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Abstract— This study investigates the effect of high cognitive load
and drowsiness on driving performance (speed, lane position,
steering wheel movement) and driver physiology (cardiac activity,
skin conductance) and uses these measures in classifying high
cognitive load, alert, and drowsy driver states. A within subject
driving simulator experiment was conducted with twenty-seven
participants (14 females, mean age: 36.7). High cognitive load was
induced via the n-back task (1-back, 2-back), a commonly used
auditory-verbal recall task. Drowsiness was induced by
monotonous driving (i.e., extended periods of low cognitive load),
and was rated by trained observers. Mixed linear models were
used to analyze the differences between the driver states, while
machine learning models were used for multi-class classification.
Compared to alert driving with no additional cognitive load, high
cognitive load was associated with greater physiological arousal
and speed variation and reduced speed and standard deviation of
lane position (SDLP). Drowsiness was associated with lower
physiological arousal and increased speed, SDLP, and standard
deviation of steering wheel angle. Tree-based ensemble models
(i.e., random forest, XGBoost) performed the best in classification.
With simple features such as the average and SD, high cognitive
load, drowsiness, and alert states were classified with up to 76%
average accuracy. These measures could differentiate high
cognitive load states with around 85% AUC and drowsiness with
around 79% AUC within one model. These findings can help in the
selection of metrics for driver monitoring systems that can
differentiate driver cognitive overload and underload and inform
the design of real-time intervention systems.

Index Terms— attention, driver distraction, driver fatigue, driver
monitoring systems, galvanic skin response, heart rate, machine
learning.

[. INTRODUCTION

HE degree of activation of cognitive resources during

cognitive processing is known as cognitive load [1]. In

general, when cognitive load demanded from a human

is too high or too low, task performance can degrade,
creating an inverted U-shaped relationship [2]. Demanding
environmental conditions (e.g., fog, curvy roads), internal
factors (e.g., stress), and secondary tasks (e.g., talking on the
phone) can increase cognitive load, whereas driving under
prolonged periods of low cognitive load due to monotonous
road environments can lead to drowsiness [3], [4]. Drivers can
become drowsy within 1 to 2 hours and sometimes within 30
minutes of monotonous driving due to low arousal and boredom
[5]. Both high cognitive load and extended periods of low
load/arousal can reduce driver awareness and alertness towards

hazards and increase cognitive processing and reaction times
[6]-[8], and therefore, crash risk [9], [10].

The prevalence of these risky driver states is of concern. In a
US survey, 68.7% of drivers reported to having talked on the
phone while driving at least once in the past month, while this
rate ranged from 20.5% (UK) to 59.4% (Portugal) across seven
European countries [11]. As for drowsiness, 19.5% of
respondents to a Finnish survey reported falling asleep at least
once in their driving experience, with 15.9% of respondents
reporting recent instances of drowsy driving [12]. Similar rates
of falling asleep while driving were reported in a survey of 19
European countries (17%) [13].

To prevent negative outcomes, driver monitoring systems
(DMS) are being proposed to detect risky driver states in real
time using various driving and «driver related data. Upon
detection of high cognitive load or drowsiness, the vehicle can
initiate interventions to help drivers regulate their state. For
example, adaptive user interfaces can be used to lower driver
cognitive load, while alarms can be used to increase driver
alertness [14]. A large body of literature focuses on driver state
classification using driving and driver physiological data [15]—
[20]; however, no consensus on the measures, models, sensors,
or performance metrics have yet been established for real-world
DMS applications. More recently, the European Union passed
a regulation that mandates new motor vehicles to be equipped
with driver attention warning systems [21], warranting more
research towards building functional DMS products.

One of the challenges for DMS design is the overlap between
different driver states, including high cognitive load and
drowsiness, in terms of how they affect driver physiology and
driving metrics (see Table I). As such, misclassifications can
occur, and interventions triggered erroneously can further
worsen these suboptimal states. For example, if an already
overloaded driver receives DMS alerts to “wake them up”, they
might experience increased stress and workload. The negative
effects of alerting an already overloaded operator has been
shown in other domains, including aviation [22]. Similarly, if
driving automation takes over vehicle control after mistakenly
classifying a drowsy driver as an overloaded one, the resulting
reduction in workload can further worsen drowsiness [3]. Thus,
accurately separating these states not only from alertness but
also from each other is critical for understanding and
minimizing classification errors in DMS applications. To the
best of our knowledge, no study has examined whether driving
and driver-related data can be used successfully to classify high
cognitive load, drowsiness, and alert states in a single model to
minimize misclassifications among these three states.
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To address this gap, we conducted a within subject driving
simulator study to (1) investigate the effects of high cognitive
load and drowsiness on driving performance and driver
physiology, and (2) explore the function of these measures in
classifying these three driver states in a single classification
model. For objective 1, we compared the effects of six different
driver states ranging from high cognitive load to drowsiness (2-
back, 1-back, alert, slightly drowsy, moderately drowsy, very
drowsy) on driving performance and driver physiology through
statistical analyses. For objective 2, we evaluated how these
measures performed in machine learning (ML) models (random
forest [RF], XGBoost [ XGB], support vector machines [SVM],
and k-nearest neighbors [KNN], and multilayer perceptron
[MLP]) on classifying three driver states within a single model:
high cognitive load, alertness, drowsiness.

II. BACKGROUND

General cognitive workload literature and driving research
show that high cognitive load and prolonged periods of low
load can significantly impact driving performance and driver
physiology [15], [23]-[25]. Table I presents a summary of how
different measures respond to high cognitive load and
drowsiness including the results of the current study (CS) that
are presented in later sections.

Driving measures most commonly used in DMS have been
speed, lane position, and steering wheel movement [17], [26].
Driving studies report lower speed [27]-[32] under high
cognitive workload which is typically induced by cognitive
tasks performed while driving (e.g., n-back tasks; [27]-[29],
[31], [32]). Both positive [33], [34] and negative [35]
correlations between speed and drowsiness have been reported,
as well as no significant correlation [34], [36]. Standard
deviation (SD) of speed showed an increase [27], decrease [28]
and no significant change [31] under high cognitive load.
While, the same measure was reported to  decrease with
monotonous driving [34], [36] and to increase [33] with sleep
deprivation. SD of lane position (SDLP), often used as a
cognitive load measure, has been shown to decrease [30]-[32],
[37], under high cognitive load, with some studies reporting no
effect [31],[37] oran increase [38]. SDLP have been found to
both increase [33], [39]-[41] and to decrease [34] with
drowsiness. Steering wheel reversal rate (SRR) did not change
[30], [37] or increased [28]-[30], [37] under high cognitive
load. Further, the mean and SD of steering wheel movements
were found to increase [42], and SRR was found to decrease
with drowsiness [35].

Cognitive load can also impact physiological response: high
cognitive load can activate the sympathethic nervous system
(i.e., fight-or-flight response), and low cognitive load can
engage the parasympathetic nervous system (i.e., rest-and-
digest response). In the general cognitive load literature and in
driving research, cardiac and eye-tracking measures are the
most commonly used vital signs, and cardiac measures like
heart rate (HR) and skin conductivity are known to be sensitive
to workload changes [15], [24]. In driving, high cognitive load
has been associated with increased HR [27]-[29], [31], [37],
[43] and skin conductance [27], [28], [31], [43]. Although the
general cognitive load literature indicates that HRV is one of
the more consistent measures of workload and decreases with

TABLE

SUMMARY OF THE LITERATURE AND THE CURRENT STUDY (CS) FINDINGS ON
DRIVING PERFORMANCE AND DRIVER PHYSIOLOGY CHANGES WITH INCREASED

HIGH COGNITIVE WORKLOAD AND DROWSINESS; ARROWS INDICATE

DIRECTION OF CHANGE

Measure High Cognitive Load Drowsiness

Average speed t [33], [34]
No change [31], [37] No change [34], [36],
I [271-[32], CS CS
I [35]

Standard t [27],CS t [33], [41],CS
deviation (SD) No change [31] No change [36]
speed V28] ¥ [34], [36]

SD lane position t [38]
No change [31], [37]

v [301-[32], [37], CS

t [33], [39]-[41], CS
No change [36]
I [34]

Steering wheel
reversal rate

t [28]-[30], [37]
No change [30], [37], CS

t [35], [42]
No change CS
| [35]

Heart rate b [271-[29], [31], [37],
[43] No change [34], CS
No change [37], [38], CS | [45]-[47], CS
Heart rate t [38] t [34], [46], [47], CS
variability No change [31], [37], [38]
Average skin t[27], [28], [31], [43], t CS
conductivity CS
No change [37]

| [34]

SD skin No change [31], [37], CS No change CS

conductivity
high load [44], a driving study ‘found it to increase [38].
Drowsiness while driving has.been linked to decreased HR
[45]-[47] and skin conductance [34] and to increased HRV
[34], [46], [47].

Overall, high cognitive load and drowsiness may affect some
measures in similar ways and have conflicting findings across
different studies. Yet, existing research focuses on classifying
only one suboptimal state from baseline driving, simplifying the
problem [17]-[19], [48]. A recent study on train operators used
electroencephalogram (EEG) to classify drowsiness, alert, and
cognitive load [49] with data collected from 7 train operators.
The highest accuracy was 79% based on time-series ensamble
tree models (RF, XGB, LightGBM). To the best of our
knowledge, no automobile driving study explored if a single
model trained on driving and driver-related data can
successfully classify cognitive load, alert, and drowsy states to
minimize misclassifying drowsiness and high cognitive load.

Our analyses focused on speed, lane position, SRR, HR,
HRYV, and skin conductance level informed by the relevant
literature. We also collected eye tracking metrics via a
dashboard-mounted system, but this data was excluded due to
the low reliability of eye tracking, especially during the
drowsiness states, in addition to synchronization issues.

III. METHODS

A driving simulator study was conducted between November
2021 and April 2022 (University of Toronto, Research Ethics
Board #41080). The experiment was a within-subject design
with all participants first experiencing a high cognitive load
period induced by a secondary cognitive task (i.e., n-back),
followed by a long stretch of monotonous driving to induce
drowsiness. All experiments were scheduled for three hours
starting at 2pm to minimize the impact of circadian rhythm.
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Participant arrives Instructions on
and signs consent the study and Practice drive ]—{n—back training
form equipment

Wearing and
calibration of the
sensors

Fig. 1. NADS Minisim driving simulator (left) and experimental procedure (right)

A. Participants
Participants were recruited through university newsletters

placed in campus. Interested individuals filled out an online
screening survey. To be eligible for the study, they had to have
a valid driver’s license for the last three years and to be a
frequent driver. The latter criteria required them to drive almost
every day or to have driven at least 5,000km in the last six
months. These criteria for driving experience considered the
COVID-19 lockdowns in place around the time of the study.
The participants also had to not wear corrective eyeglasses (to
minimize interference with the eye-tracker and® camera
recordings of eyelid closure; contact lenses were allowed), to
have good written and spoken English, and to report having no
sleep-related issues. Participants were asked not to consume
any caffeine (tea, coffee, dark chocolate) and alcohol 5 and 24
hours before the experiment, respectively, to minimize any
influence on HR and on drowsiness [50].

A total of 35 participants were recruited; however, due to
equipment malfunction (n=4), recording errors (n=3), and
participant withdrawal (n=1), data from 27 participants (14
females) could be analyzed. The average age was 36.7
(SD=14.4, range: 19 to 74) with no 'significant difference
between genders (#25)= -1.54, p=0.14). Participants reported
driving almost every day (n=19);a few days a week (n=6), or a
few times a month (n=2). As per our eligibility criteria, the
participants who reported driving a few times a.month also
reported driving more than 5,000km in the last 6 months:Those
who drove at least a few days a week reported driving 5,000-
10,000km" (n=15) or 10,001-20,000km (n=9) in the last 6
months; one did not know their mileage.

Participants were compensated at C$14/hour and received a
C$8 bonus. They were. told that they could receive up to C$8
based on their secondary task performance, but all participants
were given the full amount regardless of performance.

B.  Apparatus

A NADS Minisim driving simulator was used and collected
driving data at 60Hz (Fig. 1-left). This simulator runs on a
desktop computer and has a quarter cab, three 42” screens
allowing for a 130° field of view, and two speakers for stereo
sound. A low-frequency speaker under the driver seat creates
vibrations to mimic the road surface.

Two webcams recorded the participant and the simulation
environment at 30fps capturing the participant face and hand
movement on the steering wheel, respectively. Driver

Experimental
drive begins

n-back task
within the first
10 minutes

Signs of
sleep?

Experimental

Yes drive ends

Monotonous
drive continues

Post-study
questionnaires

i

physiological data was collected through Becker Meditec
sensors at 256 Hz: three solid gel foam electrodes were placed
on the participants’ chest for electrocardiogram (ECG), and two
solid gel foam electrodes were placed under their left foot for
galvanic skin response (GSR) data.

C. High Cognitive Load and Drowsiness Levels

The experimental drive was designed as a large'loop on a
rural highway/with a 96.6km/h (60mph) speed limit and low
traffic density. Participants were instructed to maintain speed
around the speed limit and to drive safely as they would in real
life. They were asked to perform an auditory-verbal secondary
task, starting around the 2-minute mark, and finishing around
the 10-minute mark. Afterwards, they continued driving for
1.5hrs 4n total or until they started showing signs of falling
asleep (e.g., long eye closures, see ‘very drowsy’ in Table II).

A modified n-back task with two difficulty levels (1-back and
2-back) was used to induce high cognitive load [27]. This task
required participants to listen to a recording of a series of 10
letters (25s total), count the occurrence of specific patterns, and
then respond verbally (during a 5s break in the recording). For
the 1-back task, participants had to count how many times they
heard two identical letters read to them back-to-back (e.g., 2 in
CDAALMXBBYZ). For the 2-back task, they had to count how
many times two identical letters were read to them with one
letter in between (e.g., 1 in MFXFLDAATO). Each n-back
level took about 2 mins, starting with a brief instruction (30s)
followed by the participant completing the task three times (i.e.,
three series of 10 letters). There was around a 3-min period from
the completion of the first n-back level to the start of the next.
The order of the n-back levels was counterbalanced across
participants: 16 participants started with the 1-back trials while
11 started with the 2-back trials. These two levels have been
shown to induce differentiable performance decrements [27]
and differentiable self-reported cognitive workload comparable
to realistic tasks, like controlling the radio while driving [51].

Post-experiment, two independent raters reviewed webcam
videos of the participant and assessed their level of drowsiness.
For each minute of the video, the highest level of drowsiness
was recorded. The raters received training on recognizing a set
of predetermined indicators for five levels of drowsiness (Table
IT). These indicators were adapted from the sleepiness rating
scale [52], which is commonly used for drowsiness ground truth
ratings [53]. Similar to the guidelines in [53], to minimize
fatigue, the raters performed assessments between 8am and
8pm and for a maximum of four hours a day, with a mandatory
break after one hour of continuous assessment. An agreement
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TABLEII
INDICATORS OF DROWSINESS LEVELS USED IN OBSERVER RATINGS (ADAPTED
FROM KUNDINGER ET AL., 2020; WIERWILLE & ELLSWORTH, 1994).

DROWSINESS INDICATORS
LEVEL

Alert Appearance of alertness present; normal facial tone;
normal fast eye blinks; short ordinary glances;
occasional body movements/gestures

Slightly Still sufficiently alert; less sharp / alert looks; longer

drowsy glances; slower eye blinks; first mannerisms as
rubbing face/eyes, scratching, facial contortions,
moving restlessly in the seat

Moderately Eye-lid closures (1-2s); mannerisms; slower eye-lid

drowsy closures; decreasing facial tone; glassy eyes;
staring at fixed position

Very drowsy  Eyelid closures (2-3s); eyes rolling upward /
sideways; no proper focused eyes; decreased
facial tone; lack of apparent activity; large
isolated or punctuating movements

Extremely Eyelid closures (4s or more); falling asleep; longer

drowsy periods of lack of activity; movements when

transition in and out of dozing

of 80% was reached in ratings, and any disagreements were
resolved by discussion to reach consensus. A third researcher,
who prepared the training module, acted as a tiebreaker.

D. Procedure

On arrival, participants were asked to put their phones on
silent mode and to store their phone and wristwatch outside of
the simulator area for a distraction-free environment, and to
confirm not having consumed caffeine and alcohol as
instructed. Participants signed a consent form and were told that
the study assessed general driving behavior. The specific
purpose was not revealed until the end of the study.

First, participants completed a practice drive for-around 10
mins to familiarize themselves with the simulator. Next, they
received written and verbal training on the n-back task. The
participants were then outfitted with the physiological sensors
and completed the experimental drive. After the drive,
participants were asked to consider the last 10 mins of the drive
and fill out the Karolinska Sleepiness Scale (KSS) [54] and a
risk perception scale [55]. KSSs a 10-level scale ranging from
1 (extremely alert) to 10 (extremely sleepy, can’t stay awake),
with 5 being neither alert nor sleepy. The scale for risk
perception ranged from 1 (driving on an easy road with no
traffic, pedestrians, or animals while perfectly alert) to 10
(driving with my eyes closed; a crash is bound to occur every
time | do this), with 6 being driving 20mph faster than traffic
on an expressway. See Fig. 1-right for the procedure flowchart.

E. Data Preparation for Analysis

The raw ECG data was processed in MATLAB v.R2021b to
remove noise using discrete wavelet transformation. Following
this, average HR and average and SD of GSR, speed, lane
position with respect to lane/center, and steering wheel angle
(SWA) were calculated over 30s periods with no overlap,
starting from the n-back task periods (see Table III). 30s was
chosen given that each n-back task took a total of 30s (25s
listening + 5s responding). Averages and SDs were utilized
similar to earlier studies for converting timeseries data to non-
timeseries observations for training ML models [e.g., [27], [56].
HRYV, more specifically root mean squared differences of
successive R peaks (RMSSD), was calculated over 5-minute

periods, as recommended by relevant guidelines [56]. The n-
back task periods were excluded from the HRV analysis as each
level only took two minutes in total. SRR was calculated per
30s as per SAE J2944 guidelines [57], [58]. A gap size of 1°
was selected.

Even after de-noising, the ECG data of five participants were
too noisy and had to be removed from HR analysis.
Occasionally, the simulator generated a bug that required the
participant to slow down, which might have temporarily alerted
the participant. This happened once for five participants and
twice for two participants, and. all during the drowsiness
periods. Approximately 6 mins around this bug were excluded
from all analyses.

TABLE III
DESCRIPTION OF VARIABLES USED IN ANALYSIS.
DEPENDENT VARIABLES DESCRIPTION
HR: Heart rate (beats per ~ Average heart rate calculated every 30 s
minute) using inter beat interval
HRYV: Heart rate Root mean squared differences of
variability successive R peaks (RMSSD)

calculated every 5 min
Average and standard deviation (SD)
calculated every 30 s
Average and SD calculated every 30 s
SD calculated every 30 s

GSR: Galvanic skin
response (microSiemens)
Speed (mph)

Lane deviation from
lane center (feet)

SWA: Steering wheel
angle (degrees)

SRR: Steering wheel
reversal rate

SD calculated every 30 s

Number of steering wheel movements >1°
within 30 s

F." Statistical Modeling

Mixed linear models were built to analyze the variables listed
in Table III, with driver state (2-back, 1-back, alert, slightly
drowsy, moderately drowsy, very drowsy), n-back order (the
order in which the n-back levels were presented), and their
interaction as fixed factors and participant as random. Driver
states were determined (and labeled) by the n-back task periods
for high cognitive load and by the observer ratings for alert and
drowsy states. The n-back order was included to control for
potential carryover effects from the n-back tasks. Significant
main effects of driver state were followed up with post-hoc
tests. To correct for heteroskedasticity and non-normality, log
transformations were applied. Jamovi 2.3, an R-based user
interface, was used for analysis [59].

The 1-back and 2-back task performance (% correct trials)
was compared using Wilcoxon signed-rank tests. For subjective
data, participants were grouped into two based on the KSS score
distribution, and t-tests were used to compare the perceived risk
across the two groups.

G. Classification and Machine Learning Models

ML models were trained to distinguish three classes: high
cognitive load (i.e., 1- and 2-back, labeled as per the secondary
task periods) vs. alert vs. drowsy states (moderately and very
drowsy, determined and labeled by observer ratings). Slightly
drowsy states were excluded from the drowsy class because this
state was deemed as a transition state as it often did not
statistically significantly differ from alert or moderately drowsy
states.

Following the process described in E. Data Preparation for
Analysis, all variables listed in Table III were used except for
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HRYV, since HRV could not be calculated for the n-back task
periods. Five participants with noisy ECG data were excluded
from classification. High load, alert, and drowsy classes had
185, 369, and 1233 observations, respectively. Due to class
imbalances, we used three resampling methods: down-, and up-
sampling, and synthetic minority class oversampling technique
(SMOTE [60]).

The data was randomly split into training (80%) and test
datasets (20%) with proportionate representation from each
driver state. For each participant, the mean and SD of each
measure were calculated from their training data to standardize
the training and test data, as in (1). This process ensured that
individual differences were standardized, and no data leak
occurred between training and test datasets. Five models were
trained in R v.4.3.1 with 10-fold cross validation and tuned with
grid search: RF, XGB, SVM, KNN, MLP. Area under the
receiver operating characteristic curve (AUC) and average
accuracy metrics were calculated.

xraw_ft'raining
Xscaled = — ¢ M
Straining

IV. RESULTS

A. Descriptive Statistics

The experimental drive took on average 69 mins (SD=21).
Participants were considered to be under high cognitive load
during the n-back tasks, two minutes each for 1-back and 2-
back levels. On the average, participants were rated to be alert
for 10.0 mins (SD=7.3, n=25), slightly drowsy for 18.4 mins
(SD=10.8, n=27), moderately drowsy for 29:4 mins (SD=19.2,
n=27), and very drowsy for 6.1 mins (SD=6.9, n=9), see Fig. 2.
Only nine participants reached the very drowsy state. The
duration statistics for the “very drowsy” state is also affected by
our stopping criterion — when the experimenter noticed that the
participant was very drowsy, she stopped the experiment.
Although sleepiness mostly steadily progressed (n=20), some
participants briefly became more alert during drowsy: states.

B.  Secondary Task Performance and Subjective Measures

°]
S

Duration (minutes)

n
o

AN

Very drowsy

& B

Alert Slightly drowsy

Moderately drowsy
Driver state

Fig. 2. Box and violin plots for duration of each drowsiness level as rated by

observers. Black squares indicate the mean values, and violin plots illustrate

the data distribution.

The average task performance was 72.9% (SD=13.2) for 1-
back and 59.3% (SD=19.3) for 2-back, as shown in Fig. 3. As
expected, the difference in 1-back and 2-back task performance
was significantly different (W=52.5, p=0.009). The average
KSS ratings for the last 10 mins of the experiment was 6.9 out

a m 1-back = 2back b
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Number of participants

Number of participants
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0% 33% 67% 100% 4 5 6 7 8 9
KSS ratings
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o
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Risk perception

Number of participants
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Fig. 3. a. 1-back vs. 2-back task performance (% correct answers out of 3
trials). b. Self-reported sleepiness levels (Karolinska Sleepiness Scale) in the
last 10 mins of the experiment. c. Self-reported risk perception levels in the
last 10 mins of the experiment. d. Box and violin plots of self-reported risk
perception grouped by KSS ratings (KSS>7 vs. KSS<7).

of 10. As Fig. 3 illustrates, the majority reported their sleepiness
level as either 6 or 8. Fourteen participants reported KSS>7,
indicating they felt sleepy with some difficulty to stay alert.
Five of them were rated by the observers to be very drowsy at
the end of the experimental drive, while the rest were rated to
be moderately drowsy. Out of those who reported KSS<7, four
participants were rated as very drowsy, and the rest were rated
as moderately drowsy.

Average perceived risk‘was 5.07 (SD=2.66). Those who felt
sleepy (KSS>7) had higher risk perception (M=6.36, SD=2.37)
than those who felt rather alert (KSS<7; M=3.69, SD=2.29,
#(25)=2.967, p=0.007).

C. Statistical Analysis

Significant main effects were observed for driver state for
some measures (p<.05) except for SRR (F(5, 104.5) =1.11, p=
0.36) and SD GSR (F(5, 104.4)=1.64, p=0.16); HRV had a
marginally significant p-value (F(3, 264.7)=2.41, p=0.07).
Significant F-test and post-hoc test results are reported in Table
IV, and effect plots are shown in Fig. 4. Average speed and
SDLP had a negative relationship with increasing cognitive
load. SD speed was significantly higher during 2-back and very
drowsy states compared to the alert state. SD SWA had larger
values in moderate drowsiness than alert, 1-back, and 2-back
states (the difference to 2-back was marginally significant).

Average HR showed significant increases with increasing
cognitive load, but HR under alertness was not significantly
different than that under the n-back and drowsy states. HRV
showed increases as drowsiness levels increased. Overall,
average GSR was not sensitive in differentiating high cognitive
load vs. drowsiness; however, alert state was significantly
different from the rest.

D. Classification Models

Confusion matrices from test predictions of all models for all
resampling methods are given in Fig. 5. AUC for n-back vs.
others and AUC for drowsy vs. others are given in Table V.
Overall, the best performing models were RF and XGB with a
range of AUC between 77-83% and 72-79% for n-back and
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TABLE IV
SIGNIFICANT F-TEST RESULTS AND POST HOC TEST P-VALUES WITH SIGNIFICANT DIFFERENCES BOLDED
Avg GSR
Avg speed SD speed SDLP SD SWA HR HRV (log transformed)

. F(5,1049)= F(5,104.6)= F(5,1049)=  F(5,1063)= F(5,104.1)= F(3,264.7)= F(5, 104.1)=

F-Test for Driver State 3.72, p:.O())4 417, p:.O())2 2111 p< .())01 2.68,p=03  3.46,p=.006 2.41,p=07 3.32,p=.008
1-back vs. 2-back 26 .002 42 .35 .98 .74
Alert vs 2-back .01 <.001 .003 33 11 .01

) 1-back .16 53 <.001 95 1 .004
Slightly 2-back .001 <.001 <.001 .39 .02 .02
drowsy v 1-back .03 .80 <.001 .08 .02 .01
) Alert 46 .70 1 .07 48 .82 .83
2-back <.001 007 <.001 .06 .02 .50
Moderately  1-back .02 .64 <.001 .005 .02 31
drowsy vs.  Alert 41 28 <.001 .005 Sl .30 .06
Slightly drowsy 92 47 .06 28 97 31 .08
2-back .02 49 <.001 27 .003 75
1-back 12 13 <.001 .08 .003 93
Very Alert 59 .05 <.001 .08 .05 .01 .04
drowsy vs.  gjightly drowsy 97 .09 .001 61 14 .04 .05
Moderately drowsy 98 23 .05 .81 .14 .01 43
drowsiness classification, respectively. MLP generally movements, heart rate measures, and skin conductance levels

performed well (AUC: n-back: 78-81% drowsiness: 74-78%).
SVM performed well in differentiating n-back (AUC: 73-85%),
while KNN consistently resulted in lower AUC values. For RF
and XGB models, average accuracy ranged from 64-75% and
59-76%, respectively. However, as shown in the confusion
matrices, under no resampling, models labeled majority of the
observations drowsy due to class imbalance. When ‘only the
measures with significant differences in Table IV were utilized
(i.e., excluding SRR and SD of GSR), the models performed
slightly worse (average accuracy: 72%, average AUC: 72%).

V. DISCUSSION

A within subject driving simulator study was conducted to
examine the effects of two levels of high cognitive load and
three levels of drowsiness on a variety of driving performance
and driver physiological measures. Although many studies
investigated driver states under high cognitive load and
drowsiness separately, to the best of our knowledge, this is the
first study to examine and compare both states. We. found
significant differences in speed, lane position, steering wheel

across six levels of cognitive load states, which can inform
future DMS designs. Further, we found that these measures can
be used in classifying high cognitive load, alert, and drowsy
states with around 80% AUC in a single ML model. This
finding indicates that with more data and with more complex
models, the three states can be separated, and misclassifications
of high cognitive load and drowsiness can be minimized.

A. Driving Measures

We found significant reductions in speed with increased
cognitive load, and higher speeds were observed when drivers
were drowsy, similar to earlier studies (see Table I). SD speed
was greater. during n-back and drowsiness compared to
alertness. Similar results have been reported in the literature, as
well as conflicting findings (Table I). We observed no
significant changes in the SD speed across drowsy states, but
the data showed trends of increase under increased drowsiness.
Overall, our findings imply some reduction in speed control
under both high cognitive load and drowsiness.

Lane keeping performance improved (i.e., reduced SDLP)
under high cognitive load compared to the alert state, consistent
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with many other studies [32], [37], [61], [62]; however,
conflicting findings also exist [31], [37], [38]. Improved SDLP
is often coupled with increased visual concentration and
decreased number of glances to the speedometer [63]-[65].
Although we could not use our eye-tracker data to support this,
the drivers might not have noticed slowing down while
completing the n-back tasks if they did not check the
speedometer as often. Further, drivers might have had
difficulties maintaining speed while trying to stay within the
lane, as shown by the decreased speed and increased SD in
speed during n-back tasks. Increased SDLP has been recorded
as a consistent measure of drowsiness [33], [39]-[41]. Our
results agree with this: as the drivers became drowsier, their
ability to maintain lateral control decreased, which can support
the use of SDLP for early drowsiness detection.

On-road studies have reported increased SRR during high
cognitive load [28]-[30], [37]; however, we did not observe any
significant differences between alert and n-back states, similar
to other driving simulator studies [30], [37]. These differences
might be due to limitations of the simulator setting, secondary
task choice, or engagement levels in driving or the secondary
task. We also did not see differences in SRR (1°) under
drowsiness. Although decreases in SRR have been reported
during drowsiness [35], gap size parameter might impact the
findings (micro- vs. large-corrections). [57] investigated gap
sizes for visual and cognitive secondary tasks; however, fine-
tuning gap size for drowsiness need further research.

B. Physiological Data

Our analysis of cardiac measures exhibited expected trends:
HR increased with increased cognitive load; however, the
differences between adjacent driver states was not significant.
We were unable to calculate HRV for high cognitive load due
to short n-back task periods, but HRV is generally expected to
decrease with increased cognitive load [15],[24]. In our study,
a marginally statistically significant increase in HRV was

No resampling Up-sampling

TABLE V
AUC VALUES FOR DETECTING HIGH COGNITIVE LOAD AND DROWSINESS
No Up- Down-
Model  sampling  sampling  sampling SMOTE _ Average
Positive class: n-back
RF 83% 82% 83% 80% 82%
XGB 79% 80% 77% 80% 79%
SVM 84% 76% 85% 73% 80%
KNN 75% 69% 75% 74% 73%
MLP 78% 79% 79% 81% 79%
Positive class: drowsy
RF 76% 75% 77% 75% 76%
XGB 79% 78% 72% 78% 77%
SVM 75% 66% 73% 67% 70%
KNN 1% 67% 70% 68% 69%
MLP 76% 78% 74% 76% 76%
Avg 78% 75% 77% 75% 76%

RF: random forest. XGB: extreme gradient boost, SVM: support vector

machine, KNN: k-nearest neighbor, MLP: multilayer perceptron
observed under drowsiness. HRV might not be as sensitive as
HR in differentiating high cognitive load levels [66], [16].

There were no effects on SD of GSR. But as expected,
average GSR was higher during n-back compared to alert,
slightly drowsy and moderately drowsy: states. Parallel results
have been shown for the mean [27], [28]. Our test could not
distinguish GSR between 1-back and 2-back, similar to [43].
The increased GSR we found during drowsiness disagree with
the expectations of lower skin conductivity [15]. Conflicting
GSR patterns exist in the literature potentially due to the
limitations of skin conductance in differentiating between high
cognitive load levels [66]. It is also possible that sleep
development while driving might stimulate a non-linear
relationship in GSR level (e.g., [67]).

C.  Classification'Models and Performance

Our results showed that tree-based ensemble models (i.c.,
RF, XGB) performed the best in differentiating high cognitive
load, alertness, and drowsy states. For detecting high cognitive
load, the highest AUC was 85%, while this rate was 79% for

Down-sampling SMOTE-sampling

True values

nback alert drowsy nback alert drowsy nback alert drowsy nback alert drowsy Models
nback 26 5 10 30 7 14 46 16 56 36 14 30
alert 9 35 17 4 50 24 8 74 96 10 61 41 RF
drowsy 33 88 387 34 71 376 14 38 262 22 53 343
nback |alert drowsy  nback |alert drowsy  nback |alert drowsy  nback |alert drowsy
§ nback 29 3 11 30 6 10 48 24 69 38 13 23
= alert 6 41 20 6 45 27 7 80 105 7 58 41  XGB
-a:) drowsy 33 84 383 32 77 377 13 24 240 23 57 350
o
% nback |alert drowsy  nback |alert drowsy  nback [alert drowsy  nback [alert drowsy
& nback 28 8 10 6 1 0 47 22 59 6 3 0
alert 1 14 7 0 33 14 12 89 143 0 32 12 SVM
drowsy 39 106 397 62 94 400 9 17 212 62 93 402
nback |alert |drowsy nback |alert [drowsy nback |alert |[drowsy nback |alert |drowsy
nback 13 0 7 41 18 47 35 13 56 40 20 45
alert 9 45 29 7 73 153 21 89 137 6 71 129 KNN
drowsy 46 83 378 20 37 214 12 26 221 22 37 240
nback |alert |drowsy nback |alert |drowsy nback [alert |drowsy nback |alert |[drowsy
nback 22 8 15 36 17 56 45 32 91 47 24 77
alert 11 51 32 22 82 97 6 63 75 11 68 71 MLP
drowsy 35 69 367 10 29 261 17 33 248 10 36 266

Fig. 5. Confusion matrices for four machine learning models (RF: random forest. XGB: extreme gradient boost, SVM: support vector machine, KNN: k-nearest
neighbor, MLP: Multilayer Perceptron). Columns indicate true values, and rows indicate predictions. Correct classifications are highlighted in gray.
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detecting drowsiness. Our findings showed that with simple
features such as the average and SD of driving and
physiological measures, risky driver states can be classified
with up to 76% average accuracy. For improved accuracy and
real-time detection, additional measures and parameters can be
explored, as well as time series approaches to consider temporal
changes in data. For detecting high cognitive load, a simulator
study achieved 85.6% average accuracy for classifying
baseline, 0-back, 1-back, and 2-back using skin conductance
level and SDLP with neural networks [56]. However, when HR
and SRR data were added, the overall accuracy declined. The
authors also showed that choice of window size (20s vs. 30s)
also impacted accuracy. In a drowsiness classification study
with cardiac measures of 5-min windows, accuracy rate of 80-
85% was reported with RF for a binary classification, but the
leave-one-out accuracy dropped to 58-64% when the RF was
trained to classify three levels of drowsiness (alert, somewhat
drowsy, drowsy) [68]. Overall, further research is needed on
classification sensitivity with changing parameters, window
sizes, models, and feature sets.

D. Secondary Task Performance and Subjective Measures

Our findings supported the validity of the modified n-back
task in inducing high cognitive load while driving compared to
no secondary task. In terms of accuracy, our study showed
lower rates (1-back: 73%; 2-back: 59%) than in [27] who
developed the modified task (1-back: 94%; 2-back 67%). The
greater n-back performance in [27] might be due to differences
in road environments, speed limits, and the additional training
drive with n-back tasks that the authors implemented.

We also found that half of the drivers felt'sleepy with some
difficulty to stay alert (KSS>7). However, some drivers might
be unaware of their sleepiness levels, even if their eyes were
shutting. For example, one participant was falling asleep after
40 mins of driving but rated their KSS as 4 (i.e., alert).

E. Limitations and Future Directions

Although the age range was not restricted and.a gender
balance was maintained among.. participants for greater
generalizability, this driving/simulator study was conducted
with frequent drivers who restricted their caffeine.and alcohol
consumption prior to the experiment. More research is-needed
to understand whether the findings apply to a larger pool of
driver demographics and how results may be affected by
stimulants and medication. Other physiological measures (e.g.,
EEG) can be also explored [15], [20]. Physiological data can be
subject to noise due to participant movement and requires
detailed noise removal and pre-processing efforts, including
manual data cleaning, even with research grade sensors. For
practicality and real-time applications, however, more accurate
wearable or non-contact sensors are needed.

This study took place in low-density traffic during daylight
with minimal interaction with other vehicles, and the roads had
a set speed limit. The complex real-life driving environments
and individual differences might impact the driving measures
in different ways. The use of driving measures would depend
greatly on the driving context, sensor accuracy, and road
conditions like existence of clear lane markers. Further, driving
experience and familiarity with the simulator environment can
also impact driving measures. We aimed to control for these

factors through recruiting frequent and experienced drivers, as
well as incorporating a practice drive prior to the experimental
drive. As driving simulators can further limit the experience
drivers have and reduce their perception of risk, on-road studies
can shed more light to the use of these measures. We aimed to
control for these factors by recruiting frequent and experienced
drivers, as well as incorporating a practice drive prior to the
experimental drive. As driving simulators can further limit the
experience drivers have and reduce their perception of risk, on-
road studies can shed more light to the use of these measures.
Drowsiness in this study was induced by monotonous driving
for around an hour, and not through lack of sleep. A review on
the impacts of sleep restriction [26] described similar patterns
to our findings, indicating that our study could induce sleep-like
responses through monotonous driving. Further, the observer
ratings had high agreement forground truth (80%) and findings
overall matched participants’ subjective sleepiness reports.

We used multiple resampling techniques to overcome the
class imbalance problem, but these techniques can add bias.
Additional data from n-back periods could improve the model
performance. Lastly, we used data averaged over 30s periods,
which removed the time series element of the sensor data. With
more data, more advanced models like-recurrent neural
networks can be used to train on the temporal aspects for real-
time detection models. There may be.opportunities to improve
detection performance by increasing sample size, engineering
more relevant features from the measures collected, and
training more complex deep learning models.

Another large gap is in understanding how DMS can be used
in vehicles. Substantial research effort has gone into developing
DMS (3700 studies) in the last decade, but only a limited
number of studies.(n=20) evaluated DMS-based drowsiness
interventions [5]. Such interventions might impact how drivers
interact with' and trust DMS, especially under risky driver
states. Interventions like emergency braking or automation
takeovers due to false drowsiness detection might increase risk
and can lead to annoyance, frustration, and stress. Warnings can
lead to behavioral adaptations and over-reliance: drivers can get
a false reassurance in their driving capability when DMS fails
to detect drowsiness. As Fig. 5 shows, drowsiness and cognitive
overload can be misclassified, in addition to being misclassified
with alertness. Studies that focus on only one suboptimal state
are unable to capture the risk of misclassification among
different suboptimal states.

VI. CONCLUSION

In a driving simulator study, we found differences in driver
performance and physiological data across a range of driver
states. Overall, high cognitive load was associated with reduced
speed, SDLP, steering wheel movement, and increased speed
variation and high physiological arousal. On the other hand,
drowsiness due to monotonous driving also led to reduced
driving performance (e.g., greater speed, SDLP, SD SWA, SRR)
and lower physiological arousal. Overlapping changes were also
present in SD speed and average and SD GSR under both
drowsiness and high cognitive load, which may lead to
misclassifications. These measures could differentiate high
cognitive load states with around 85% AUC and drowsiness
with around 79% AUC within one model. These findings can be
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used in selecting appropriate measures to develop DMS to
successfully differentiate cognitive overload and drowsiness
both from alert states and from each other. Jointly training
models for all three states can help avoid triggering unsuitable
interventions in case of misclassifications, informing the design
of real-time intervention systems.
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