averaging the PSD within its frequency bandwidth. Four time windows 

around the information provision location are defined to evaluate the information impacts at 

different time stages of interaction as illustrated in Figure 7: (i) 10 seconds before the information 

provision (𝑡0), (ii) first instance of the information (𝑡1), (iii) second instance of the information 

(𝑡2), and (iv) 10 seconds after the information (𝑡3). The information time length varies between 5 

to 10 seconds depending on the scenario. The average log-power of every band (hereafter referred 

to as band power) for each time window is computed by averaging respective 1-second epoch band 

powers.  

 

Figure 7 Time windows in the vicinity of the information provision location 

In addition to being linked to the functionalities of each brain lobe, the EEG band powers are 

also associated with certain cognitive and psychological processes. The delta band power is most 

prominent when a person is in deep sleep (Abhang et al., 2016b). But in a wakeful state, such as 

when driving, the delta band power increases with increased attention to internal processing and/or 

memory retrieval (from long-term memory) by temporarily suppressing non-relevant neural 

activities related to external perception (Harmony, 2013; Harmony et al., 1996). Similar to the 

delta band, higher theta band power is generally associated with drowsiness and fatigue (Brown et 

al., 2013; Craig et al., 2012; Klimesch, 1999), but it also increases when subjected to tasks that 

involve inward focus (Abhang et al., 2016b) and memory processing (in short-term memory) 

(Aftanas and Golocheikine, 2001; Klimesch, 1999). Thus, we expect that processing real-time 

travel information and information from road signs, and contextualizing them in relation to the trip 

would evoke higher delta and theta band powers as they require higher task demand (i.e., increased 

attention to internal processing, memory retrieval and memory processing). A higher alpha band 

power is associated with passive attention or relaxed state of mind (Abhang et al., 2016b), while a 

lower alpha band power indicates increased alertness/vigilance and expectancy (Aftanas and 

Golocheikine, 2001), simple memory tasks (Harmony, 2013), and sensory-intake tasks that require 

processing external stimuli (for example, auditory information) (Ray and Cole, 1985). Foxe et al. 

(1998) found higher alpha activity in the parieto-occipital region under the anticipation of auditory 
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information, suggesting a temporary disengaging of the visual attentional system. The beta band 

power increases with psychological stress and anxiety (Abhang et al., 2016b). It is also found to 

be higher under cognitive states such as focused attention to external stimulus (Abhang et al., 

2016b) and increased arousal (Morales et al., 2017). Almahasneh et al. (2014) reported that drivers 

who are distracted by semantic tasks (for example, travel information perception) exhibit lower 

beta band power.  

2.5 Data Analysis 

Linear mixed models (LMMs; also known as multilevel models) are used to analyze the 

differences in band powers for each EEG channel (19 channels), EEG band (4 bands), run (3 runs), 

and route (2 routes). Unlike simple linear models, LMMs can analyze data with non-independent 

or correlated errors due to the underlying hierarchical structure in the data as would arise from 

repeated measurements involving each participant. LMMs incorporate both fixed effects 

(parameter does not vary) and random effects (parameter is treated as a random variable). In this 

study, fixed effects include routes, runs, information scenarios, time windows, and their four-way 

interactions. Further, to reduce the levels of interaction effects (i.e., to three-way interactions), we 

define a combined variable route-run 𝑟 using their cartesian product, 𝑟 ∈ 𝑅 = {(𝑥, 𝑦) ∶ 𝑥 ∈

{Freeway, Arterial} and 𝑦 ∈ {Run 1, Run 2, Run 3}}. Band powers in multiple time windows for 

each participant are modeled as dependent variables with normally distributed errors. No 

information scenario (NI), pre-information time period (𝑡0), and Freeway-Run 1 are chosen as 

references for information scenarios, time windows, and route-run, respectively. For each EEG 

channel and EEG band, the following LMM is estimated by pooling data together from all 

participants, time windows, routes, and runs: 

𝑏𝑟𝑡𝑛 = 𝛽0 + 𝛽𝑟 + ∑ 𝛽𝑟,𝑖𝛿𝑟𝑖𝑛

𝐼

𝑖

+ 𝛽𝑟,𝑡 + ∑ 𝛽𝑟,𝑖,𝑡𝛿𝑟𝑖𝑛

𝐼

𝑖

+ 𝛾𝑛 + 𝜀𝑟𝑡𝑛,   ∀𝑟, 𝑡, 𝑛 

 

(1) 

In Eq. (1), 𝑏𝑟𝑡𝑛 denotes the band power for the route-run 𝑟 in time window 𝑡 for participant 𝑛, 𝛽0 

is the intercept, 𝛽𝑟 is the coefficient for route-run 𝑟, and 𝛽𝑟,𝑖, 𝛽𝑟,𝑡, and 𝛽𝑟,𝑖,𝑡 are interaction effects 

coefficients for the corresponding route-run 𝑟, information scenario 𝑖 ∈ 𝐼 = {CT, AT, PI}, and time 

window 𝑡 ∈ 𝑇 = {𝑡1, 𝑡2, 𝑡3}.  𝛾𝑛 is the random effects coefficient for participant-repeated measures 

arising from band powers in the four time windows across all runs and 𝜀𝑟𝑡𝑛 is the normally 

distributed error term. 𝛿𝑟𝑖𝑛 is the indicator variable for the information scenario 𝑖 presented to 

participant 𝑛 in the corresponding route-run 𝑟. LMMs are estimated using the statsmodels module 

in the Python programming language (StatsModels, 2019), which finds the maximum likelihood 

estimates of the model coefficients using an expectation-maximization algorithm. 

The experimental scenarios are designed to create similar ambient traffic conditions across 

runs within the analysis timeframe (i.e., the four time periods in the vicinity of the information 

provision location) for each route. Driver interactions with the immediate surrounding vehicles 

(for example, lane change) can contribute to unwanted noise in the EEG data and, thereby, the 

model. However, this study deliberately allows such interactions to simulate realistic driving 

conditions and enhance the ecological validity of the study results. Moreover, the choice of NI and 

𝑡0 as references allow analyzing the real-time information impacts on drivers while segregating 
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the effects of systematic route characteristics (for example, road curvature and sign boards) and 

macroscopic traffic conditions (i.e., traffic density and speed).  

3. Results  

Due to the large number of coefficients from 76 LMMs (19 EEG channels × 4 EEG bands), 

we use a heatmap-based visualization to illustrate the results (see Appendix II for details of the 

visualization). The LMM results for the delta, theta, alpha, and beta bands are illustrated in Figure 

8-Figure 11, respectively. Each figure illustrates a collection of heatmap-based visualization of the 

model coefficients for all EEG channels (hereafter referred to as brain-maps) grouped by 

experiment run (row) and routes (column). The upper-left brain-maps (i.e., NI-𝑡0) for each run and 

route represent the main effect of route-run (𝛽𝑟), except for the freeway and run 1 which represents 

the model intercept (𝛽0). The other brain-maps in the first row of each run (i.e., NI-𝑡1, NI-𝑡2 and 

NI-𝑡3) and the first column of each route (i.e., CT-𝑡0, AT-𝑡0 and PI-𝑡0) represent the second-level 

interaction effects of route-run with the time stages (𝛽𝑟,𝑡) and the information scenarios (𝛽𝑟,𝑖), 

respectively, while the other brain-maps represent their third-level interaction effects (𝛽𝑟,𝑖,𝑡). The 

changes in band powers (i.e., the model coefficients) due to the main and interaction effects are 

depicted as heatmaps, with red indicating positive values (i.e., marginal increase in the band power 

due to the effect) and blue indicating negative values (i.e., marginal decrease in the band power 

due to the effect). The model coefficients with statistical significance level of 99% (p < 0.01) and 

95% (p < 0.05) are represented by solid circles and hollow circles, respectively, in the figures. 

Statistically non-significant model coefficients are also included in the figures to compare the 

impacts of information characteristics and time stages of interaction with information on EEG 

band powers. Such results can illustrate whether the cognitive or psychological state remains 

unchanged for the given stimulus and/or during the time period of interest (e.g., see Alonso et al., 

2015; Jap et al., 2009; Simon et al., 2011). The model intercepts are significantly larger than the 

main and interaction effects, as the intercepts (i.e., NI-𝑡0 for run 1 on the freeway route) represent 

the base EEG band powers (i.e., brain electrical activity under the experimental conditions in the 

absence of a stimulus), while other coefficients represent the changes in EEG band powers relative 

to their corresponding intercepts. Further, the coefficients corresponding to the time window 𝑡0 

are of little interest as they represent the band powers before the information provision location 

rather than the effects of information, which may be affected by unobserved factors (e.g., fatigue, 

learning effects) across runs related to driving. The unobserved heterogeneity between participants 

across different time windows and runs is captured by the random effects parameter 𝛾𝑛. The values 

of 𝛾𝑛 for the estimated 76 LMMs range between 0.009 and 0.079, with a mean and standard 

deviation of 0.038 and 0.018, respectively. 
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Figure 8 Linear mixed model results for the delta band 
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Figure 9 Linear mixed model results for the theta band 
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Figure 10 Linear mixed model results for the alpha band
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Figure 11 Linear mixed model results for the beta band 2 

  3 
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4.  Discussion 1 

This section discusses the cognitive and psychological effects of the driving environment 2 

complexity (i.e., route characteristics and macroscopic traffic conditions) and information 3 

characteristics, and their interactions, by analyzing the differences in band powers across runs, 4 

routes, information scenarios, and time windows in the vicinity of the information provision 5 

location. Other effects that arise from the experimental settings, including learning or familiarity 6 

effects and driver fatigue, are also discussed.  7 

4.1 Effects of driving environment complexity 8 

In the first experiment run (run 1), as participants do not have prior experience with information 9 

provision, the differences in band powers in Figures 8-11 under the NI scenario are likely caused 10 

by the systematic effects of the driving environment complexity. These differences are illustrated 11 

by the run 1 model coefficients of the NI scenario (i.e., NI-𝑡1, NI-𝑡2 and NI-𝑡3 brain-maps) for 12 

both freeway and arterial routes. The results show little or no differences in the EEG band powers 13 

for the freeway route. The slightly lower delta and theta band powers as illustrated in Figures 8 14 

and 9, especially in the sensory regions of the brain (i.e., temporal and occipital), indicate 15 

systematic impacts of the driving environment in the vicinity of the information provision location. 16 

This reasoning is further supported by the significantly lower delta and theta band powers for the 17 

arterial route, which has a more complex and dynamic driving environment than the freeway route. 18 

The steadily decreasing delta and theta band powers with time, mainly in the frontal and temporal 19 

regions of the brain, on the arterial route under NI are most likely caused by the diminishing task 20 

demand (i.e., attention to internal processing, memory retrieval, and memory processing) after 21 

drivers’ interactions with the road objects providing trip-related information (for example, street 22 

name signs) upstream of the information provision location (i.e., during 𝑡0). This is consistent with 23 

the study network as the first information provision location on the arterial route is immediately 24 

after an intersection comprising of several road objects (see Figure 1). These results indicate that 25 

the driving environment in the vicinity of the information provision location affects the EEG band 26 

powers. 27 

The results also illustrate that the delta and theta band powers, mainly in the frontal and 28 

temporal regions of the brain, are higher and increase with time on the arterial route under 29 

information provision (CT, AT, and PI) in run 1, which indicates a higher task demand to process 30 

and contextualize the information. By contrast, the delta and theta band powers are either mostly 31 

unchanged (under CT) or higher (under AT and PI) on the freeway route in run 1. This suggests 32 

that drivers likely expended higher cognitive effort (in terms of the task demand) to process real-33 

time travel information when driving in a more complex environment. Thus, providing real-time 34 

auditory travel information, such as from smartphones and radio, in complex driving environments 35 

could distract drivers from the primary driving task by diverting their cognitive resources towards 36 

internal processing, memory retrieval, and memory processing and, thereby, have negative 37 

implications for road safety. These findings are consistent with the existing body of literature that 38 

has reported higher levels of driver distraction while driving in complex road and traffic 39 

environments (see Young and Regan, 2007 for a review). 40 
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4.2 Effects of information characteristics 1 

The results show that the differences in band powers because of the information characteristics 2 

(amount, sufficiency, and content) vary between the freeway and arterial routes. This indicates that 3 

the cognitive and psychological effects of real-time travel information differ between routes with 4 

different driving environment complexity. The differences in the cognitive effects arise because 5 

driving on routes with different complexity requires different amounts of cognitive resources for 6 

the driving task, and as per the Multiple Resource Theory (Wickens, 2008), affects the cognitive 7 

resources available for information perception and processing while driving. The psychological 8 

effects differ because they are associated with the ability and ease of making a routing decision 9 

(i.e., decisiveness). However, these routing decision characteristics depend on the information 10 

characteristics and the travel time uncertainties on the available routes (Ettema and Timmermans, 11 

2006), which are based on their driving environment complexity. The interaction effects of the 12 

driving environment complexity and information characteristics on the EEG band powers are 13 

discussed in the next section.  14 

4.3 Interaction effects of driving environment complexity and information characteristics 15 

In run 1, the results illustrate that the delta (Figure 8) and theta (Figure 9) band powers increase 16 

with time under CT and are significantly higher compared to AT and PI on the arterial route, while 17 

these band powers are mostly unchanged under CT and are lower compared to AT and PI on the 18 

freeway route. These findings suggest that insufficient travel information (CT) induces higher task 19 

demand on drivers to process and contextualize the information when driving in a more complex 20 

driving environment. This could be because drivers typically seek more information when 21 

traveling on routes characterized by higher travel time uncertainty (i.e., the arterial route) (Ettema 22 

and Timmermans, 2006; Zhang and Levinson, 2008) and, therefore, expend more cognitive effort 23 

to retrieve and process information from their memory (i.e., task demand) when provided with 24 

insufficient travel information regarding their trip. This suggests that providing insufficient travel 25 

information in a more complex driving environment can significantly distract drivers from the 26 

driving task due to higher task demand. Thus, information providers (private or public) should 27 

either avoid providing insufficient information to drivers in complex driving environments or 28 

carefully weigh the advantages (for example, reduced travel uncertainty) and disadvantages (for 29 

example, reduced road safety) before providing such information. 30 

In Figure 10, the slightly lower alpha band power in the temporal and occipital regions of the 31 

brain during the auditory information under AT and PI on the arterial route in run 1 compared to 32 

the mostly unchanged alpha band power under CT suggests that drivers exhibit higher alertness 33 

and sensory-intake to perceive and process more information units (AT and PI have twice the 34 

amount of information units as CT). Similarly, in Figure 11, the slightly lower beta band power 35 

under AT compared to CT on the arterial route in run 1 illustrates a higher level of driver distraction 36 

from the semantic task (i.e., perceiving and processing auditory information) due to more amount 37 

of information. However, these band powers are mostly unchanged on the freeway route, 38 

indicating that the aforementioned cognitive effects of the information amount are exhibited 39 

primarily when driving in a complex driving environment. These findings illustrate an interesting 40 

tradeoff between information sufficiency and information amount (as they are typically positively 41 

correlated), where providing more units of auditory travel information and providing insufficient 42 
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information in a complex driving environment increases driver distraction. Thus, information 1 

providers should avoid providing redundant information that will not add to the information 2 

sufficiency. Further, the underlying cause of distraction due to the higher information amount is 3 

primarily related to information perception, and it will likely vary with the modality of information 4 

(for example, auditory and visual). However, in case of insufficient information, distraction is 5 

related to memory retrieval and processing, which is independent of the information modality. 6 

Further research comparing different information modalities can aid in better understanding their 7 

roles.  8 

The beta band power under PI is higher after the first instance of auditory information (i.e., 9 

during 𝑡2 and 𝑡3) on the freeway route in run 1. By contrast, it is mostly unchanged on the arterial 10 

route. Sciaraffa et al. (2022) reported a high correlation between beta band power in the parietal 11 

region and level of stress during realistic driving in a simulator by benchmaking it against NASA-12 

TLX, which they also validated in a controlled non-driving multitasking experiment. Thus, the 13 

observed increase in the beta band power (see Figure 11) suggests an increase in psychological 14 

stress and anxiety among drivers due to the recommended route switch to the arterial route, which 15 

is characterized by a higher travel time uncertainty. Therefore, while drivers expend lesser 16 

cognitive efforts to perceive and process the information on the freeway route, the 17 

recommendation to switch to the alternative route with higher travel time uncertainty due to 18 

downstream congestion on the current route results in a seemingly difficult route choice decision 19 

and induces stress and anxiety. The increased psychological stress and anxiety can adversely 20 

impact the consistency of drivers’ route choice decision-making process. Consequently, it will 21 

reduce the reliability of traffic network flow predictions under real-time information provision in 22 

complex driving environments if it is not explicitly factored in route choice behavior models by 23 

traffic operators. It can also affect other aspects of driver behavior, such as car-following behavior 24 

(Paschalidis et al., 2019), which may impact road safety. Further, inadequate consideration of these 25 

psychological effects can negatively affect user experience with the information systems and 26 

reduce their trust in these systems. 27 

4.4 Other effects 28 

The differences in band powers in the second experiment run (run 2) are quite different than 29 

those in the first experiment run, which can be mostly attributed to the learning effects due to 30 

participants’ increasing familiarity with the driving simulator, study network, and information 31 

sources. The third experiment run (run 3) is characterized by the combined impacts of learning, 32 

driver fatigue (participants have already spent around 2 to 2.5 hours in the laboratory by then), 33 

drowsiness, and the “end-spurt” effect that occurs when participants know that the experiment is 34 

in its final stage (Morales et al., 2017).  35 

On the arterial route in run 2, the mostly unchanged delta and theta band powers under NI 36 

suggest reduced systematic effects of the driving environment, likely because of the reduced 37 

attention towards the road objects providing trip-related information before the information 38 

provision location. This is also supported by the slightly lower alpha band power in the parietal 39 

and temporal regions of the brain during 𝑡1, which could manifest from the expectancy of real-40 

time information and simple memory task to pinpoint the information provision location from 41 

recognizable landmarks (i.e., road signs and built environment in the simulator) on the arterial 42 
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route. On the arterial route in run 3, the delta and theta band powers under NI are lower (similar to 1 

run 1), but with reduced magnitude and an increasing trend over time. This could be because of 2 

the quicker recognition of road characteristics due to increased familiarity with the study network. 3 

These findings illustrate the learning (familiarity) effects of drivers with the driving environment 4 

and real-time information systems. Previous studies have shown that increased familiarity with the 5 

road environment can lead to automaticity or inattention blindness (Charlton and Starkey, 2013, 6 

2011), which manifests as reduced mental demand to process the road environment. It also 7 

illustrates the importance of providing real-time travel information consistently (by information 8 

providers) at locations where drivers expect to receive information, to avoid unwanted 9 

psychological stress and anxiety. 10 

Some interaction effects of the driving environment complexity and information characteristics 11 

can be observed from the results of runs 2 and 3. On the freeway route in run 2, the higher theta 12 

band power under PI compared to CT and AT indicates a higher task demand when the descriptive 13 

information is not provided. The significantly lower alpha band power under CT and PI suggests 14 

an increase in simple memory tasks to recall missing travel time information for the alternative 15 

route. The significantly lower beta band power under CT and PI suggests lower psychological 16 

stress and anxiety upon receiving the information about the current route, likely due to drivers’ 17 

premeditated routing decisions (based on their prior experiences during the experiment) to not 18 

switch to a route with higher travel time uncertainty (3 out of 4 drivers stayed on the freeway route 19 

under PI in run 2 compared to 0 out of 7 drivers in run 1). There are little or no differences in the 20 

EEG band powers under information provision (CT, AT, and PI) for the arterial route in run 2, 21 

except for a slight increase in theta band power under CT that suggests an increase in inward focus 22 

and memory processing under insufficient information.  23 

On the arterial route in run 3, the delta and theta band powers in the left frontotemporal region 24 

are higher under the descriptive information scenarios (CT and AT) similar to run 1 but decrease 25 

with time unlike in run 1. This suggests a quicker memory retrieval and processing of the 26 

information, which could be attributed to increased accessibility to relevant information in the 27 

memory from repeated driving tasks in a short period of time. The lower theta power in the parietal 28 

region under AT and CT could be a result of reduced drowsiness (Brown et al., 2013) upon 29 

receiving descriptive auditory information. This illustrates the importance of developing integrated 30 

real-time information and driver monitoring systems that information providers and automobile 31 

manufacturers can use to mitigate driver drowsiness by providing descriptive information when 32 

the system identifies a drowsy driver. The widespread decrease in the alpha band power under 33 

information provision indicates higher alertness, simple memory tasks, and sensory-intake to 34 

perceive and process external stimuli due to increasing familiarity with the driving simulator and 35 

the driving environment. The EEG band powers under information provision (CT, AT, and PI) are 36 

mostly unchanged on the freeway route in run 3. 37 

A summary of the cognitive and psychological main and interaction effects of the driving 38 

environment complexity and information characteristics, and their implications for different 39 

stakeholders, is presented in Table 2. 40 

As discussed before, the second and third experiment runs are affected by the overlapping 41 

presence of learning effects with the equipment (i.e., driving simulator), study network, and 42 

information sources as well as driver fatigue and drowsiness, which limits the ability of the current 43 
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experiment design to make concrete inferences on the cognitive and psychological effects of real-1 

time information for these runs. More focused experiment designs are needed to analyze the 2 

impacts of learning, fatigue, and drowsiness on the cognitive and psychological effects of real-3 

time information provision. 4 
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Table 2 Summary of the cognitive and psychological effects of driving environment complexity and information characteristics  

Run Route Scenario 
Information 

characteristics 

Observations Inferences 
Real-world 

implications EEG 

band 

Physiological 

differences 
Cognitive effects Psychological effects 

Effects of driving environment complexity 

Run 1 

Freeway 

NI - 

Delta 

and 

theta 

Slightly lower Diminishing task demand 

after drivers’ interactions 

with the road objects in a 

complex environment 

- - 

Arterial 

Significantly lower 

and decreasing with 

time 

Run 1 

Freeway 

CT/AT/PI 
Information 

provision 

Delta 

and 

theta 

Mostly unchanged 

or higher 
Higher task demand to 

process information in a 

complex environment 

- 

Driver distraction due 

to information 

provision Arterial 
Higher and 

increasing with time 

Interaction effects of driving environment complexity and information characteristics 

Run 1 

Freeway 
CT 

Information 

sufficiency 

Delta 

and 

theta 

Mostly unchanged 

Higher task demand to 

process and contextualize 

insufficient information in 

a complex environment 

- 

Driver distraction due 

to higher task 

demand 

AT/PI Higher 

Arterial 
CT 

Significantly higher 

and increasing with 

time 

AT/PI Higher 

Run 1 Arterial 

CT 

Information 

amount 
Alpha 

Mostly unchanged 

(in temporal and 

occipital regions) 

Higher alertness and 

sensory-intake to perceive 

and process more 

information units in a 

complex environment 

- 

Driver distraction due 

to information 

perception 
AT/PI 

Slightly lower (in 

temporal and 

occipital regions) 
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Run 1 Arterial 

CT 

Information 

amount 
Beta 

Mostly unchanged 
Higher level of driver 

distraction from a 

semantic task of 

perceiving and processing 

more information units in 

a complex environment 

- 

Driver distraction due 

to information 

perception 
AT Slightly lower 

Run 1 

Freeway 

PI 
Information 

content 
Beta 

Higher and 

increasing with time 

- 

Higher psychological 

stress and anxiety due to 

the recommended switch 

to a more complex route 

with higher travel time 

uncertainty 

Adverse implications 

for modeling route 

choice behavior  Arterial Mostly unchanged 

Other effects 

Run 2 Arterial NI - 

Delta 

and 

theta 

Mostly unchanged 

Reduced attention towards 

the road objects in a 

complex environment 

- - 

Run 2 Arterial NI - Alpha Slightly lower 

Expectancy of 

information and simple 

memory tasks to pinpoint 

information location in a 

complex environment 

- - 

Run 2 Freeway 

PI 
Information 

content 
Theta 

Higher Higher task demand in the 

absence of descriptive 

information 

- - 
CT/AT 

Lower or mostly 

unchanged 

Run 2 Freeway 

CT/PI 
Information 

sufficiency and 

content 

Alpha 

Significantly lower 
Increase in simple 

memory tasks to recall 

missing travel time 

information on the 

alternative route 

- - 

AT Mostly unchanged 

Run 2 Freeway 

CT/PI Information 

sufficiency and 

content 

Beta 

Lower 

- 

Lower psychological 

stress and anxiety due to 

receiving information 

about the current route 

Reduced stress and 

anxiety to reaffirm 

premeditated 

decisions 
AT Mostly unchanged 
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Run 3 Arterial NI - 

Delta 

and 

theta 

Lower and 

increasing with time 

Quicker recognition of 

road characteristics due to 

increased familiarity 

compared to run 1 

- - 

Run 3 Arterial CT/AT - 

Delta 

and 

theta 

Higher and 

decreasing with time 

Quicker memory retrieval 

and processing of the 

information compared to 

run 1 

- - 

Run 3 Arterial 

CT/AT 
Information 

content 
Theta 

Lower (in parietal 

region) 
Reduced drowsiness due 

to receiving descriptive 

information  

- 

Descriptive 

information provision 

can help reduce 

driver drowsiness PI 
Mostly unchanged 

(in parietal region) 

Run 3 Arterial CT/AT/PI 
Information 

provision 
Alpha Significantly lower 

Higher alertness, simple 

memory tasks, and 

sensory-intake to perceive 

and process information 

due to increasing 

familiarity 

- - 
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5. Concluding Comments 1 

An understanding of traveler interactions with information provided in an increasingly 2 

information-rich vehicular environment is critical to the design of user-friendly in-vehicle 3 

environments as well as information design and delivery. Poorly designed real-time information 4 

can have several negative implications for the driver as well as the transportation system. For 5 

example, increased driver distraction from real-time information can substantially increase the risk 6 

of road accident (Donmez et al., 2007). At the same time, the characteristics of real-time 7 

information and the cognitive effects induced from it have significant impacts on drivers’ route 8 

choice decisions (Agrawal and Peeta, 2021), which consequently affects traffic patterns and can 9 

exacerbate level of congestion. In this context, this study evaluates the cognitive and psychological 10 

effects of real-time auditory travel information on drivers. EEG is used to measure drivers’ brain 11 

electrical signals to estimate the information-induced cognitive and psychological effects in a 12 

network-level driving simulator environment in which drivers choose between two routes (arterial 13 

and freeway) with different driving environment complexity (in terms of route characteristics and 14 

macroscopic traffic conditions) to reach the destination.  15 

Several mechanisms are designed to simulate realistic driving conditions and enhance the 16 

ecological validity of the study results. First, participants were provided with a driving objective 17 

(i.e., commute to work) to elicit driving intent. Second, a point-based reward system was employed 18 

to track their intent to reach the destination on time as well as their compliance with traffic rules 19 

and safe driving actions. Third, a microscopic traffic simulator was integrated with the driving 20 

simulator to generate responsive ambient traffic that enables participants to freely interact with the 21 

surrounding vehicles.  22 

Four information scenarios with varying information characteristics (amount, sufficiency, and 23 

content) are created to provide drivers with real-time auditory travel information prior to making 24 

route choice decisions. The impacts of information characteristics and time stages of interaction 25 

with information (before, during, and after) on EEG band powers are evaluated using linear mixed 26 

models. The differences in band powers are analyzed to investigate the cognitive and 27 

psychological effects of the driving environment complexity, information characteristics, and their 28 

interactions. Three key inferences are obtained on the cognitive and psychological effects of real-29 

time travel information provision on drivers. First, processing real-time auditory travel information 30 

while driving on a route with a complex driving environment (i.e., several road objects, complex 31 

traffic interactions, and higher travel time uncertainty) requires more cognitive effort and induces 32 

higher task demand (i.e., increased attention to internal processing, memory retrieval, and memory 33 

processing). Second, processing and contextualizing insufficient real-time travel information 34 

results in higher task demand when traveling on routes characterized by higher travel time 35 

uncertainty. However, perceiving and processing more amount of information requires more 36 

cognitive efforts from the drivers in a complex driving environment. Third, the recommendation 37 

to switch to a more complex route with higher travel time uncertainty (i.e., from the freeway route 38 

to the arterial route in this study) can cause higher psychological stress and anxiety among drivers, 39 

which may impact their route choice decision-making process.  40 
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The study provides a comprehensive analysis of several factors (i.e., information 1 

characteristics, time stages of interaction with information, and driving environment) that impact 2 

the cognitive and psychological effects of real-time travel information using drivers’ EEG data. 3 

Information providers (private and public) and auto manufacturers can incorporate the insights 4 

from this study on the cognitive effects of information to design real-time information and its 5 

delivery systems for improving road safety and user experience. The study also contributes to 6 

improving the understanding of the psychological aspects of real-time information and their 7 

impacts on drivers’ route choices, which can help traffic operators to better predict traffic network 8 

flows under real-time information provision. 9 

Two limitations can be identified for this study. First, the sample population is skewed towards 10 

young adults (mostly under 30 years), which can affect the generalizability of the study results. 11 

This is partly due to instrumentation constraints (for example, no corrective glasses and 12 

predisposition to motion sickness). Second, the effects of learning, fatigue, and drowsiness are not 13 

controlled in the current experiment design. In future studies, such effects can be captured through 14 

focused experiment design and a sample that is correspondingly representative. Other future 15 

research directions include developing hybrid driver behavior models incorporating driver 16 

cognition and psychology estimated using physiological data under real-time information 17 

provision, evaluating other characteristics of real-time travel information (for example, source and 18 

modality), analyzing the impacts of pre-information cognitive states (for example, driver fatigue) 19 

on real-time information perception/processing and route choice decision-making behavior, 20 

comparing the cognitive and psychological effects of real-time information estimated using 21 

physiological data and self-reported survey data, and developing an integrated real-time 22 

information system and driver monitoring system to optimally design the information to be 23 

provided based on the driver’s psychophysiological states.  24 

Acknowledgements 25 

This research was funded by the United States Department of Transportation (USDOT) 26 

through the Region 5 University Transportation Center: Center for Connected and Automated 27 

Transportation (grant no. 69A3551747105). Any opinions or findings expressed in this material 28 

are those of the authors and do not necessarily reflect the views of the USDOT. The authors would 29 

also like to thank the students from the NEXTRANS Center at Purdue University for their 30 

assistance in running the driving simulator experiments. 31 

CRediT authorship contribution statement  32 

Shubham Agrawal: Conceptualization, Data curation, Formal analysis, Investigation, 33 

Methodology, Software, Project administration, Visualization, Writing – Original draft. Srinivas 34 

Peeta: Conceptualization, Methodology, Project administration, Writing – Review & Editing, 35 

Resources, Supervision, Funding acquisition. Irina Benedyk: Investigation, Methodology, 36 

Writing – Review & Editing. 37 



29 

 

Declaration of interest statement 1 

The authors declare that they have no known competing financial interests or personal 2 

relationships that could have appeared to influence the work reported in this paper. 3 

References 4 

Abe, G., & Richardson, J. (2006). The influence of alarm timing on driver response to collision 5 

warning systems following system failure. Behaviour and Information Technology, 25(5), 6 

443–452. https://doi.org/10.1080/01449290500167824 7 

Abhang, P. A., Gawali, B. W., & Mehrotra, S. C. (2016a). Introduction to emotion, 8 

electroencephalography, and speech processing. In Introduction to EEG- and Speech-Based 9 

Emotion Recognition. Academic Press. https://doi.org/10.1016/b978-0-12-804490-2.00001-4 10 

Abhang, P. A., Gawali, B. W., & Mehrotra, S. C. (2016b). Technological basics of EEG recording 11 

and operation of apparatus. In Introduction to EEG- and Speech-Based Emotion Recognition. 12 

https://doi.org/10.1016/b978-0-12-804490-2.00002-6 13 

Advanced Brain Monitoring. (2017). B-Alert X24 - Advanced Brain Monitoring. 14 

http://www.advancedbrainmonitoring.com/xseries/x24/ Accessed 21 February 2017. 15 

Aftanas, L. I., & Golocheikine, S. A. (2001). Human anterior and frontal midline theta and lower 16 

alpha reflect emotionally positive state and internalized attention: High-resolution EEG 17 

investigation of meditation. Neuroscience Letters, 310(1), 57–60. https://doi.org/11524157 18 

Agrawal, S., Zheng, H., Peeta, S., & Kumar, A. (2016). Routing aspects of electric vehicle drivers 19 

and their effects on network performance. Transportation Research Part D: Transport and 20 

Environment, 46, 246–266. https://doi.org/10.1016/j.trd.2016.04.002 21 

Agrawal, S., & Peeta, S. (2021). Hybrid route choice model incorporating latent cognitive effects 22 

of real-time travel information using physiological data. Transportation Research Part F: 23 

Traffic Psychology and Behaviour, 81, 223–239. https://doi.org/10.1016/j.trf.2021.05.021 24 

Almahasneh, H., Chooi, W. T., Kamel, N., & Malik, A. S. (2014). Deep in thought while driving: 25 

An EEG study on drivers’ cognitive distraction. Transportation Research Part F: Traffic 26 

Psychology and Behaviour, 26(PA), 218–226. https://doi.org/10.1016/j.trf.2014.08.001 27 

Alonso, J.F., Romero, S., Ballester, M.R., Antonijoan, R.M., Mañanas, M.A., 2015. Stress 28 

assessment based on EEG univariate features and functional connectivity measures. 29 

Physiological Measurement 36, 1351–65. https://doi.org/10.1088/0967-3334/36/7/1351 30 

B-Alert. (2009). B-Alert User Manual. 31 

Barua, S., Ahmed, M. U., Ahlström, C., & Begum, S. (2019). Automatic driver sleepiness 32 

detection using EEG, EOG and contextual information. Expert Systems with Applications, 115, 33 

121–135. https://doi.org/10.1016/j.eswa.2018.07.054 34 

Ben-Elia, E., & Avineri, E. (2015). Response to travel information: A behavioural review. 35 

Transport Reviews, 35(3), 352–377. https://doi.org/10.1080/01441647.2015.1015471 36 

http://www.advancedbrainmonitoring.com/xseries/x24/
https://doi.org/10.1016/j.trf.2014.08.001


30 

 

Ben-Elia, E., Di Pace, R., Bifulco, G. N., & Shiftan, Y. (2013). The impact of travel information’s 1 

accuracy on route-choice. Transportation Research Part C: Emerging Technologies, 26, 146–2 

159. https://doi.org/10.1016/j.trc.2012.07.001 3 

Ben-Elia, E., Erev, I., & Shiftan, Y. (2008). The combined effect of information and experience 4 

on drivers’ route-choice behavior. Transportation, 35(2), 165–177. 5 

https://doi.org/10.1007/s11116-007-9143-7 6 

Benedetto, S., Pedrotti, M., Minin, L., Baccino, T., Re, A., & Montanari, R. (2011). Driver 7 

workload and eye blink duration. Transportation Research Part F: Traffic Psychology and 8 

Behaviour, 14(3), 199–208. https://doi.org/10.1016/j.trf.2010.12.001 9 

Berka, C., Levendowski, D. J., Lumicao, M. N., Yau, A., Davis, G., Zivkovic, V. T., Olmstead, R. 10 

E., Tremoulet, P. D., & Craven, P. L. (2007). EEG correlates of task engagement and mental 11 

workload in vigilance, learning, and memory tasks. Aviation, Space, and Environmental 12 

Medicine, 78(5), B231–B244. https://doi.org/10.1016/j.biopsycho.2011.03.003 13 

Berka, C., Levendowski, D. J., Westbrook, P., Davis, G., Lumicao, M. N., Ramsey, C., Petrovic, 14 

M. M., Zivkovic, V. T., & Olmstead, R. E. (2005). Implementation of a closed-loop real-time 15 

EEG-based drowsiness detection system: Effects of feedback alarms on performance in a 16 

driving simulator. HCI International 2005. Proceedings of the 11th International Conference 17 

on Human-Computer Interaction, Las Vegas, Nevada, USA, May 2016, 651–660. 18 

Bernard, J. A., Taylor, S. F., & Seidler, R. D. (2011). Handedness, dexterity, and motor cortical 19 

representations. Journal of Neurophysiology, 105(1), 88–99. 20 

https://doi.org/10.1152/jn.00512.2010 21 

Birrell, S. A., & Young, M. S. (2011). The impact of smart driving aids on driving performance 22 

and driver distraction. Transportation Research Part F: Psychology and Behaviour, 14(6), 23 

484–493. https://doi.org/10.1016/j.trf.2011.08.004 24 

Bisley, J. W., & Goldberg, M. E. (2010). Attention, intention, and priority in the parietal lobe. 25 

Annual Review of Neuroscience, 33(1), 1–21. https://doi.org/10.1146/annurev-neuro-060909-26 

152823 27 

Blume, W. T. (2006). Drug effects on EEG. Journal of Clinical Neurophysiology, 23(4), 306–311. 28 

https://doi.org/10.1097/01.wnp.0000229137.94384.fa 29 

Bonsall, P. (1992). The influence of route guidance advice on route choice in urban networks. 30 

Transportation, 19(1), 1–23. https://doi.org/10.1007/BF01130771 31 

Brookhuis, K. A., & de Waard, D. (2010). Monitoring drivers’ mental workload in driving 32 

simulators using physiological measures. Accident Analysis and Prevention, 42(3), 898–903. 33 

https://doi.org/10.1016/j.aap.2009.06.001 34 

Brown, T., Johnson, R., & Milavetz, G. (2013). Identifying periods of drowsy driving using EEG. 35 

Annals of Advances in Automotive Medicine, 57, 99–108. 36 

Calsavara, F., Kabbach, F. I., & Larocca, A. P. C. (2021). Effects of fog in a brazilian road segment 37 

analyzed by a driving simulator for sustainable transport: Drivers’ speed profile under in-38 



31 

 

vehicle warning systems. Sustainability (Switzerland), 13(19). 1 

https://doi.org/10.3390/su131910501 2 

Charlton, S. G., & Starkey, N. J. (2011). Driving without awareness: The effects of practice and 3 

automaticity on attention and driving. Transportation Research Part F: Traffic Psychology 4 

and Behaviour, 14(6), 456–471. https://doi.org/10.1016/j.trf.2011.04.010 5 

Charlton, S. G., & Starkey, N. J. (2013). Driving on familiar roads: Automaticity and inattention 6 

blindness. Transportation Research Part F: Traffic Psychology and Behaviour, 19, 121–133. 7 

https://doi.org/10.1016/j.trf.2013.03.008 8 

Chayer, C., & Freedman, M. (2001). Frontal lobe functions. Current Neurology and Neuroscience 9 

Reports, 1(6), 547–552. https://doi.org/10.1007/s11910-001-0060-4 10 

Chen, J., Wang, H., & Hua, C. (2018). Assessment of driver drowsiness using 11 

electroencephalogram signals based on multiple functional brain networks. International 12 

Journal of Psychophysiology, 133, 120–130. https://doi.org/10.1016/j.ijpsycho.2018.07.476 13 

Chen, P. S.-T., Srinivasan, K. K., & Mahmassani, H. S. (1999). Effect of information quality on 14 

compliance behavior of commuters under real-time traffic information. Transportation 15 

Research Record: Journal of the Transportation Research Board, 1676(1676), 53–60. 16 

https://doi.org/10.3141/1676-07 17 

Choi, B. C. K., & Pak, A. W. P. (2005). Exploring the pathways of homologous recombination. 18 

Preventing Chronic Disease, 2(1), 1–13. https://doi.org/A13 [pii] 19 

Chorus, C. G., Arentze, T. A., Molin, E. J. E. E., Timmermans, H. J. P. P., Wee, B. Van, & Van 20 

Wee, B. (2006). The value of travel information: Decision strategy-specific conceptualizations 21 

and numerical examples. Transportation Research Part B: Methodological, 40(6), 504–519. 22 

https://doi.org/10.1016/j.trb.2005.08.002 23 

Chorus, C. G., Arentze, T. A., & Timmermans, H. J. P. (2008). A random regret-minimization 24 

model of travel choice. Transportation Research Part B: Methodological, 42(1), 1–18. 25 

https://doi.org/10.1016/j.trb.2007.05.004 26 

Coleman, J. R., Turrill, J., Cooper, J. M., & Strayer, D. L. (2016). Cognitive workload using 27 

interactive voice messaging systems. Proceedings of the Human Factors and Ergonomics 28 

Society, 60(1), 1887–1891. https://doi.org/10.1177/1541931213601431 29 

Craig, A., Tran, Y., Wijesuriya, N., & Nguyen, H. (2012). Regional brain wave activity changes 30 

associated with fatigue. Psychophysiology, 49(4), 574–582. https://doi.org/10.1111/j.1469-31 

8986.2011.01329.x 32 

Dia, H. (2002). An agent-based approach to modelling driver route choice behaviour under the 33 

influence of real-time information. Transportation Research Part C: Emerging Technologies, 34 

10, 331–349. https://doi.org/10.1016/S0968-090X(02)00025-6 35 

Donmez, B., Boyle, L. N., & Lee, J. D. (2007). Safety implications of providing real-time feedback 36 

to distracted drivers. Accident Analysis and Prevention, 39, 581–590. 37 

https://doi.org/10.1016/j.aap.2006.10.003 38 



32 

 

Doppelmayr, M., Klimesch, W., Hödlmoser, K., Sauseng, P., & Gruber, W. (2005). Intelligence 1 

related upper alpha desynchronization in a semantic memory task. Brain Research Bulletin, 2 

66(2), 171–177. https://doi.org/10.1016/j.brainresbull.2005.04.007 3 

Dudek, C. L. (2004). Changeable message sign operation and messaging handbook. FHWA, U.S. 4 

Department of Transportation, Report FHWA-OP-03-070. 5 

Ettema, D., & Timmermans, H. (2006). Costs of travel time uncertainty and benefits of travel time 6 

information: Conceptual model and numerical examples. Transportation Research Part C: 7 

Emerging Technologies, 14(5), 335–350. https://doi.org/10.1016/j.trc.2006.09.001 8 

Faure, V., Lobjois, R., & Benguigui, N. (2016). The effects of driving environment complexity 9 

and dual tasking on drivers’ mental workload and eye blink behavior. Transportation Research 10 

Part F: Traffic Psychology and Behaviour, 40, 78–90. 11 

https://doi.org/10.1016/j.trf.2016.04.007 12 

Friederici, A. D. (2011). The brain basis of language processing: From structure to function. 13 

Physiological Reviews, 91(4), 1357–1392. https://doi.org/10.1152/physrev.00006.2011 14 

Foxe, J. J., Simpson, G. V., & Ahlfors, S. P. (1998). Parieto-occipital ~10 Hz activity reflects 15 

anticipatory state of visual attention mechanisms. NeuroReport, 9(17), 3929–3933. 16 

https://doi.org/10.1097/00001756-199812010-00030 17 

Gao, S., Frejinger, E., & Ben-Akiva, M. (2011). Cognitive cost in route choice with real-time 18 

information: An exploratory analysis. Transportation Research Part A: Policy and Practice, 19 

45(9), 916–926. https://doi.org/10.1016/j.tra.2011.04.008 20 

Gharagozlou, F., Saraji, G. N., Mazloumi, A., Nahvi, A., Nasrabadi, A. M., Foroushani, A. R., 21 

Kheradmand, A. A., Ashouri, M., & Samavati, M. (2015). Detecting driver mental fatigue 22 

based on EEG alpha power changes during simulated driving. Iranian Journal of Public 23 

Health, 44(12), 1693–1700. 24 

Green, P. (2000). Crashes induced by driver information systems and what can be done to reduce 25 

them. Proceedings of SEA Convergence 2000, 27–36. 26 

https://doi.org/10.1145/2470654.2470703 27 

Haak, M., Bos, S., Panic, S., & Rothkrantz, L. J. M. (2009). Detecting stress using eye blinks and 28 

brain activity from EEG signals. Proceedings of 1st Driver Car Interaction & Interface 29 

Conference (DCII 2008), 75–82. https://doi.org/10.1099/ijs.0.02461-0 30 

Han, K., Friesz, T. L., & Yao, T. (2013). Existence of simultaneous route and departure choice 31 

dynamic user equilibrium. Transportation Research Part B: Methodological, 53, 17–30. 32 

https://doi.org/10.1016/j.trb.2013.01.009 33 

Harmony, T. (2013). The functional significance of delta oscillations in cognitive processing. 34 

Frontiers in Integrative Neuroscience, 7. https://doi.org/10.3389/fnint.2013.00083 35 

Harmony, T., Fernández, T., Silva, J., Bernal, J., Díaz-Comas, L., Reyes, A., Marosi, E., 36 

Rodríguez, M., & Rodríguez, M. (1996). EEG delta activity: An indicator of attention to 37 

internal processing during performance of mental tasks. International Journal of 38 

Psychophysiology, 24(1–2), 161–171. https://doi.org/10.1016/S0167-8760(96)00053-0 39 



33 

 

Hato, E., Taniguchi, M., Sugie, Y., Kuwahara, M., & Morita, H. (1999). Incorporating an 1 

information acquisition process into a route choice model with multiple information sources. 2 

Tramsportation Research Part C: Emerging Technologies, 7(2–3), 109–129. 3 

https://doi.org/10.1016/S0968-090X(99)00015-7 4 

Heine, T., Lenis, G., Reichensperger, P., Beran, T., Doessel, O., & Deml, B. (2017). 5 

Electrocardiographic features for the measurement of drivers’ mental workload. Applied 6 

Ergonomics, 61, 31–43. https://doi.org/10.1016/j.apergo.2016.12.015 7 

Jagannath, M., & Balasubramanian, V. (2014). Assessment of early onset of driver fatigue using 8 

multimodal fatigue measures in a static simulator. Applied Ergonomics, 45(4), 1140–1147. 9 

https://doi.org/10.1016/j.apergo.2014.02.001 10 

Jamson, A. H., & Merat, N. (2005). Surrogate in-vehicle information systems and driver 11 

behaviour: Effects of visual and cognitive load in simulated rural driving. Transportation 12 

Research Part F: Traffic Psychology and Behaviour, 8(2 SPEC. ISS.), 79–96. 13 

https://doi.org/10.1016/j.trf.2005.04.002 14 

Jap, B. T., Lal, S., Fischer, P., & Bekiaris, E. (2009). Using EEG spectral components to assess 15 

algorithms for detecting fatigue. Expert Systems with Applications, 36(2 PART 1), 2352–2359. 16 

https://doi.org/10.1016/j.eswa.2007.12.043 17 

Ji, Q., Zhu, Z., & Lan, P. (2004). Real-time nonintrusive monitoring and prediction of driver 18 

fatigue. IEEE Transactions on Vehicular Technology, 53(4), 1052–1068. 19 

https://doi.org/10.1109/TVT.2004.830974 20 

Johnson, R. R., Popovic, D. P., Olmstead, R. E., Stikic, M., Levendowski, D. J., & Berka, C. 21 

(2011). Drowsiness/alertness algorithm development and validation using synchronized EEG 22 

and cognitive performance to individualize a generalized model. Biological Psychology, 87(2), 23 

241–250. https://doi.org/10.1016/j.biopsycho.2011.03.003 24 

Jou, R. C. (2001). Modeling the impact of pre-trip information on commuter departure time and 25 

route choice. Transportation Research Part B: Methodological, 35(10), 887–902. 26 

https://doi.org/10.1016/S0191-2615(00)00028-X 27 

Kar, S., Bhagat, M., & Routray, A. (2010). EEG signal analysis for the assessment and 28 

quantification of driver’s fatigue. Transportation Research Part F: Traffic Psychology and 29 

Behaviour, 13(5), 297–306. https://doi.org/10.1016/j.trf.2010.06.006 30 

Kim, K., & Vandebona, U. (1999). User requirements and willingness to pay for traffic 31 

information systems: Case study of Sydney, Australia. Transportation Research Record: 32 

Journal of the Transportation Research Board, 1694, 42–47. https://doi.org/10.3141/1694-06 33 

Klem, G. H., Lüders, H. O., Jasper, H. H., & Elger, C. (1999). The ten-twenty electrode system of 34 

the International Federation. The International Federation of Clinical Neurophysiology. 35 

Electroencephalography and Clinical Neurophysiology. Supplement, 52, 3–6. 36 

https://doi.org/10.1016/0022-510x(84)90023-6 37 



34 

 

Klimesch, W. (1999). EEG alpha and theta oscillations reflect cognitive and memory performance: 1 

a review and analysis. In Brain Research Reviews (Vol. 29, Issues 2–3). 2 

https://doi.org/10.1016/S0165-0173(98)00056-3 3 

Li, W., He, Q. C., Fan, X. M., & Fei, Z. M. (2012). Evaluation of driver fatigue on two channels 4 

of EEG data. Neuroscience Letters, 506(2), 235–239. 5 

https://doi.org/10.1016/j.neulet.2011.11.014 6 

Lin, C. T., Wu, R. C., Jung, T. P., Liang, S. F., & Huang, T. Y. (2005). Estimating driving 7 

performance based on EEG spectrum analysis. Eurasip Journal on Applied Signal Processing, 8 

3165–3174. https://doi.org/10.1155/ASP.2005.3165 9 

Liu, Y. C. (2001). Comparative study of the effects of auditory, visual and multimodality displays 10 

on drivers’ performance in advanced traveler information systems. Ergonomics, 44(4), 425–11 

442. https://doi.org/10.1080/00140130010011369 12 

Ma, J., Smith, B. L., & Fontaine, M. D. (2016). Comparison of In-Vehicle Auditory Public Traffic 13 

Information With Roadside Dynamic Message Signs. Journal of Intelligent Transportation 14 

Systems: Technology, Planning, and Operations, 20(3), 244–254. 15 

https://doi.org/10.1080/15472450.2015.1062729 16 

Maciej, J., & Vollrath, M. (2009). Comparison of manual vs. speech-based interaction with in-17 

vehicle information systems. Accident Analysis and Prevention, 41(5), 924–930. 18 

https://doi.org/10.1016/j.aap.2009.05.007 19 

Marcus, E. M., & Jacobson, S. (2011). Functional anatomy of the brain stem. Integrated 20 

Neuroscience, 247–279. https://doi.org/10.1007/978-1-4615-1077-2_11 21 

Morales, J. M., Díaz-Piedra, C., Rieiro, H., Roca-González, J., Romero, S., Catena, A., Fuentes, 22 

L. J., & Di Stasi, L. L. (2017). Monitoring driver fatigue using a single-channel 23 

electroencephalographic device: A validation study by gaze-based, driving performance, and 24 

subjective data. Accident Analysis and Prevention, 109, 62–69. 25 

https://doi.org/10.1016/j.aap.2017.09.025 26 

OKTAL. (2017). OKTAL. http://www.oktal.fr/en/ Accessed 3 April 2017. 27 

Paschalidis, E., Choudhury, C. F., & Hess, S. (2019). Combining driving simulator and 28 

physiological sensor data in a latent variable model to incorporate the effect of stress in car-29 

following behaviour. Analytic Methods in Accident Research, 22, 100089. 30 

https://doi.org/10.1016/j.amar.2019.02.001 31 

Paz, A., & Peeta, S. (2008). Fuzzy control model optimization for behavior-consistent traffic 32 

routing under information provision. IEEE Transactions on Intelligent Transportation 33 

Systems, 9(1), 27–37. https://doi.org/10.1109/TITS.2007.911355 34 

Paz, A., & Peeta, S. (2009a). Behavior-consistent real-time traffic routing under information 35 

provision. Transportation Research Part C: Emerging Technologies, 17(6), 642–661. 36 

https://doi.org/10.1016/j.trc.2009.05.006 37 



35 

 

Paz, A., & Peeta, S. (2009b). Information-based network control strategies consistent with 1 

estimated driver behavior. Transportation Research Part B: Methodological, 43(1), 73–96. 2 

https://doi.org/10.1016/j.trb.2008.06.007 3 

Paz, A., & Peeta, S. (2009c). Paradigms to deploy a behavior-consistent approach for information-4 

based real-time traffic routing. Networks and Spatial Economics, 9(2), 217–241. 5 

https://doi.org/10.1007/s11067-008-9077-4 6 

Peeta, S., Ramos, J., & Pasupathy, R. (2000). Content of variable message signs and on-line driver 7 

behavior. Transportation Research Record: Journal of the Transportation Research Board, 8 

1725(765), 102–108. https://doi.org/10.3141/1725-14 9 

Peeta, S., & Yu, J. W. (2002). Data-consistent fuzzy approach for online driver behavior under 10 

information provision. Transportation Research Record: Journal of the Transportation 11 

Research Board, 1803, 76–86. https://doi.org/10.3141/1803-11 12 

Peeta, S., & Yu, J. W. (2004). Adaptability of a hybrid route choice model to incorporating driver 13 

behavior dynamics under information provision. IEEE Transactions on Systems, Man, and 14 

Cybernetics - Part A: Systems and Humans, 34(2), 243–256. 15 

https://doi.org/10.1109/TSMCA.2003.822272 16 

Peeta, S., & Yu, J. W. (2005). A hybrid model for driver route choice incorporating en-route 17 

attributes and real-time information effects. Networks and Spatial Economics, 5(1), 21–40. 18 

https://doi.org/10.1007/s11067-005-6660-9 19 

Perrier, J., Leufkens, T. R. M., Bulla, J., Jongen, S., Bocca, M. L., Ramaekers, J. G., & Vermeeren, 20 

A. (2015). Electroencephalography during on-the-road driving in older untreated insomnia 21 

patients and normal sleepers. Biological Psychology, 109, 20–28. 22 

https://doi.org/10.1016/j.biopsycho.2015.04.002 23 

Pettitt, M., Burnett, G., & Stevens, A. (2007). An Extended KLM for predicting the visual demand 24 

of IVISs. Proceedings of the SIGCHI Conference on Human Factors in Computing Systems, 25 

April 2007, 1515–1524. https://doi.org/10.1145/1240624.1240852 26 

Pritchard, W. S., Robinson, J. H., DeBethizy, J. D., Davis, R. A., & Stiles, M. F. (1995). Caffeine 27 

and smoking: Subjective, performance, and psychophysiological effects. Psychophysiology, 28 

32(1), 19–27. https://doi.org/10.1111/j.1469-8986.1995.tb03401.x 29 

Ray, W. J., & Cole, H. W. (1985). EEG alpha activity reflects attentional demands, and beta 30 

activity reflects emotional and cognitive processes. Science, 228(4700), 750–752. 31 

https://doi.org/10.1126/science.3992243 32 

Razo, M., & Gao, S. (2013). A rank-dependent expected utility model for strategic route choice 33 

with stated preference data. Transportation Research Part C: Emerging Technologies, 27, 34 

117–130. https://doi.org/10.1016/j.trc.2011.08.009 35 

Schacter, D. L. (1999). The seven sins of memory: Insights from psychology and cognitive 36 

neuroscience. American Psychologist, 54(3), 182–203. https://doi.org/10.1037/0003-37 

066X.54.3.182  38 

https://doi.org/10.1037/0003-066X.54.3.182
https://doi.org/10.1037/0003-066X.54.3.182


36 

 

Sciaraffa, N., Di Flumeri, G., Germano, D., Giorgi, A., Di Florio, A., Borghini, G., Vozzi, A., 1 

Ronca, V., Varga, R., van Gasteren, M., Babiloni, F., & Aricò, P. (2022). Validation of a Light 2 

EEG-Based Measure for Real-Time Stress Monitoring during Realistic Driving. Brain 3 

Sciences, 12(3). https://doi.org/10.3390/brainsci12030304 4 

Simon, M., Schmidt, E.A., Kincses, W.E., Fritzsche, M., Bruns, A., Aufmuth, C., Bogdan, M., 5 

Rosenstiel, W., Schrauf, M., 2011. EEG alpha spindle measures as indicators of driver fatigue 6 

under real traffic conditions. Clinical Neurophysiology 122, 1168–1178. 7 

https://doi.org/10.1016/j.clinph.2010.10.044 8 

Song, D., Peeta, S., Hsu, Y.-T., & Agrawal, S. (2017). Role of psychological effects of real-time 9 

travel information provision on en route traveler route choice decisions. Proceedings of the 10 

Ninth International Driving Symposium on Human Factors in Driver Assessment, Training 11 

and Vehicle Design, 277–283. 12 

Sonnleitner, A., Treder, M. S., Simon, M., Willmann, S., Ewald, A., Buchner, A., & Schrauf, M. 13 

(2014). EEG alpha spindles and prolonged brake reaction times during auditory distraction in 14 

an on-road driving study. Accident Analysis and Prevention, 62, 110–118. 15 

https://doi.org/10.1016/j.aap.2013.08.026 16 

Spector, P. E. (1994). Using self-report questionnaires in OB research: A comment on the use of 17 

a controversial method. Journal of Organizational Behavior, 15(5), 385–392. 18 

https://doi.org/10.1002/job.4030150503 19 

Srinivasan, K. K., & Mahmassani, H. S. (2000). Modeling inertia and compliance mechanisms in 20 

route choice behavior under real-time information. Transportation Research Record: Journal 21 

of the Transportation Research Board, 1725(1), 45–53. https://doi.org/10.3141/1725-07 22 

StatsModels. (2019). StatsModels v0.10.1. www.statsmodels.org Accessed 11 September 2019. 23 

Tjolleng, A., Jung, K., Hong, W., Lee, W., Lee, B., You, H., Son, J., & Park, S. (2017). 24 

Classification of a driver’s cognitive workload levels using artificial neural network on ECG 25 

signals. Applied Ergonomics, 59, 326–332. https://doi.org/10.1016/j.apergo.2016.09.013 26 

Wickens, C. D. (2008). Multiple resources and mental workload. Human Factors, 50(3), 449–455. 27 

https://doi.org/10.1518/001872008X288394 28 

Wikipedia. (2019). 10-20 system (EEG). https://en.wikipedia.org/wiki/10–20_system_(EEG) 29 

Accessed 10 September 2019. 30 

Wikipedia. (2020). Lobes of the brain. https://en.wikipedia.org/wiki/Lobes_of_the_brain 31 

Accessed 2 February 2020. 32 

Wilson, G. F. (2002). An analysis of mental workload in pilots during flight using multiple 33 

psychophysiological measures. In International Journal of Aviation Psychology (Vol. 12, Issue 34 

1 SPEC, pp. 3–18). https://doi.org/10.1207/S15327108IJAP1201_2 35 

Yang, L., Ma, R., Zhang, H. M., Guan, W., & Jiang, S. (2018). Driving behavior recognition using 36 

EEG data from a simulated car-following experiment. Accident Analysis and Prevention, 116, 37 

30–40. https://doi.org/10.1016/j.aap.2017.11.010 38 



37 

 

Young, K., & Regan, M. (2007). Driver distraction: A review of the literature. In I. J. Faulks, M. 1 

Regan, M. Stevenson, J. Brown, A. Porter, & J. D. Irwin (Eds.), Distracted Driving (pp. 379–2 

405). Sydney, NSW: Australasian College of Road Safety. 3 

Yu, J. W., & Peeta, S. (2011). Experimental analysis of a hybrid route choice model to capture 4 

dynamic behavioral phenomena under advanced information systems. KSCE Journal of Civil 5 

Engineering, 15(1), 175–185. https://doi.org/10.1007/s12205-011-0947-9 6 

Zhang, L., & Levinson, D. (2008). Determinants of route choice and value of traveler information: 7 

A field experiment. Transportation Research Record: Journal of the Transportation Research 8 

Board, 2086(2086), 81–92. https://doi.org/10.3141/2086-10 9 

Zhao, C., Zhao, M., Liu, J., & Zheng, C. (2012). Electroencephalogram and electrocardiograph 10 

assessment of mental fatigue in a driving simulator. Accident Analysis and Prevention, 45, 83–11 

90. https://doi.org/10.1016/j.aap.2011.11.019 12 

Appendix I 13 

The table below illustrates the eight scenario sets used in this study with corresponding 14 

information scenarios and traffic condition scenarios. The order of scenarios within a scenario set 15 

is randomized. 16 

 17 

Set 

Number 

First Information 

Provision Location 

Second Information 

Provision Location 

Road 

Accident 

Information 

Scenario 

Road 

Accident 

Information 

Scenario 

1 

No AT Yes AT 

Yes AT No AT 

Yes PI No NI 

2 

No NI Yes PI 

No CT Yes CT 

Yes CT No CT 

3 

Yes CT No CT 

Yes CT No CT 

Yes AT No AT 

4 

No CT Yes AT 

No AT Yes AT 

No AT Yes AT 

5 

No NI No NI 

No AT No AT 

Yes AT No AT 

6 
No NI No NI 

No CT No CT 
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No CT Yes CT 

7 

Yes NI No NI 

Yes PI No NI 

Yes PI No AT 

8 

No NI Yes NI 

No NI Yes PI 

No CT Yes PI 

Appendix II 1 

The figure below shows the location of model coefficients (see Eq. (1)) of 19 LMMs (one for 2 

each EEG channel) for the delta band in run 1 in a heatmap-based visualization. Model coefficients 3 

that are found to be statistically significant at 99% and 95% levels of significance are illustrated 4 

as solid circles and hollow circles, respectively, in the figure. 5 

 6 

Note that “F1” and “A1” are abbreviations for Freeway-Run 1 and Arterial-Run 1, respectively. 7 

Coefficients for other route-runs (i.e., F2, F3, A2, and A3) are positioned similar to that of Arterial-8 

Run 1 for their corresponding route-runs. 9 


