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Abstract 28 

Although mental fatigue is known to negatively impact performance, it remains unclear how 29 

cognitive resources interact with fatigue levels across the adult lifespan. Using a dual-task 30 

paradigm, we manipulated cognitive load (low vs. high) to induce varying levels of mental 31 

fatigue in young, middle-aged, and older adults. We assessed self-reported fatigue, 32 

sleepiness, and motivation pre- and post-task, while exploring task-related fluctuations in task 33 

accuracy and eye-metrics (pupil size, pupillary response speed, and long blinks). Younger 34 

adults reported higher subjective fatigue and had lower task performance than older adults did. 35 

There was no significant interaction effect between age and cognitive load condition on 36 

performance. Results indicated that pupil size and long blinks are useful indicators of cognitive 37 

load in younger and middle-aged adults but may be less reliable in older adults. These findings 38 

suggest exploring alternative measures to better capture cognitive and physiological 39 

responses to mental fatigue in older populations. 40 

Keywords: mental fatigue, cognitive load, adult lifespan, eye-metrics 41 
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Mental fatigue is a prevalent issue in modern society, contributing to accidents in 43 

contexts such as driving (Akerstedt et al., 2005) and in the workplace (Sadeghniiat-Haghighi 44 

& Yazdi, 2015). Although it encompasses many definitions due to its complex multidimensional 45 

nature (Kluger et al., 2013), we opted to define mental fatigue as a normal transient 46 

psychophysiological state characterized by a subjective lack of mental energy experienced by 47 

people after prolonged or sustained cognitive activity, which can be attenuated by rest 48 

(Finsterer & Mahjoub, 2014; Jason et al., 2010). In contrast, pathological fatigue, observed in 49 

conditions such as multiple sclerosis or chronic fatigue syndrome, is more persistent and less 50 

responsive to rest (Jason et al., 2010). 51 

Current Assessment Approaches 52 

When assessing mental fatigue, it is important to distinguish it from other related states, 53 

such as sleepiness, boredom, lack of motivation, or depressive states, which may overlap with 54 

fatigue, mimic its associated performance impairments and enhance the subjective experience  55 

of fatigue (Kuppuswamy, 2017). Importantly, these constructs, though distinguishable, are 56 

interrelated and may serve as moderators in driving one another, even though their causal 57 

relationships remain not fully understood (Vermeylen et al., 2025). Sleepiness, for instance, is 58 

a physiological drive for sleep that can be measured objectively through indicators like EEG 59 

signals denoting the transition from wakefulness to sleep (Shen et al., 2006). In contrast, 60 

boredom is typically associated with reduced motivation and low engagement particularly in 61 

monotonous tasks (Pattyn et al., 2008), while depressive states are characterized by a lack of 62 

energy that extends beyond transient fatigue (Corfield et al., 2016). Lack of motivation in 63 

engaging in activities refers to a reduced valuation of goals or expected outcomes, further 64 

suggested to be influenced by fatigue (Müller & Apps, 2019). Furthermore, individual factors, 65 

including physical activity levels, overall health status, and the use of medications, may serve 66 

as moderators influencing the degree of mental fatigue experienced (van de Port et al., 2007). 67 

Therefore, these lifestyle and health-related factors should be carefully considered when 68 

addressing mental fatigue. 69 
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Mental fatigue is commonly assessed using subjective measures such as the Fatigue 70 

Severity Scale (FSS; Krupp et al., 1989) and visual analog scales (VAS; Lee et al., 1991). 71 

Nevertheless, fatigue can also manifest in an objective manner, evidenced by cognitive 72 

performance and efficiency declines (e.g., increased reaction times and errors) (Kluger et al., 73 

2013) along with reduced task engagement, a phenomenon termed fatigability (Kluger et al., 74 

2013). However, these performance parameters may also reflect motivational influences, such 75 

as monetary incentives (Esterman et al., 2014) or increased demotivation state (Read et al., 76 

2026), which should therefore be controlled for in experimental designs. 77 

Experimental induction of mental fatigue typically relies on prolonged task engagement 78 

(time-on-task paradigm) (Möckel et al., 2015) or manipulation of cognitive load, which refers 79 

to the mental resources required to perform a task (Biondi et al., 2023). Referring on the latter 80 

paradigm, the time-based resource sharing model (Barrouillet et al., 2004) provides a 81 

theoretical account of how cognitive load constraints working memory performance by limiting 82 

the time available for memory maintenance and retrieval processes. Building on this 83 

framework, Borragán et al. (2017) propose that mental fatigue and performance outcomes are 84 

directly influenced by the balance between cognitive demands and available resources. 85 

Specifically, reducing the available processing time for a cognitive task places greater 86 

demands on cognitive resources, leading to heightened fatigue and decreased accuracy. 87 

Paradoxically, participants’ subjective states correlate poorly with their cognitive 88 

performance decrement (Bailey et al., 2007). For example, performance decline can precede 89 

the onset of perceived fatigue (Zhang et al., 2011), and feelings of mental fatigue may not 90 

coincide with objective performance decrement (Muñoz-de-Escalona et al., 2020). Such 91 

disparities can be explained by compensatory processes put in place to counteract the effects 92 

of mental fatigue, allocating additional resources under high mental workload conditions to 93 

sustain task performance (Muñoz-de-Escalona et al., 2020). Based on these discrepancies, 94 

task performance and subjective fatigue measures are not sufficient to effectively assess 95 

mental fatigue. 96 
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Eye-Metrics as Fatigue Indicators 97 

Consequently, psychophysiological techniques for evaluating fatigue have gained 98 

attention. Heart rate variability or EEG activity changes have been consistently associated with 99 

mental fatigue (Arnau et al., 2017), but ocular metrics are particularly promising (McLaughlin 100 

et al., 2023). This non-invasive approach holds advantages, as it captures a natural 101 

phenomenon influenced by the central nervous system, without requiring intentional 102 

manipulation. Notably, pupillometry provides indices of arousal and cognitive load, with larger 103 

pupil size under high cognitive load (van der Wel & van Steenbergen, 2018) and changes in 104 

pupillary dynamics in fatigued states, which can be indicative of task engagement and 105 

sleepiness (Bafna & Hansen, 2021). 106 

Interestingly, the dynamic measures of pupil, in opposition as the static ones such as 107 

its size, appear to exhibit heightened responsiveness to fatigue compared to static ones (Bafna 108 

& Hansen, 2021) and are less influenced by individual differences, including aging, unlike pupil 109 

size, which decreases with age (Lazar et al., 2024). However, existing research has 110 

predominantly concentrated on pathological cohorts, including multiple sclerosis fatigued 111 

patients, who display disruptions in pupillary response (Guillemin et al., 2022). This 112 

insufficiency underscores the motivation of our study to better understand the links between 113 

pupillary response speed and fatigue in healthy individuals across the adult lifespan. 114 

Blink metrics constitute another relevant indicator of assessing mental fatigue (Martins 115 

& Carvalho, 2015). Blink frequency and duration have been widely used to monitor fatigue and 116 

alertness, especially in driving and flying simulation experiments (e.g., Hu & Lodewijks, 2021). 117 

The frequency of eye blinks not only serves as a measure of fatigue; it also reflects a dynamic 118 

measure of cognitive load and cognitive processes and corresponds to adaptation in response 119 

to task complexity. However, findings regarding cognitive load and blinking are mixed, as high 120 

cognitive load has been associated with both reduced (Zheng et al., 2012) and increased (Tsai 121 

et al., 2007) blink frequency and duration. Within the temporal scope of cognitive tasks, eye 122 

blink frequency may evolve, showing an increasing frequency pattern as tasks progress and 123 
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fatigue/sleepiness ensues (Tsai et al., 2007). Finally, long-duration eye-blinks (i.e., over 124 

300ms) are also considered as relatively good markers of sleepiness, and are less affected by 125 

inter-individual variations observed in regular blinking (Schleicher et al., 2008).  126 

Aging and Mental Fatigue 127 

A critical gap in literature concerns the influence of aging on mental fatigue and its 128 

measurements and their effectiveness across age groups. For instance, pupillometry might not 129 

be as effective to assess fatigue in older adults due to age-related changes in pupil 130 

responsiveness, which could affect both the accuracy and the reliability of this method. 131 

Additionally, while some studies have recognized fatigue’s broader impact on the older 132 

population, positioning it as a potential marker of frailty (e.g., Cohen et al., 2021), these studies 133 

have either not specifically addressed the phenomena of mental fatigue or have exclusively 134 

relied on subjective reported measures. 135 

Cognitive aging models postulate reductions in processing speed and available 136 

cognitive resources with aging (Collette & Salmon, 2014; Salthouse & Babcock, 1991), which 137 

could increase susceptibility to fatigue under demanding conditions. This way, older adults 138 

may experience greater difficulty than younger adults when performing tasks with identical 139 

cognitive demands, potentially leading to higher fatigue. Yet, empirical findings are 140 

inconsistent. Some studies report greater extreme reaction times (i.e., delay in reaction times) 141 

in younger (Gilsoul et al., 2021) or middled-aged adults (Gilsoul et al., 2024) and worst 142 

performance decline with time-on-task in young adults (Samuel et al., 2019), whereas older 143 

adults often maintain stable performance, possibly reflecting strategic adjustments such as 144 

speed-accuracy trade-off or higher task motivation. These findings suggest a non-linear 145 

relationship between age and mental fatigue, with younger and middle-aged adults sometimes 146 

showing greater susceptibility than older adults, despite age-related declines in cognitive 147 

resources. This pattern may reflect higher resistance to monotony and greater task motivation 148 

in older individuals (Arnau et al., 2017). Additionally, age differences in performance may be 149 

partly explained by strategic variations, particularly a speed-accuracy trade-off: younger adults 150 
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tend to prioritize speed, whereas older adults adopt a more error-aversive approach, leading 151 

to slower but more stable performance under fatigue (Salthouse & Babcock, 1991).  152 

Aims and Hypotheses 153 

The present study examines the differential impact of cognitive load on mental fatigue 154 

across young, middle-aged, and older individuals. Using an adaptative dual-task paradigm 155 

(Time Load Dual Back task) to equate task difficulty across individuals by tailoring stimulus 156 

presentation times, we manipulated cognitive load to induce varying fatigue levels. Subjective 157 

fatigue, sleepiness, and motivation were acquired pre- and post-task, alongside behavioral 158 

performance. In parallel, we recorded pupil size, pupillary response speed, and blink rate to 159 

evaluate ocular metrics as objective markers of fatigue across adulthood. Thus, our study is 160 

not restricted to the behavioral and subjective consequences of mental fatigue induction but 161 

also assesses the physiological changes inherent to the onset of mental fatigue.  162 

We hypothesized that the higher cognitive load would elicit greater performance decline 163 

and increased subjective fatigue, with older adults, followed by middle-aged adults, showing 164 

larger decrements over time relative to younger adults. We further expected larger pupil size 165 

under high cognitive load and increased blink rate under low-load, as sleepiness may arise 166 

from the monotonous nature of the task. However, given the known effects of aging on ocular 167 

physiology, the examination of ocular metrics across age groups was considered exploratory. 168 

 169 

Method 170 

Participants 171 

Participants were recruited via social media and through a database of healthy 172 

volunteers available at GIGA-CRC Human Imaging. The present study was conducted after 173 

approval of the Ethical Committee of the Faculty of Psychology, Speech Therapy and 174 
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Educational Science of Liège University. All participants provided informed consent. No 175 

financial compensation was provided. 176 

A total of 108 individuals underwent initial screening for eligibility between February 177 

2019 and May 2022. Inclusion criteria were aged between 18 and 75 years and being a native 178 

French-speaker. Exclusion criteria included history of head injury, neurological or psychiatric 179 

disease, substance abuse or use of medication likely to affect the central nervous system 180 

functioning, cognition, or fatigue (i.e., antidepressants, anxiolytics, anticholinergics). 181 

Eighty-seven participants met eligibility criteria and completed the study (see Figure 182 

A1 in Supplemental Data for flowchart). Participants were categorized into three age groups: 183 

young (N = 43), middle-aged (N = 25) and older adults (N = 19). For eye-metrics analyses, a 184 

subset of 65 participants was retained based on signal quality criteria (young = 30, middle-185 

aged = 18 and older adults = 17). Demographic characteristics of the whole sample and 186 

subsample are presented in Table 1.  187 

The recommend total sample size was approximately 100 participants for regression 188 

models including seven predictors (group, condition, time, and their interactions) and assuming 189 

a medium effect size (f² = .15), α = .05, and 80% power. Due to recruitment constraints during 190 

the COVID-19 pandemic, particularly affecting older adults, the final sample comprised 87 191 

participants. Therefore, a post-hoc sensitivity power analysis was performed using G°Power 192 

3.1.9.7, revealing that the study was powered (1 – β = .80, α = .05) to detect effects of f² = .18 193 

or larger, corresponding to a medium effect size.  194 

 195 

Table 1 196 

Sociodemographic Characteristics of the Participants  197 

 
Full sample (N = 87) 

Eye-metrics 
subsample (N = 65) 

 Young 
(N = 43) 

Middle-
aged 

Older 
(N = 19) 

Young 
(N = 30) 

Middle-
aged 

Older 
(N = 17) 
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(N = 25) (N = 18) 

Age, years 

22.70 

(2.81)  

[18 – 29] 

53.60 

(6.37) 

[40 – 60] 

66.53 

(3.92) 

[61 – 74] 

22.40 

(2.91)  

[18 – 29] 

51.06 

(6.20) 

[40 – 59] 

65.77 

(3.72) 

[61 – 72] 

Woman, n (%) 
32  

(74.42) 
18 (72.00) 

14 

(73.68) 

21 

(70.00) 

13 

(72.22) 

13 

(76.47) 

Educational 
level, years 

13.12 

(2.13) 

[6 – 18] 

15.12 

(1.90) 

[11 – 18] 

15.05 

(1.62) 

[12 – 18] 

12.60 

(2.06) 

[6 – 18] 

15.06 

(2.04) 

[11 – 17] 

15.06 

(1.60) 

[12 – 18] 

Note. Values are presented as mean (standard deviation) [range]. 198 

 199 

Study Design 200 

This study used a counterbalanced within-subjects design with cognitive load (low, LCL 201 

vs. high, HCL) as a repeated-measures factor and age group (young, middle-aged, older 202 

adults) as a between-subjects factor. Participants completed three sessions scheduled one 203 

week apart (see Figure 1 for a complete overview of the experimental procedure). The primary 204 

dependent variables were subjective fatigue, behavioral performance, and ocular metrics. 205 

Materials and Measures 206 

Cognitive Screening Measures 207 

During the first session, participants underwent cognitive screening to ensure the 208 

absence of significant impairment. Measures included verbal working memory (digit span, 209 

Wechsler, 2011), alertness (TAP, Zimmermann & Fimm, 2002), and crystallized intelligence 210 

(Mill Hill, Raven & Deltour, 2007). Participants over 60 years of age additionally completed the 211 

Mattis Dementia Rating Scale (Mattis, 1976).  212 

Questionnaires 213 

Participants filled-in trait questionnaires that could influence the level of fatigue, namely 214 

depressive symptoms (CES-DS; Radloff, 1977), sleep quality (PSQI; Buysse et al., 1989), and 215 

sleepiness (ESS; Johns, 1991), along with demographic information.  216 
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Fatigue Induction Task: The Time Load Dual Back (TLDB) 217 

Mental fatigue was induced using the Time Load Dual Back task (TLDB, Borragán et 218 

al., 2016), a computerized-dual task combining in parity judgments for digits and a 1-back task 219 

for letters. Stimuli were presented alternatively in a white font on a black background. 220 

Participants responded to digits using the numeric keypad (even vs. odd) and to letters by 221 

pressing the space bar when identical to the preceding letter. They were instructed to respond 222 

as quickly and accurately as possible throughout the task. The task lasted 32 minutes and was 223 

divided into four 8-minute blocks. The first 60 items considered as practice trials were excluded 224 

from analyses. 225 

Cognitive load was manipulated by adjusting stimulus presentation time. In the high 226 

cognitive load (HCL), stimuli were presented at each participant’s maximum speed allowing 227 

85% accuracy. In the low cognitive load (LCL), presentation speed was reduced by 50%. 228 

Individual maximum speed was determined during training and recalibrated before 229 

each experimental session. Mean stimulus duration was 1.33 s in LCL and 0.89 s in HCL, with 230 

no significant age-group differences. 231 

Subjective Measure of Fatigue Using Self-Reported Scales 232 

All subjective measures were administered immediately before and after completion of 233 

the TLDB task in each session. Participants rated fatigue and motivation using visual analog 234 

scales (VAS). Each VAS consisted of a 10-cm horizontal continuum displayed on a screen, 235 

ranging from 0 to 100. The participants were asked to move the cursor to the modality that 236 

best reflected their current subjective state. All questions were displayed above the 237 

corresponding scale on the screen. Instructions emphasized that ratings should reflect the 238 

participant’s current state (“at this moment”) and were delivered orally before the experiment 239 

and were identical across sessions. 240 

For fatigue state, participants were asked “How fatigued do you feel at this moment?” 241 

The left anchor (0) was labeled “feeling fresh” and the right anchor (100) “feeling exhausted”. 242 



12 
 

For motivation, participants were asked “How motivated are you to continue the experiment 243 

right now?”. The scale ranged from 0 “demotivated” to 100 “motivated”, with midpoint 244 

representing a state of being neither motivated nor demotivated. Sleepiness was measured 245 

using the Karolinska Sleepiness Scale (KSS; Shahid et al., 2012), ranging from 1 “not sleepy 246 

at all”, to 9 “very sleepy”. 247 

Physiological Measure of Fatigue Using Eye-Metrics 248 

Ocular activity was recorded during the TLDB using the Drowsimeter R100 (Phasya©, 249 

Belgium), sampling the right eye at 120 Hz. Each recording was approximately 32 minutes 250 

long (equivalent to the duration of the TLDB task) and represented a time series of 230k points. 251 

Signals were visually inspected for quality. Recordings containing excessive artefacts 252 

(e.g., signal loss, spikes) were excluded. Pupil size was smoothed using a 4th-order low-pass 253 

Butterworth filter (4 Hz cutoff). Mean pupil speed (in pixels/ms) was computed as the first-order 254 

difference across 100-ms bins and separated into constriction and dilation phases. Blink 255 

frequency and duration were extracted, and blinks exceeding 300 ms were categorized as long 256 

blinks. Even though no official threshold exists in categorizing blinks, average time of blinks in 257 

the general population is around 100-400ms, with duration over 500ms considered to be 258 

microsleep (Kwon et al., 2013).  259 

Testing occurred in a controlled environment (21°C; 50 lux) to minimize environmental 260 

effects on ocular measures (Piccoli, 2003).  261 

Procedure 262 

Participants completed three sessions approximately one week apart, as described in 263 

Figure 1. 264 

During session 1, participants provided informed consent, completed cognitive 265 

screening and trait questionnaires, and underwent a 30-minute TLDB training. To minimize 266 
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expectancy effects, the study was presented as investigating cognitive functioning; the focus 267 

on mental fatigue was disclosed only after study completion. 268 

Sessions 2 and 3 involved the administration of the TLDB under either low (LCL) or 269 

high (HCL) cognitive load, with the order of the conditions counterbalanced across participants. 270 

Before and after the task, participants completed VAS ratings of fatigue and motivation and 271 

the KSS. Eye-metrics were recorded continuously during task performance. 272 

Participants were instructed to maintain a stable sleep-wake schedule and avoid 273 

excessive caffeine consumptions before sessions. Compliance was monitored using a fatigue 274 

diary completed throughout the study period. 275 

Figure 1 276 

Overview of the Experimental Procedure 277 

 278 

Note. Overview of the experimental procedure. On session 1, participants were administered a global 279 
cognitive assessment (including measures of verbal working memory, alertness and crystallized 280 
intelligence) along with trait questionnaires (CES-DS, PSQI and ESS). The session ended with training 281 
for the fatigue-induction task (TLDB). On sessions 2 and 3, participants performed the TLDB task under 282 
either low (LCL) or high (HCL) condition (counterbalanced). Measures of subjective fatigue, motivation, 283 
and sleepiness were recorded before and after the task. Eye-metrics were continuously recorded 284 
throughout the task. 285 

Alt-text: Overview of the experimental procedure. On session 1, participants were administered 286 
informed consent, global cognitive assessment, questionnaires on demographics, mood, sleep quality, 287 
and sleepiness; and a training of the fatigue-induction task (TLDB). On sessions 2 and 3, participants 288 
performed the TLDB task under either low (LCL) or high (HCL) condition (counterbalanced). Measures 289 
of subjective fatigue, motivation, and sleepiness were recorded before and after the task. Eye-metrics 290 
were continuously recorded throughout the task. 291 

 292 

Statistical Analyses 293 
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Data analyses were performed on RStudio (Version 2023.03.0).  294 

Population Characterization Analyses  295 

 Group differences in demographic and questionnaire variables were assessed using 296 

ANOVAs. Normality was evaluated via Q-Q plots and Shapiro-Wilk tests. When necessary, 297 

transformations were applied using the bestNormalize package (Peterson, 2021).  298 

Main Analyses 299 

Linear Mixed-Effects Models (LMEMs) were used to assess the effects of Condition 300 

[LCL vs. HCL], Time [Pre vs. Post-task or Block 1 to 4], and Group [Young, Middle-aged, Older 301 

adults] and their interactions on subjective, behavioral, and ocular outcomes using the lme4 302 

package (Bates et al., 2015). Subject was included as random intercept. The operationalization 303 

of Time differed depending on the outcome measure. For subjective state measures (fatigue, 304 

motivation, sleepiness), Time referred to the pre- versus post-task assessments. For 305 

behavioral performance and pupil metrics, Time reflected time-on-task and was 306 

operationalized as the four consecutive task blocks (Block 1–4). 307 

More precisely, the model was specified as follows, using accuracy as an example:   308 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  𝛽଴ + 𝛽ଵ 𝐶𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 + 𝛽ଶ 𝑇𝑖𝑚𝑒 +  𝛽ଷ 𝐺𝑟𝑜𝑢𝑝 +  𝛽ସ 𝐶𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛: 𝑇𝑖𝑚𝑒309 

+  𝛽ହ 𝐶𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛: 𝐺𝑟𝑜𝑢𝑝 + 𝛽଺ 𝑇𝑖𝑚𝑒: 𝐺𝑟𝑜𝑢𝑝 +  𝜀 310 

For subjective states, LMEMs were employed separately on scores from KSS for 311 

sleepiness and scores from VAS for fatigue and motivation. For TLDB performance, separate 312 

models were conducted for letters and digits, with mean accuracy analyzed across four 8-313 

minute blocks. Mean accuracy represented the proportion of correctly answered items (hit 314 

rate), specifically, correctly identified letters matching the previous one and accurate digits 315 

parity judgments. For ocular metrics, long-blink rate, pupil size, pupil constriction and dilation 316 

speeds were analyzed using comparable LMEM structures. 317 
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Post-hoc analyses were conducted to examine pairwise differences between levels of 318 

predictor variables, with p-values adjusted for multiple comparisons using the false discovery 319 

rate (FDR) method. Moreover, contrasts were established using the emmeans package, 320 

comparing the condition effect within each group in order to observe age-related specific 321 

effects of the cognitive load manipulation. For interactions, only comparisons of interest were 322 

examined, such as differences between the three groups within the same condition or 323 

differences within a group across two conditions. Partial eta-squared effect sizes were 324 

estimated based on the variance explained by each factor of the model.  325 

Missing Data Management 326 

Missing observations were noted across several assessments. Missing scores were 327 

not manually imputed as LMEM models are robust in handling missing values (Brown, 2021). 328 

The distribution of missing data across assessment periods and cognitive load conditions is as 329 

follows: subjective fatigue (N = 8), motivation (N = 8), sleepiness (N = 13), TLDB performance 330 

(missing due to technical issue: 4 Young, 1 Middle-aged, 1 Older adults; excluded for pressing 331 

incorrect keys: 2 Young, 1 Middle-aged, 2 Older adults), eye-metrics (excluded for not meeting 332 

quality standards: 13 Young, 7 Middle-aged, 2 Older adults).  333 

Results 334 

Questionnaires 335 

Descriptive statistics for the questionnaires are presented in Table 2. Differences 336 

between groups at these questionnaires were assessed with ANOVA. 337 

Depressive Mood. Scores at the CES-DS (Radloff, 1977) showed a significant difference 338 

between groups [F(2,84) = 8.60, p < .001, η2 = .17], with post-hoc analysis revealing that young 339 

people have higher depressive scores than the older adult group [t(84) = 4.06, p < .001, d = -340 

1.20]. More specifically, 16 young adults (37%) scored above the cutoff for depressive 341 

symptomatology (≥16), compared to 2 middle-aged adults (12%) and 1 older adult (10.5%). 342 
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Sleep Quality. A significant difference between groups was also observed at the PSQI 343 

(Buysse et al., 1989) [F(2,84) = 7.68, p < .001, η2 = .16], with the older adult group facing more 344 

sleep disturbances than young [t(84) = - 3.71, p = .001, d = 1.03] and middle-aged people 345 

[t(84) = - 3.31, p = .004, d = -1.01]. Fourteen older participants (74%) scored above the cutoff 346 

score for sleep disturbances (>5), compared to 7 middle-aged adults (28%) and 11 young 347 

adults (26%). 348 

Sleepiness. No difference was observed between groups at the ESS (Johns, 1991) [F(2,84) 349 

= 0.33, p = .72, η2 = .01].  350 

Table 2 351 

Scores Obtained at the Questionnaires  352 

 
Young 

(N = 43) 

Middle-aged 

(N = 25) 

Older 

(N = 19) 
F(2,84) p η2 

Depression1 

[0 – 60] 

14.30 (6.91) 

[5 – 37] 

11.00 (5.17) 

[0 – 21] 

7.47 (5.17) 

[0 – 20] 
8.60 <.001 .17 

Sleep quality2 

[0 – 21] 

4.78 (3.85) 

[1 – 9] 

4.80 (1.73) 

[2 – 10] 

6.90 (2.92) 

[2 – 12] 
7.68 <.001 .16 

Sleepiness3 

[0 – 24] 

8.40 (2.40) 

[3 – 15] 

8.00 (4.20) 

[0 – 15] 

7.68 (3.76) 

[0 – 19] 
0.330 .72 .008 

Note. Values are presented as mean (standard deviation) [range].  1Depressive mood from CES-DS 353 
(Radloff, 1977); 2Sleep quality from PSQI (Buysse et al., 1989); 3Sleepiness from ESS (Johns, 1991).  354 

 355 

Subjective Level: Scores on Visual Analog Scales 356 

Figure 2 displays the scores obtained at the visual analog scales, while Table 3 357 

provides an overview of the analysis findings.  358 

Fatigue. LMEM analysis on the subjective level of fatigue revealed an effect of time 359 

[F(1,244.31) = 40.24, p < .001, η2 = .77] and group (F(2,84.03) = 5.32, p = .007, η2
 = .10]. 360 

Participants were statistically more tired after the TLDB task than before [t(244) = -6.34, p < 361 
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.001]. Post-hoc analyses revealed that the older adult group was feeling less tired than the 362 

young [t(84) = 3.25, p = .005] and middle-aged groups [t(84.2) = 2.21, p = .045]. No effects of 363 

the condition or interaction were found. 364 

Sleepiness. Concerning the sleepiness score assessed using KSS, LMEM analysis 365 

showed an effect of time [F(1,240.15) = 30.36, p < .001, η2
 = .58], group [F(2,84.13) = 9.57, p 366 

< .001, η2
 = .18], along with a condition*time interaction [F(1,240.13) = 7.29, p = .007, η2

 = .14]. 367 

Regarding main effects, participants felt sleepier after the task than before [t(240) = -0.43, p < 368 

.001], and older group indicated less sleepiness than the younger [t(84.8) = 0.83, p < .001], 369 

and middle-aged groups [t(84.4) = 0.80, p < .001]. Post-hoc comparisons on the interaction 370 

effect showed that the time effect was present only within the HCL condition and that 371 

sleepiness was higher post-task in the HCL condition than in the LCL. 372 

Motivation. Concerning motivation level, LMEM analysis revealed a significant effect 373 

of time [F(1,244.25) = 44.28, p < .001, η2 = .78] and group [F(2,84.04) = 8.14, p < .001, η2
 = 374 

.14]. Post-hoc analyses highlighted that participants felt less motivated after the task than 375 

before [t(244) = -6.34, p < .001], and that young people felt less motivated than the middle-376 

aged [t(84) = 2.25, p = .04] and older [t(84) = 3.91, p = .006] groups. No condition or group * 377 

condition interaction effects were found. 378 

 379 

Table 3 380 

Linear Mixed-Effects Models on Visual Analog Scales 381 

A. Fatigue 382 

Predictor F Df Df res p η2 
(Intercept) 0.89 1 84.06 .35 .02 
Condition 2.31 1 247.39 .13 .04 
Time 40.24 1 244.31 <.001 .77 
Group 5.32 2 84.03 .007 .10 
Condition:Time 1.00 1 244.31 .32 .02 
Condition:Group 1.96 2 247.29 .14 .04 
Time:Group 0.56 2 244.33 .57 .01 
Condition:Time:Group 0.11 2 244.33 .90 .002 
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 383 

B. Sleepiness 384 

Predictor F Df Df res p η2 
(Intercept) 1.39 1 84.24 .24 .03 
Condition 0.37 1 243.55 .54 .007 
Time 30.36 1 240.15 <.001 .58 
Group 9.57 2 84.13 <.001 .18 
Condition:Time 7.29 1 240.13 .007 .14 
Condition:Group 1.15 2 243.28 .32 .02 
Time:Group 0.62 2 240.08 .54 .01 
Condition:Time:Group 1.46 2 240.04 .23 .03 

 385 

C. Motivation 386 

Predictor F Df Df res p η2 
(Intercept) 1.79 1 84.07 .18 .03 
Condition 0.41 1 246.98 .52 .007 
Time 44.28 1 244.25 <.001 .78 
Group 8.14 2 84.04 <.001 .14 
Condition:Time 0.17 1 244.25 .68 .003 
Condition:Group 1.20 2 246.89 .30 .02 
Time:Group 0.01 2 244.27 .99 .0002 
Condition:Time:Group 0.45 2 244.27 .64 .008 

387 
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Figure 2 388 
Scores Obtained at the Visual Analog Scales 389 

 390 

Note. Raw data from fatigue and motivation VAS have been rescaled from 0 to 100 for visualization purpose. 391 
a. Subjective fatigue; b. Subjective sleepiness; c. Subjective motivation. 392 
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Descriptive caption: Plot A. Bar graph showing an increase in subjective fatigue scores from before to after, irrespective of age groups (young, middle-aged, 393 
older adults) and conditions (HCL, LCL). Plot B.  Bar graph depicting subjective sleepiness (KSS score) increasing over time, stratified by age groups and 394 
conditions (HCL, LCL). Plot C. Bar graph by age groups and conditions (HCL, LCL) illustrating a decrease in subjective motivation scores from before to after.395 
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Behavioral Level: Performance during TLDB 396 

Figure 3 displays the behavioral performance at the Time Load Dual back and Table 397 

4 presents the summary of the analyses on performance indices. Within the text, only results 398 

from post-hoc comparisons of interest will be detailed. 399 

Mean Accuracy. Separate LMEMs analyses showed a main effect of condition for 400 

letters [F(1, 565.51) = 619.76, p < .001, η2 = .95] and digits [F(1, 556.87) = 821.50, p <.001, η2 401 

= .97], with a lower accuracy rate in HCL than LCL condition. Analysis on mean accuracy for 402 

letters [F(3, 560.04) = 21.11, p < .001, η2 = .03] and digits [F(3, 544.10) = 15.06, p < .001, η2 403 

= .18] also showed a main effect of block, with accuracy in block 1 being statistically higher 404 

than in the three latter blocks for both letters and digits, and block 2 having a better accuracy 405 

compared to block 4 for digits only (post-hoc comparisons). Finally, analysis revealed a group 406 

effect for both letters [F(2, 83.72) = 7.58, p < .001, η2 = .01] and digits [F(2, 83.81) = 6.50, p = 407 

.002, η2 = .008], with post-hoc comparisons indicating a lower accuracy for the young group 408 

compared to middle-aged and older groups. However, no interaction was found in this model.  409 

 410 

Table 4 411 

Linear Mixed-Effects Models on Performance at the Time Load Dual Back 412 

A. Mean Accuracy on Letters 413 

Predictor F Df Df res p η2 
(Intercept) 0.45 1 83.68 0.51 <.001 
Condition 619.76 1 565.51 <.001 .95 
Block 21.11 3 560.04 <.001 .03 
Group 7.58 2 83.72 <.001 .01 
Condition:Block 2.06 3 560.04 .10 .003 
Condition:Group 0.12 2 565.83 .89 <.001 
Block:Group 0.56 6 560.04 .80 <.001 
Condition:Block:Group 0.79 6 560.04 .58 .001 

 414 
 415 

B. Mean Accuracy on Digits 416 

Predictor F Df Df res p η2 
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(Intercept) 0.74 1 83.80 .39 <.001 
Condition 821.50 1 556.87 <.001 .97 
Block 15.06 3 544.10 <.001 .18 
Group 6.50 2 83.81 .002 .008 
Condition:Block 2.31 3 544.10 .06 .003 
Condition:Group 1.73 2 556.85 .18 .002 
Block:Group 0.68 6 544.10 .66 <.001 
Condition:Block:Group 0.37 6 544.10 .90 <.001 

 417 
 418 
 419 

Figure 3 420 
Scores Obtained at the Time Load Dual Back 421 

 422 

Note. HCL, High Cognitive Load; LCL, Low Cognitive Load. 423 

Descriptive caption: Plot. Line graph showing accuracy across four time-blocks for letter and 424 
number items, stratified by age groups (young, middle-aged, older adults) and conditions (HCL, LCL).  425 

 426 

Physiological Level: Eye-Metrics during the Cognitive Task 427 

 428 

Figure 4 shows the eye-metrics evolutions during the cognitive task, while Table 5 displays 429 

the summary of the analyses on eye-metrics. 430 
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Pupil Size. LMEM analysis on the pupil diameter indicated a significant effect of group [F(2, 431 

58.88) = 11.18, p < .001, η2 = .39], condition [F(1, 297.58) = 10.09, p = .002, η2 = .035] and a 432 

condition*group interaction [F(2, 291.71) = 5.87, p = .003, η2 = .20]. More precisely, the pupil 433 

sizes were larger in the HCL condition compared to the LCL [t(298) = 3.18, p = .002]. Younger 434 

participants had a larger pupil size than middle-aged [t(59.3) = 3.29, p = .003] and older 435 

participants [t(58.4) = 4.39, p < .001]. Post-hoc comparisons on the condition*group interaction 436 

demonstrated that the pupil size was larger in the HCL condition compared to LCL in young 437 

and middle-aged, but not in older adults. 438 

Pupil Dilation Speed. LMEM analysis on the pupil dilation speed mean showed a significant 439 

effect of group [F(2, 58.79) = 5.44, p = .007, η2 = .30], as well as a group*condition interaction 440 

[F(2, 304.57) = 10.73, p < .001, η2 = .58]. Post-hoc comparisons revealed that the older group 441 

had a slower dilation speed than the young group [t(57.8) = 3.27, p = .006]. Moreover, the pupil 442 

dilation speed of the older group under HCL condition was statistically slower compared to 443 

their speed under LCL, while middle-aged had faster dilation speed in HCL compared to LCL. 444 

Pupil Constriction Speed. LMEM analysis on the pupil constriction speed mean revealed a 445 

significant effect of group [F(2, 58.77) = 4.35, p = .02, η2 = .22], as well as a group*condition 446 

interaction [F(2, 304.22) = 10.63, p < .001, η2 = .54]. Post-hoc comparisons showed that the 447 

older group had a slower constriction speed than the young group [t(57.8) = 2.92, p = .01]. For 448 

the group*condition interaction, similar results were observed than dilation speed. The pupil 449 

constriction speed of the older group under HCL condition was statistically slower compared 450 

to their speed under LCL. Conversely, the middle-aged group had a slower constriction speed 451 

in LCL than HCL. 452 

Long Blink Rate. LMEM analysis revealed an effect of condition [F(1, 319.15) = 40.91, p < 453 

.001, η2 = .61], with more long blinks recorded in the LCL condition than the HCL (t(319) = -454 

6.40, p < .001). A block effect was also found [F(3, 275.86) = 4.05, p = 008, η2 = .06]. Post-hoc 455 

comparisons showed that block 1 had a significantly smaller quantity of blinks than block 4 456 

(t(276) = -2.93, p = .01), and block 2 followed the same tendency with block 4 (t(276) = -2.98, 457 
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p < .01). A group effect [F(2, 58.72) = 4.63, p = .01, η2 = .07] was also revealed, with younger 458 

people having more long blinks than the older group (t(57.6) = 3.00, p = .012). Finally, a 459 

condition*group interaction [F(2, 308.67) = 14.06, p < .001, η2 = .21] was observed. Notably, 460 

both younger and middle-aged, but not older participants had more blinks in their LCL condition 461 

compared to their own in HCL. 462 

Table 5 463 

Linear Mixed-Effects Models on Eye-Metrics during the Time Load Dual Back 464 

A. Pupil Size 465 

Predictor F Df Df res p η2 
(Intercept) 0.17 1 58.90 .68 .006 
Condition 10.09 1 297.58 .002 .35 
Block 0.30 3 274.81 .83 .01 
Group 11.18 2 58.88 <.001 .39 
Condition:Block 0.06 3 274.83 .98 .002 
Condition:Group 5.87 2 291.71 .003 .20 
Block:Group 0.40 6 274.75 .88 .01 
Condition:Block:Group 0.56 6 274.77 .76 .02 

B. Dilation Speed 466 

Predictor F Df Df res p η2 
(Intercept) 0.56 1 58.84 .46 .03 
Condition 0.22 1 314.34 .64 .01 
Block 0.24 3 274.69 .87 .01 
Group 5.44 2 58.79 .007 .30 
Condition:Block 0.68 3 274.73 .56 .04 
Condition:Group 10.73 2 304.57 <.001 .58 
Block:Group 0.45 6 274.57 .84 .02 
Condition:Block:Group 0.09 6 274.61 1.00 .005 

 467 

C. Constriction Speed 468 

Predictor F Df Df res p η2 
(Intercept) 0.53 1 58.82 .50 .03 
Condition 2.88 1 313.77 .09 .15 
Block 0.36 3 274.61 .78 .02 
Group 4.35 2 58.77 .02 .22 
Condition:Block 0.36 3 274.64 .78 .02 
Condition:Group 10.63 2 304.22 <.001 .54 
Block:Group 0.48 6 274.48 .82 .02 
Condition:Block:Group 0.08 6 274.51 1.00 .004 

 469 
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D. Long Blinks 470 

Predictor F Df Df res p η2 
(Intercept) 0.36 1 58.79 .55 .005 
Condition 40.91 1 319.15 <.001 .61 
Block 4.05 3 275.86 .008 .06 
Group 4.63 2 58.72 .01 .07 
Condition:Block 0.76 3 275.89 .52 .01 
Condition:Group 14.06 2 308.67 <.001 .21 
Block:Group 2.05 6 275.71 .06 .03 
Condition:Block:Group 0.44 6 275.74 .85 .007 

471 
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Figure 4 472 
Eye-Metrics during the Time Load Dual Back 473 

 474 

Note. a. Pupil diameter; b. Pupil constriction speed; c. Pupil dilation speed; d. Long blinks. HCL, High Cognitive Load; LCL, Low Cognitive Load. 475 

Descriptive caption: Line graph showing (A) pupil diameter, (B) pupil constrictions speed, (C) pupil dilation speed, and (D) long blinks frequency across four 476 
time-blocks, differentiated by age groups (young, middle-aged, older adults) and conditions (HCL, LCL). 477 
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Discussion 478 

The objectives of the present study aimed to determine whether older individuals are 479 

more sensitive to mental fatigue than younger and middle-aged adults. To explore this, we 480 

induced mental fatigue by manipulating task demands, while adapting these demands to each 481 

participant’s cognitive capacity. Physiological markers (pupil size, pupillary response speed, 482 

and long blinks), along with subjective fatigue and performance, were assessed across age 483 

groups. 484 

Even though participants reported increased fatigue following the cognitive task, 485 

increasing the cognitive load did not result in a heightened subjective sense of fatigue in either 486 

group, challenging our hypothesis that older adults would exhibit greater sensitivity to fatigue 487 

under high cognitive demands in comparison to younger cohorts. However, we identified some 488 

changes in performance accuracy and eye-metrics in response to cognitive load. Group 489 

differences also emerged: younger adults showed lower accuracy during the cognitive task 490 

and reported more fatigue than older adults in both cognitive load conditions and since the 491 

beginning of the task. This set of results will be discussed in the context of age-related 492 

differences in fatigue resistance and the utility of eye-metric physiological markers in assessing 493 

mental fatigue. 494 

Effects of Cognitive Load Manipulation on Perceived Fatigue 495 

We used the TLDB task to manipulate the available processing time across high and 496 

low cognitive load conditions (Barrouillet et al., 2004). All participants reported increased 497 

mental fatigue following the task. Contrary to our hypothesis, manipulating the task’s cognitive 498 

load by reducing processing time did not yield discernible differences in fatigue perception (for 499 

similar results, see Smith et al., 2019). The absence of clear difference between conditions 500 

raises several possibilities: the time-constraint manipulation may have been too subtle, the 501 

metrics used may not have been sufficiently sensitive (see Wylie et al., 2021, regarding 502 

response bias), or the study underpowered to detect such effects.  503 
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Instead, subjective sleepiness increased over time under high load condition, which 504 

confirms the deleterious consequences of prolonged cognitive engagement (the temporal 505 

fatigue hypothesis, Ackerman & Kanfer, 2009; Sandry et al., 2014). This also suggests that a 506 

high cognitive load may affect mental states beyond fatigue.  507 

Given its minimal cognitive demands and presumably more monotonous nature, the 508 

low cognitive load condition was expected to induce feelings of boredom and underload, 509 

potentially leading to increased subjective sleepiness, as described in the passive task-related 510 

fatigue phenomena (Pickering et al., 2023). The observation here of greater sleepiness with 511 

time-on-task exclusively under high load condition may be explained by the task duration (32 512 

minutes, compared to 16 minutes in Borragán et al., 2017; for a similar interpretation, see 513 

Staiano et al., 2024). Unfortunately, without continuous VAS measurements throughout the 514 

task, we are unable to precisely determine when sleepiness began to set in. Finally, it is also 515 

possible that the low cognitive load condition, although objectively less demanding, became 516 

subjectively more effortful over time due to its insufficient workload, duration, and monotonous 517 

nature. In such contexts, maintaining engagement may require compensatory cognitive control 518 

to counteract boredom and declining motivation (Tam et al., 2021). This imbalance in the effort-519 

reward dynamic could therefore have increased perceived effort despite low task demands, 520 

leading to reduced motivation, heightened fatigue, and impaired performance as participants 521 

progressively disengaged from the task (Boksem & Tops, 2008). 522 

Age differences were also observed: older adults reported lower fatigue and sleepiness 523 

than young and middle-aged cohorts, while higher motivation was observed in older and 524 

middle-aged adults than in young. This pattern suggests that older individuals may possess 525 

mechanisms - such as increased motivation or reduced susceptibility to monotony - that 526 

counteract the subjective experience of mental fatigue, potentially maintaining their task 527 

performance. 528 

Behavioral level: Performance During the Cognitive Task 529 
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Both cognitive load conditions induced fatigability, as evidenced by the overall decline 530 

in accuracy with time-on-task. While consistent with cognitive resource depletion models 531 

(Baumeister et al., 1998), mental fatigue also involves neurophysiological changes, such as 532 

glutamate accumulation (Rönnbäck & Hansson, 2004), which can influence behavior by 533 

increasing risk-taking or favoring easier, lower-reward tasks (Wiehler et al., 2022). Motivational 534 

factors and task monotony (Steward & Chib, 2024) further shape performance (Müller & Apps, 535 

2019), potentially leading to boredom and disengagement. However, these states, fatigue, 536 

boredom, and motivation, are often difficult to disentangle through performance measures. 537 

Our findings also revealed performance differences between the two conditions. The 538 

high cognitive load condition was associated with lower accuracy compared to the low 539 

cognitive load condition. While this pattern is consistent with the assumption that tasks with 540 

higher cognitive demands are more taxing, an alternative interpretation is that reduced 541 

accuracy simply reflects greater task difficulty, rather than accelerated cognitive resource 542 

depletion per se. This interpretation is particularly relevant given the absence of differences in 543 

subjective fatigue between conditions. Thus, the behavioral results alone do not allow us to 544 

conclusively attribute performance decrements to differential fatigue processes. Nevertheless, 545 

we observed larger pupil diameter in the high cognitive load condition, a finding commonly 546 

interpreted as reflecting increased cognitive effort (Kahneman & Beatty, 1966). 547 

Importantly, we did not find any significant interaction between time-on-task and 548 

cognitive load manipulation on accuracy, where a high cognitive load condition would have led 549 

to a more pronounced decline in accuracy over time. In the exploratory analyses restricted to 550 

the first 16 minutes of the task (see online supplemental analyses), we nevertheless observed 551 

a decrease of accuracy from the first to the second block in the HCL – but no LCL condition. 552 

These results are in agreement with Shigihara et al. (2013), who observed that active fatigue 553 

in their high-load condition led to an increased error rate while participants remained engaged 554 

in the task, as evidenced by their stable reaction times. However, we were unable to replicate 555 

the results they attributed to passive fatigue in the low cognitive load condition, specifically the 556 
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pattern of increasing error rates over time. Consequently, the extended duration of the task 557 

may have confounded the influences of active fatigue associated with high cognitive load and 558 

passive fatigue, which is related to the prolonged task length across the two conditions. 559 

Even though we did not manage to demonstrate a clear behavioral difference between 560 

the two cognitive load conditions, the time-on-task effect still indicates the presence of fatigue. 561 

Therefore, we examine whether fatigability manifests similarly across the three age-groups. 562 

Younger participants had a higher error rate during the task (irrespective of cognitive 563 

load condition) compared to the middle-aged and older cohorts, despite task adaptation to 564 

individual maximal speed. This finding is difficult to interpret. One possibility is a different 565 

speed-accuracy trade-off across groups, with younger adults prioritizing speed over accuracy. 566 

Participants were instructed to respond as quickly and accurately as possible, but age-related 567 

differences in how this instruction was implemented may have shaped performance strategies. 568 

Alternatively, age-related differences in fatigability mechanisms may be involved. Younger 569 

participants may be more susceptible to task monotony (Wascher et al., 2016), consistent with 570 

their lower self-reported motivation. Motivation to participate in research experiment may also 571 

differ between younger (often student) and older samples (Ryan & Campbell, 2021). Another 572 

explanation of the age discrepancy in error rate relates to affective factor. Younger participants 573 

reported higher depressive symptoms (CES-D), and fatigue and depression are known to 574 

overlap and co-occur in both clinical (Heitmann et al., 2022) and healthy populations (Corfield 575 

et al., 2016). Both depression and fatigue have been associated with reduced cognitive 576 

performance (McDermott & Ebmeier, 2009), and show moderate intercorrelations (Miller et al., 577 

2008). Overall, the lower accuracy observed in younger adults likely reflects an interaction 578 

between fatigue, depression, lack of effort, and motivation (Müller & Apps, 2019) and 579 

differential performance strategies, rather than a single underlying factor. 580 

Middle-aged and older adults are often perceived as allocating more cognitive 581 

resources to perform the same task, aiming to match the performance levels achieved by their 582 

younger counterpart (Klaassen et al., 2016). However, in our study, their accuracy scores 583 
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during the task even outperformed those of the younger group. Nonetheless, with no 584 

interaction between group and task-specificity (duration or cognitive load level), it is therefore 585 

difficult to conclude to any middle-aged or older people’s greater sensitivity to either time-on-586 

task (in opposition to Gilsoul et al., 2024) or cognitive load manipulation paradigms on 587 

fatigability measures. 588 

Nevertheless, pupillometric data indicated larger pupil diameter in the high cognitive 589 

load condition, particularly in younger adults, suggesting increased cognitive effort in response 590 

to higher task demands. When considered alongside their lower accuracy, this pattern may 591 

indicate that younger adults experienced greater difficulty or reduced efficiency when demands 592 

increased in contrast to older people. Although this pattern may suggest greater cognitive 593 

effort, alternative explanations remain possible. In particular, differences in effort allocation or 594 

performance strategy (e.g., prioritizing speed over accuracy) cannot be ruled out, even though 595 

the pupillary findings do not fully align with the previous interpretations. Further studies 596 

specifically targeting cognitive effort and strategy would be needed to clarify this. 597 

Physiological level: Pupillary Responses and Long-Blink Rate  598 

We examined the pupil size, pupillary response speed and long-blink rate as ocular 599 

markers of fatigue. These measures revealed distinct patterns of change.  600 

In young and middle-aged participants, higher cognitive load was associated with 601 

greater pupil dilation, consistent with increased sympathetic activation under higher task 602 

demands (Kahneman & Beatty, 1966). However, this effect was not observed in older adults. 603 

One explanation is that pupil diameter may reach a stabilization threshold under high demand 604 

in older adults (Peavler, 1974), or reflect age-related reductions in sympathetic activity (senile 605 

miosis; Pozzessere et al., 1997). These findings suggest that static pupil size may be less 606 

suitable for assessing cognitive load in aging, although some studies have reported preserved 607 

load-related dilation in older adults (e.g., El Haj et al., 2023).   608 
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Young and middle-aged participants exhibited more long-blinks in the low cognitive 609 

load condition, which was interpreted as heightened sleepiness due to the monotonous nature 610 

of the task (Schleicher et al., 2008). Interestingly, this physiological marker of sleepiness 611 

contrasted with the subjective reports from participants, who indicated a greater sense of 612 

sleepiness under high cognitive load conditions. This pattern may reflect general task difficulty 613 

or monotony rather than differences in cognitive load per se, in which the high cognitive load 614 

condition may lead to a stronger conscious experience of sleepiness. 615 

Regarding pupillary dynamics, middle-aged adults showed faster dilation and 616 

constriction under high load compared to low load, consistent with heightened cognitive and 617 

autonomic activity (Kahneman & Beatty, 1966; Van Gerven et al., 2004). Conversely, older 618 

adults exhibited faster pupillary responses under low load, possibly reflecting age-related 619 

alterations in the autonomic nervous system efficiency (Pozzessere et al., 1997; Van Gerven 620 

et al., 2004). This age-related inversion in pupillary response speeds further highlights the 621 

complexity of interpreting physiological markers across different age groups. 622 

Overall, our findings demonstrate that while certain ocular markers like pupil size and 623 

blink rates are useful indicators of cognitive load in younger and middle-aged adults, they may 624 

not be as reliable in older adults, potentially due to age-related autonomic changes (Van 625 

Gerven et al., 2004). Future research should consider complementary indices to better capture 626 

fatigue-related processes across the lifespan.  627 

Limitations and Future Perspectives 628 

Several limitations should be considered. Although pupil and eyelid measures were 629 

recoded, ocular saccades were not captured, despite their utility in assessing fatigue through 630 

peak speed decline (Zargari Marandi et al., 2018). The incorporation of ocular saccade 631 

measurements in future research endeavors may enrich our understanding of mental fatigue 632 

dynamics. Additionally, substantial data loss due to technical issues reduced the sample 633 

available for physiological and correlational analyses. Contextual factors, including recruitment 634 
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during the COVID-19 period, may have influenced fatigue and mood scores (Charonitis et al., 635 

2024) and limited older participant inclusion, resulting in unequal distribution across age 636 

groups. Physiological states such as sleepiness, boredom, depression, or medication effects 637 

can mimic fatigue, complicating interpretation (Corfield et al., 2016; Pattyn et al., 2008; Shen 638 

et al., 2006). While motivation was assessed, perceived effort was not explicitly measured, and 639 

no reward mechanism was included, which may have affected engagement. Chronobiological 640 

factors, which vary across age and influence alertness and cognitive performance (Schmidt et 641 

al., 2015) were not controlled. Finally, the lack of standardized thresholds for mental fatigue in 642 

terms of performance decrement of physiological arousal (Schleicher et al., 2008) complicates 643 

comparisons across studies. Future research would benefit from incorporating these measures 644 

to better interpret behavioral and physiological effects. 645 

Conclusion 646 

Our study explored the effects of mental fatigue induction on subjective states, 647 

behavioral performance, and eye-metrics across distinct age cohorts. We observed age-648 

related differences, with younger adults reporting higher levels of fatigue yet having more task 649 

errors than older adults. However, our findings did not show significant age-based differences 650 

in response to varying cognitive loads. Notably, while increased cognitive load appears to 651 

induce subjective sleepiness, physiological markers of sleepiness, such as long blinks, were 652 

paradoxically more pronounced under low load conditions. Finally, our results demonstrate 653 

that while certain ocular markers like pupil size and blink rates are useful indicators of cognitive 654 

load in younger and middle-aged adults, they may not be as reliable in older adults, potentially 655 

due to age-related changes in the autonomic nervous system. Future research should explore 656 

alternative or additional measures that can more accurately capture cognitive and 657 

physiological responses to building-up of mental fatigue in older populations. Furthermore, 658 

other factors that can influence fatigue, such as motivation, effort, and monotony should be 659 

considered when designing or selecting tasks for experimental fatigue studies. 660 
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