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PAPER

AI and Mobile Technologies for Driver Fatigue Detection: 
Sex Differences Revealed by Eye-Tracking Metrics

ABSTRACT
The present study examines sex differences in fatigue and visual attention during simulated 
driving. Using a driving simulator, we evaluated the effects of task duration and sex differ-
ences on fatigue-related eye-tracking metrics, including blink duration, fixation rate, and 
blink rate. Results indicate that fixation rate was significantly influenced by task duration but 
remained consistent across sexes, whereas blink duration exhibited marginal sex differences 
and a significant interaction with task duration, with females demonstrating longer blink 
durations compared to males. These findings suggest that males and females adopt distinct 
patterns in managing fatigue over prolonged tasks, with implications for visual attention and 
fatigue. This study advances the understanding of sex-specific fatigue responses in dynamic 
tasks and underscores the potential of eye-tracking technologies for improving road safety.
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1	 INTRODUCTION

Fatigue is a critical factor impacting a wide range of activities, including driving, 
where its consequences can be severe [1]. In particular, driver drowsiness can lead 
to delayed reaction times, reduced attentiveness, and impaired information process-
ing, which are key contributors to traffic accidents [2]. Due to its significant role in 
motor vehicle safety, driver drowsiness demands focused attention; in fact, impaired 
driving resulting from drowsiness and distraction contributes to nearly 40% of fatal 
crashes [3, 4]. Consequently, as understanding the psychophysiological effects of 
both internal and external demands on fatigue grows in importance, recent studies 
emphasize the need to explore fatigue as a result of loads that exceed an individual’s 
coping capacity and tolerance levels [1, 5].

Furthermore, De La Vega et al. [1] identified significant differences in fatigue 
levels between male and female drivers in driving tasks. Their study revealed that 
females exhibited higher levels across all fatigue-related parameters evaluated, 
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including hours awake, heart rate, heart rate variability, Stroop Color-Word test 
scores, Samn-Perelli Scale ratings, Epworth questionnaire results, and overall stress 
levels. The authors attributed these differences to variations in stress response and 
regulation. However, they also noted that these disparities might be affected by addi-
tional factors beyond sex differences, such as activity levels, social background, edu-
cation, and other elements that impact the human stress response [1]. Another study 
by Zeng et al. [6] also found sex differences in drivers’ fatigue levels using heart 
rate variability. The authors suggested considering sex differences when developing 
driver fatigue detection systems that utilize heart rate variability features.

To understand cognitive and physiological states, various validated metrics are 
now available. For instance, electroencephalography and event-related potentials, 
cerebral blood flow imaging, blood pressure, electromyography, thermal imaging, 
heart rate variability, and pupillometry have proven effective in evaluating drivers’ 
cognitive states [1, 7].

In driving, eyes play an essential role in performing visual tasks, such as road 
scanning, communication with other drivers, and monitoring vehicle indicators. As a 
result, eye-related parameters are frequently used to assess drivers’ mental work-
load, fatigue, and visual attention [8, 9, 10]. Moreover, technological advances in 
camera resolution and computational power have made remote eye-tracking meth-
ods increasingly popular as non-intrusive and reliable tools for evaluating driver 
workload, leading to the development of innovative measurement techniques that 
can assess driver fatigue in real-time [9].

1.1	 Blink metrics for fatigue assessment

Blinking, an involuntary reflex involving the rapid closure and reopening of the 
eyelids, serves essential functions such as spreading tears across the eye surface 
for lubrication and clearing debris. A blink, described as “a temporary closure of 
both eyes involving upper and lower eyelid movements,” typically occurs around 
12 times per minute in adults, with each blink lasting approximately one-third of a 
second [11, 12, 13].

Common parameters used in blink analysis are blink rate, blink duration, blink 
latency and the percentage of eye closing time over a certain period (PERCLOS) 
[9, 14, 15, 16]. Blink rate, defined as the number of blinks per minute or second, 
requires only the detection of blink occurrences, not the measurement of blink 
amplitude, duration, or other detailed characteristics. This simplicity might make 
blink rate one of the more accessible blink metrics to record. However, significant 
variability exists in blink rates both between individuals and over time within the 
same individual [17]. For instance, Zaman and Doughty [18] observed substantial 
fluctuations in blink rate over a five-minute recording session, suggesting that blink 
measurements may depend on the timing of data collection during an experiment. 
Research has frequently linked blink rate with mental workload and fatigue, 
underscoring its importance in cognitive assessment [9].

Additionally, Tsai et al. [19] found that drivers performing simultaneous auditory 
tasks exhibited higher blink rates compared to driving alone. Similarly, Van Orden 
et al. [20] reported that blink rate increased in response to tracking errors in human 
factors tasks. In a study by Li et al. [21] on operators’ productivity and safety per-
formance, fatigue was shown to increase blink rate while reducing pupil diameter 
and visual attention range. However, the relationship between blink rate and 
cognitive or visual load varies across studies. Blinks tend to be infrequent when 
visual demands are high, as they are associated with maintained concentration. 
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Therefore, the discrepancies in findings regarding blink rate reflect the nature of 
the task. For example, in piloting studies [22], the number of blinks decreased when 
pilots were required to process more visual information, regardless of the air traffic 
control task’s demand level. However, when the task’s requirements exceed cogni-
tive resources, concentration may diminish, leading to an increase in blink rate as a 
result of higher mental workload [17].

PERCLOS has been widely associated with assessing attentional performance in 
tasks such as driving. Recent studies [15, 16] highlight its ability to differentiate between 
fatigue and alert states, where a PERCLOS value exceeding 15% indicates driver fatigue. 
The alignment of PERCLOS trends with real fatigue states, validated through heart rate 
measurements and subjective evaluations, underscores its reliability in monitoring 
driver attentiveness and identifying fatigue-induced performance impairments.

Blink rate and duration are also associated with performance in attentional tasks, 
such as driving or piloting, and show correlations with subjective sleepiness scales 
and EEG findings [23, 24]. During visually demanding tasks, such as reading, blink 
suppression or reduction may occur. Conversely, increased blink duration is often 
linked to higher levels of sleepiness or fatigue, making it a potentially more reliable 
alertness indicator than blink rate alone [24].

Further evidence of the link between blink duration and fatigue is provided by 
Mulhall et al. [25], who demonstrated that pre-drive blink duration could predict 
behavioral microsleeps and lane departures in shift workers. Their study found that 
longer blink durations were consistent predictors of sleep-related driving impair-
ments, including self-reported and hazardous driving events. Similarly, Summala 
et al. [26] examined blink frequency and duration during overnight driving and 
found that blink rate increased with time-on-task, indicating rising fatigue, while 
blink suppression occurred when approaching an oncoming heavy vehicle, reflect-
ing an attentive response to a potential hazard. This study supports previous find-
ings that increased blink frequency with prolonged task duration reflects an effort to 
maintain attention when fatigued. The increasing need for objective and automated 
detection systems to monitor phenomena such as fatigue, drowsiness, and emo-
tional states has led researchers to recognize that human blinking characteristics 
can be valuable indicators of cognitive state fluctuations [20, 27].

1.2	 Fixation measures in fatigue detection

A “fixation” generally refers to a period when the gaze is directed at a small, 
specific area on the screen for a certain duration. Various techniques can be used to 
identify fixations from eye-tracking data, with a common method being the applica-
tion of a gaze velocity threshold to classify fixations. However, fixation detection in 
head-mounted eye-tracking studies is significantly more challenging. In this study, 
we adopted a functional approach, considering any eye movement that stabilized a 
visual target on the retina as part of a fixation [28]. With this approach, microsac-
cades are included within fixations, meaning that fixations were not interrupted by 
these small eye movements [29].

Fixation rate is a measure calculated by dividing the total number of fixations by 
the trial duration in seconds, providing a rate in units per second commonly used 
in eye-tracking research. Previous research has observed that fixation rate tends to 
decrease as time on task increases [17, 30]. Additionally, Nakayama et al. [31] found a 
negative correlation between fixation rate and task difficulty, suggesting that the more 
challenging a task, the lower the fixation rate. Van Orden et al. [32] further noted that 
fixation rate varies with tracking performance across participants and demonstrated 

https://online-journals.org/index.php/i-jim


	 146	 International Journal of Interactive Mobile Technologies (iJIM)	 iJIM | Vol. 19 No. 11 (2025)

Bend et al.

its predictive value for target density in surveillance tasks, indicating its potential as 
a mental workload indicator [17]. Recent studies in driving, such as those by Weifeng 
et al. [33] and Sun et al. [34], have confirmed the validity of eye-tracking signals, partic-
ularly pupil size and fixation duration, as reliable measures for detecting eye fatigue.

In summary, there are various ways to assess a driver’s visual attention and fatigue, 
but no single method is universally applicable. Driving is a complex task, and each 
measurement method has its specific limitations. While the above mentioned stud-
ies provide insights into the relationship between eye-tracking metrics and visual 
attention and fatigue, specific research focusing on sex differences in these param-
eters during driving tasks remains limited. Further investigation is needed to com-
prehensively understand how sex differences may influence eye-tracking measures 
and mental tiredness in driving contexts. The present study examines the following 
research question: “How do sex differences and driving task duration impact fatigue 
indicators such as fixations and blinks, and what are the potential implications for 
driver safety?” Understanding this interaction can reveal if females or males are 
more susceptible to fatigue over time in driving, which might influence attention 
loss or response times. Specific intervals or conditions where fatigue changes might 
predict reduced driving safety, helping tailor recommendations on optimal break 
times or alertness interventions based on both sex and task duration.

2	 METHOD

2.1	 Participants

A total of 105 participants completed the experiment. Recruitment was conducted 
through the university mailing list, forums on the university’s learning management 
system, and social media platforms. Eligibility criteria required participants to be at 
least 18 years old, hold a valid driving license, and be fluent in German. Participation 
was voluntary, and informed consent was mandatory. Participants received com-
pensation of €18.62 (aligned with the German minimum wage) or course credit for 
psychology and media informatics students at the University of Lübeck, but no addi-
tional performance-related reward. We decided to only compensate overall partici-
pation to avoid interindividual differences in motivation (and therefore in effort) due 
to the monetary effect. The study received ethics approval from the Ethics Committee 
of the University of Lübeck (tracking numbers 2023-680 and 2023-680_1).

Of all participants, four aborted the experiment due to simulation sickness, and 
eight had significant irregular procedures (e.g., major display failures, incompliant 
behavior), resulting in a sample of N = 93 participants. Of this sample, five partici-
pants had corrupted driving data sets due to temporary technical problems in the 
driving data logging. Due to technical issues with the eye-tracking recording setup, 
we could only include eye-tracking data from our sample after the introduction of 
a new eye-tracking apparatus. All analyzed data were collected using the new Pupil 
Labs’ Pupil Neon eye-tracking glasses, ensuring consistency in the recording system 
and procedure for all participants included in the analysis. Hence, from the sample 
of N = 88 participants, only 53 participants used the functioning eye-tracking setup. 
Of these, three datasets were unusable because the participants wore incompatible 
glasses, and the final sample consisted of N = 50 participants.

All participants’ ages ranged from 18 to 38 years (M = 23.0, SD = 4.0). In response to 
the question, “Which gender do you most closely identify with?” 36 participants identi-
fied as female (72%), 14 as male (28%), while no participants identified as diverse (0%), 
and none chose not to disclose their gender (0%). The mean total driving experience 
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with passenger vehicles (regardless of their type of drivetrain) was M = 45876 km 
(SD = 144593 km, N = 48; due to a technical error in the survey, we did not collect this 
information from every participant). 11 participants (22% of the sample) had already 
driven an EV at least 50 km with a total driving experience of M = 801 km (SD = 1056 km). 
We assessed the Affinity for Technology Interaction (ATI) scale [35] to characterize the 
sample regarding user diversity in human-technology interaction. The sample had a 
mean ATI score of M = 3.92 (SD = 1.15, possible range from 1 to 6), being higher than a 
German population quota sample (3.61, as described in Franke et al. [35]).

2.2	 Apparatus

The study was conducted in the EcoSimLab electric vehicle driving simulator at 
the Institute of Multimedia and Interactive Systems, University of Lübeck. The sim-
ulated vehicle was a Renault Zoe EV (Electric Vehicle), and the driving environment 
used was the EcoDrivingTestPark [36]. The EcoDrivingTestPark is a driving environ-
ment with seven driving scenarios. The scenarios are designed to induce various 
energy-relevant maneuvers (see Figure 1 as an example), varied in situation com-
plexity, and took on average M = 77.5 seconds (SD = 10.0, Min = 55.8, Max = 123.6). 
The hardware setup featured three 55-inch, 120 Hz monitors arranged to provide 
a 180-degree field of view. A single car seat was equipped with a Fanatec simula-
tion rig, including a seat, wheelbase, and pedals. A compact car steering wheel was 
installed to replicate the appearance of a Renault Zoe. The steering wheel and pedals 
were enhanced with force feedback capabilities. The simulation software employed 
was BeamNG.tech, a specialized version of the BeamNG.drive simulation platform 
[37]. Energy consumption was modeled using an advanced energy model developed 
by Heidinger et al. [38] and further refined by Gödker et al. [36], accounting for vehi-
cle and environmental physics within the simulation.

2.3	 Procedure

In this repeated-measures driving simulator experiment, participants were ran-
domly assigned to one of three display conditions: (1) optimal speed display (OSD), 
(2) instantaneous consumption trace display (ICD), and (3) no display/control (NOD). 
Each participant first completed both complexity blocks without any display (base-
line phase) and then completed both blocks with the assigned display based on their 
group (experimental phase).

At the start of the experiment, participants were briefed on the procedure, provided 
informed consent, and completed an initial questionnaire. They were then given 
detailed information about the study through an instructional video. Participants 
familiarized themselves with the driving simulator by completing a tutorial track, 
lasting approximately four minutes, which included various speed limits, curves, 
inclines, and declines. After this, a second instructional video explained the tasks 
and rules of the EcoDrivingTestPark. Participants were instructed to drive as effi-
ciently as possible while adhering to German traffic regulations. They were tasked 
with following traffic signs to navigate to the fictional city of “Simnitz” and avoid 
wrong turns. Each sector had a time limit, calculated based on the time it would take 
a driver maintaining 90% of the speed limit for that sector. This allowed participants 
to gauge their progress without knowing the exact time limit. Additionally, they were 
required to respond to online prompts when passing through teleportation tunnels.

Participants then completed a test trip (not part of the present analyses) on two 
sectors to become familiar with the EcoDrivingTestPark and their tasks. These test 
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sectors were not part of the core sectors for the experiment. Following the test trip, 
participants had to drive both complexity blocks (in randomized order and with a ran-
domized order of sectors), hence, each sector once (baseline phases). After the base-
line phase, participants watched a third instructional video explaining their assigned 
eco-driving display. The control group did not receive any additional instruction.

Participants then completed another test trip to practice using the display 
(not part of the analyses), followed by both complexity blocks (experimental phase, 
again driving each sector once).

Between the blocks, participants completed several questionnaires (not part of this 
study). After all trips were completed, they answered a final questionnaire on personal 
characteristics and demographics. Participants were then thanked and dismissed. The 
entire experimental procedure lasted approximately 90 minutes per participant.

Materials, measures, and eye-tracking apparatus. This experiment used Pupil 
Labs’ Pupil Neon eye-tracking glasses to record eye movements at a sampling rate 
of 200 Hz. The glasses featured an egocentric scene camera with a resolution of 
1080 × 1088 pixels and a frame rate of 30 Hz. Two near-eye infrared (IR) cameras 
recorded each eye at a 200 Hz frame rate. Participants were allowed to move their 
heads freely during the experiment, and a head strap was used to prevent the glasses 
from slipping. The primary dependent variables in this study were eye blink dura-
tion, fixation rate, and blink rate.

Blink and fixation detection and data processing. To confidently identify 
blinks, we included only timepoints where both eye tracks were missing. Data were 
limited to samples collected while participants were actively performing tasks, 
excluding screens for instructions. The dataset was further filtered to retain only 
samples with both eyes undetected.

Fig. 1. Driving environment with seven driving scenarios

For blink detection, lower and upper limits on undetected pupil duration were 
applied. The lower threshold for blink detection was set at 100 ms, based on the 
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Pupil Labs blink detection algorithm, which aligns with physiological blink limits 
reported in the literature. This threshold is widely accepted as it minimizes the risk 
of misclassifying shorter interruptions as blinks. Data losses exceeding 1000 ms were 
excluded as they were attributed to microsleeps or other non-task-related interrup-
tions, ensuring the integrity of blink-related measures.

For fixation detection, the basic velocity-based I-VT algorithm classifies each gaze 
sample as either a fixation or non-fixation, depending on whether gaze speed is 
below or above a set threshold [39, 40]. Although effective under static viewing con-
ditions with minimal head motion, this method faces challenges in head-mounted 
eye-tracking studies where head movement is present. To address this, we used 
Pupil Labs’ adaptive velocity threshold algorithm [29]. For this study, the minimum 
velocity threshold was set at ν0 = 1200 px/s with a gain factor of g = 0.8, and a mini-
mum fixation duration of dmin = 70 ms. As a post-processing step, fixations separated 
by gaps smaller than 2° in amplitude and shorter than 50 ms (microsaccades) were 
merged into fixations, ensuring they were included as uninterrupted events [29]. 
No maximum fixation duration limit was applied.

2.4	 Justification for thresholds

The thresholds selected for blink and fixation metrics were based on a review of 
relevant literature and the limitations of the recording equipment. For blink dura-
tion, the 100 ms threshold reflects natural physiological limits and aligns with set-
tings used in similar studies. Many researchers adopt thresholds in the range of 
80–100 ms as they align better with typical blink rates, though these settings may 
not suit all studies. For example, Hollander and Huette [12] used 160 ms; Frank et al. 
[41] and Huette et al. [42] applied a 100 ms threshold; and Van Orden et al. [32] used 
83.3 ms. The Pupil Labs blink detection algorithm uses a default lower threshold of 
100 ms, which we adopted in this study. This threshold effectively captures most 
spontaneous blinks while excluding shorter interruptions, such as noise or minor 
occlusions, enhancing the reliability and validity of our findings.

3	 RESULTS

For all trials, data were analyzed using mixed-effects ANOVA with a between- 
subject factor of sex (male/female) and a within-subjects factor of trials (4 levels). 
Figures 2, 3, and 4 plot average blink duration, fixation rate, and blink rate, with 
males and females represented by blue and red bars, respectively. Table 1 provides 
descriptive statistics for males and females across trials.

For fixation rate, ANOVA showed a significant main effect of trial F(3,144) = 3.671, 
p = .014, p < 0.1, ηp2 = 0.071. Neither the main effect of sex, F(1,48) = 0.080, p = .778, 
ηp2 = 0.002, nor the sex*trial interaction, F(3,144) = 0.209, p = .890, ηp2 = 0.004, were 
significant. The significant effect of Trial suggests systematic changes in fixation 
rates over time, likely reflecting task progression. This aligns with prior findings that 
fixation behavior is influenced by task demands.

For blink rate as a dependent variable, the main effect of trial F(3,144) = 2.583, 
p = .056, p < 0.1, ηp2 = 0.051 was marginally significant, whereas both sex F(1,48) = 
0.013, p = .909, ηp2 = 0.000 and the sex*trial interaction F(3,144) = 1.573, p = .199, 
ηp2 = 0.032 were not. The marginal trial effect may reflect changes in participants’ 
fatigue or adaptation to the task. Although sex differences were not observed, the 
role of blink rate as an indicator of fatigue requires further exploration.
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Finally, for average blink duration as a dependent variable, mixed-effects ANOVA 
showed a marginally significant effect of the sex*trial interaction, F(3,144) = 2.628, 
p = .053, p < 0.1, ηp2 = 0.052, and an effect that approached but did not reach sig-
nificance of sex F(1,48) = 3.296, p = .076, p < 0.1, ηp2 = 0.064. The effect of trial 
F(3,144) = 1.443, p = .233, ηp2 = 0.029 was not significant. Although these findings do 
not meet strict significance thresholds, they suggest potential sex-based differences 
in fatigue-related behavior. Females showed longer blink durations, which needs 
further exploration with a larger group of participants.
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The term “marginally significant” is used to describe results where p-values 
slightly differ from the .05 threshold. Although these findings do not meet conven-
tional significance criteria, they warrant discussion due to their potential practical 
implications. For example, the marginal interaction between blink duration and 
trial could reflect subtle differences in how males and females respond to fatigue 
over time.

Table 1. Descriptive statistics for males and females

Sex Eye Tracking Measurement Parameter Trial 1 Trial 2 Trial 3 Trial 4

Males Valid N 14 14 14 14

Fixation rate per minute Mean 147.06
(14.70)

147.36
(19.40)

144.54
(16.97)

143.38
(17.45)

Blink rate per minute Mean 17.93
(9.10)

18.7
(9.89)

21.19
(13.85)

19.83
(12.23)

Average blink duration Mean 253.9
(29.01)

254.13
(28.57)

255.94
(22.84)

252.78
(31.20)

Females Valid N 36 36 36 36

Fixation rate per minute Mean 149.77
(16.78)

148.03
(16.60)

145.13
(16.35)

144.98
(16.40)

Blink rate per minute Mean 19.26
(10.99)

20.09
(11.74)

19.85
(11.70)

20.04
(10.64)

Average blink duration Mean 265.05
(26.77)

271.12
(26.57)

268.39
(31.00)

274.77
(30.55)

Table 1 presents the mean (std. dev.) for each eye-tracking metric across four 
trials, separated by sex (males and females).

4	 DISCUSSION

Fatigue from extended mental activity and other contributing factors is a key 
cause of traffic accidents and a significant public health issue [1, 2]. Addressing 
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fatigue holds relevance across various scenarios, particularly in driving, where 
tiredness can have severe consequences [1]. With increasing automation in vehi-
cles capable of managing speed and lane-keeping, diagnosing driver impair-
ment has become more challenging because automation limits the availability of 
vehicle-based signals (such as steering input or braking behavior) traditionally used 
to assess driver performance. This necessitates the use of camera-based driver mon-
itoring systems (DMS) [4]. Moreover, when the perceived effort or fatigue outweighs 
the expected reward, individuals are less motivated to sustain task performance [1]. 
Maintaining accurate decision-making in dynamic environments depends heavily 
on sustained attention, which can be compromised by mental fatigue arising from 
prolonged cognitive efforts [43]. Consequently, precise assessments of fatigue, par-
ticularly in its mental dimension, are crucial for improving road safety, especially 
as automation increasingly places drivers in supervisory roles. The advancement of 
camera technologies and computational capabilities has facilitated the use of remote 
eye measurements as unobtrusive tools to assess driver workload effectively [9]. 
The present study examines how sex differences and driving task duration impact 
fatigue indicators such as fixations and blinks, with potential implications for driver 
safety. Specifically, we investigated whether males and females differ in baseline 
fatigue indicators, how prolonged driving influences fatigue, and whether sex and 
task duration interact to shape fatigue-related changes.

While various approaches exist to evaluate mental workload, no single method is 
universally effective, given the complexity and multidimensional nature of driving 
tasks, each with inherent limitations. Research has documented sex-based differ-
ences in driving-related fatigue using heart rate variability metrics [1]; however, 
these differences have not yet been examined through eye-tracking methodologies. 
This may be due to the fact that physical fatigue measures have undergone more 
comprehensive development in recent years. For example, in sports and physical 
activity contexts, heart rate variability metrics have been shown to be effective for 
monitoring fatigue across varying training intensities [1]. In our study, we employed 
eye-tracking to assess drivers’ fixation patterns and blink behaviors during a driv-
ing task as indicators of fatigue levels. Marginally significant effects of sex and the 
sex*task duration interaction on blink duration were found. This suggests a poten-
tial tendency for sex differences in blink duration, with females appearing to blink 
for longer periods than males. Although this effect is not highly significant, it may 
indicate that males and females exhibit different blink behaviors. The interaction 
suggests that the effect of task duration on blink duration was different for males 
and females. The significance indicates that as the task duration increased, males 
and females diverged in how their blink duration changed over time, possibly due 
to differences in how they handled fatigue. Task duration significantly impacted fix-
ation rates and had a marginal effect on blink rates, consistent with prior studies 
associating these metrics with fatigue over time [9, 15, 16, 17, 18, 20, 21].

Implications. Our findings contribute to the theoretical understanding of fatigue 
regulation by highlighting sex differences in blink duration, suggesting that males 
and females may experience and respond to extended driving tasks differently. This 
underscores the need for tailored fatigue mitigation strategies. Previous research 
has emphasized the role of sex-specific factors in fatigue detection, with Zeng et al. 
[6] recommending their integration into heart rate variability-based monitoring sys-
tems for improved accuracy. Similarly, Lin and Chien [44] demonstrated that sex 
influences operational performance and user satisfaction with car navigation sys-
tems, advocating for interface designs that minimize distractions. The present study 
extends this work by providing behavioral insights through eye-tracking metrics, 
particularly in the use of blink duration as a potential sex-sensitive fatigue marker.
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From an applied perspective, sex differences in fatigue regulation highlight the 
need for personalized, artificial intelligence (AI)-driven fatigue mitigation strategies. 
Eye-tracking-based systems, as noted by [45], currently achieve up to 95% accuracy, 
outperforming respiration-based (90%) and facial feature-based (74%) systems. 
Many modern DMS, such as those by smart eye AB and driver state sensors (DSS) by 
Seeing Machines, rely on AI and computer vision to analyze facial and eye-tracking 
metrics [2, 26]. To improve fatigue detection, comprehensive systems integrating 
AI-based models with multiple data sources are essential.

According to [46], modern fatigue detection systems leverage multi-sensor, smart-
phone-based, and cloud-based architectures, analyzing eye-tracking data, heart rate 
variability (HRV), and vehicle movement patterns for real-time fatigue prediction. 
Additionally, machine learning frameworks, such as convolutional neural networks 
(CNNs) and recurrent neural networks (RNNs), have been widely adopted to classify 
fatigue levels based on visual cues such as PERCLOS, blink frequency, and head move-
ments [45]. These models enable low-latency fatigue detection through edge comput-
ing and 5G networks, improving response times for real-time applications. Yang et al. 
(2024) [47] further highlight how AI-powered DMS leverage deep learning-based 
gaze tracking, head pose estimation, and blinking analysis to assess driver attention 
and drowsiness. These AI-driven solutions integrate adaptive fatigue warnings and 
intervention strategies, enhancing real-time safety mechanisms. While wearable 
sensors and EEG-based systems offer high accuracy, smartphone-based fatigue mon-
itoring presents a cost-effective alternative for large-scale deployment.

However, various approaches to fatigue monitoring in driving and occupational 
settings highlight the importance of accurate and timely detection [48]. Wearable 
eye-tracking technology has shown promising performance in mental fatigue detec-
tion, achieving high classification accuracy using widely adopted machine learn-
ing algorithms. For example, [21] revealed that combining pupil and blink features 
resulted in the highest classification accuracy, suggesting that even low-cost devices 
such as webcams can be utilized for automatic fatigue monitoring. This makes eye-
tracking-based methods accessible for budget-constrained projects. However, it is 
important to recognize the limitations of behavior-based methods, as they primarily 
detect fatigue after its onset. This delayed detection may limit their ability to pre-
vent exposure to fatigue-related risks. Additionally, computer vision-based systems 
remain sensitive to environmental factors, such as lighting variability, which can 
impact accuracy [10].

4.1	 Future directions

To improve fatigue risk management, detecting early transitions into fatigue is 
critical, rather than focusing solely on post-fatigue detection. AI-driven models offer 
a significant advantage by identifying fatigue onset before it affects cognitive perfor-
mance and safety [21]. One such AI-based method, the Toeplitz Inverse Covariance-
Based Clustering (TICC) algorithm, enables real-time classification of fatigue levels 
based on both objective (eye-tracking metrics) and subjective (self-reported) data. 
Unlike traditional threshold-based detection, adaptive AI models continuously learn 
from data, detecting subtle transitions between fatigue states [21].

However, while AI-driven fatigue detection systems enhance driver safety, they 
also raise critical ethical and privacy concerns, particularly regarding data collec-
tion, usage, transparency, accountability, and regulatory oversight. Wani et al. [49] 
highlight the need for privacy-preserving AI techniques and ethical frameworks to 
balance user rights and safety in autonomous driving applications. Additionally, 
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eye-tracking data is susceptible to privacy risks, including re-identification and infer-
ence attacks. Seyedi et al. [50] demonstrated that deep learning models trained on 
full-face video recordings may inadvertently expose sensitive biometric data, under-
scoring the urgent need for robust security measures and regulatory guidelines.

4.2	 Limitations

The present study provides valuable insights into sex differences in driver fatigue; 
however, several limitations must be acknowledged to contextualize the findings 
and guide future research.

First, the final sample size of 50 participants, with a skewed gender distribution 
(72% female), limits the generalizability of the results. While the study highlights 
potential sex-based differences in fatigue indicators, the uneven sample distribu-
tion and relatively small size may reduce the statistical power to detect subtle dif-
ferences. Future studies should aim to recruit a more balanced and larger sample 
to enhance the robustness and generalizability of findings, particularly regarding 
sex-specific differences.

Second, the term “marginally significant” is used in the manuscript to describe 
results with p-values close to 0.05. While these findings are acknowledged, their prac-
tical implications require deeper exploration. Future research should aim to incor-
porate larger datasets and additional statistical analyses to validate these trends.

Third, although the study adequately addressed ethical considerations, including 
participant consent and ethics committee approval, the potential influence of the 
compensation method warrants further discussion. Participants received compen-
sation for their overall participation rather than performance to minimize variabil-
ity in motivation. However, this approach may still have influenced participants’ 
behavior (e.g., completing tasks despite fatigue). Future studies should carefully con-
sider how compensation methods might impact participant effort and task engage-
ment to ensure transparency and reproducibility.

Lastly, the exploratory nature of this study and the use of a driving simulator 
present inherent limitations. Simulators, while valuable for controlled experiments, 
may not fully capture real-world driving conditions, potentially impacting the exter-
nal validity of the findings. Future research should consider supplementing simula-
tor studies with real-world assessments to enhance ecological validity.

By addressing these limitations and incorporating additional methodologies, 
future studies can build upon these findings to advance the understanding of sex 
differences in fatigue and their implications for driver safety technologies.

5	 CONCLUSIONS

This study highlights differences in fatigue levels between females and males 
during driving tasks. Understanding these variations and their impact on driving 
performance is crucial for the development of advanced monitoring systems aimed 
at detecting and preventing accidents. Future research should aim to expand on this 
work by conducting longer experiments, incorporating a wider variety of driving 
scenarios, and increasing the sample size to ensure more robust and generalizable 
findings. Combining eye-tracking data with heart rate variability measurements 
could further enhance our understanding of fatigue and drowsiness in both female 
and male drivers. Our findings suggest that prolonged driving may affect females 
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and males differently in terms of fatigue and drowsiness, offering valuable insights 
for improving driver safety.
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