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Abstract 

 

Cognitive load is a key factor in human-machine interaction, as it affects an individual's ability to acquire, process, and 

integrate information. With increasing digitalization, task execution has evolved, requiring users to learn methodologies 

and perform complex activities, increasing cognitive demands. Thus, monitoring cognitive load and designing human-

centred interfaces and tools become essential. Objective measures derived from eye tracking were combined with the 

NASA Task Load Index to assess perceived workload. Cognitive load was evaluated during tasks with varying levels of 

complexity, including a Psychomotor Vigilance Task, an N-back task assessing working memory performance, and an 

assembly-disassembly task performed using bench tools. Task performance was assessed to examine the relationship 

between cognitive load and behavioural outcomes. Results showed the assembly-disassembly task generated the highest 
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physiological activation, while participants perceived the N-back tasks as more demanding. Reaction times in the 

vigilance task were fast and accuracy was high, confirming its lower perceived difficulty. In the N-back, performance 

decreased as task complexity increased, with more frustration reported. Moreover, execution times in the assembly task 

improved in the second attempt, suggesting a learning effect. Combining physiological, subjective, and performance data 

provided a comprehensive understanding of cognitive load, supporting the development of human-centred design 

solutions. 

 

Keywords: Cognitive Load; Eye Tracking; NASA-TLX; Human-Centred Design; Assembly Task.  

 

 

1. Introduction  

The advent of Industry 4.0 has transformed human-machine interaction through advanced information systems 

capable of processing large volumes of data [1]. Despite improvements in technological performance, less attention has 

been devoted to human reliability and cognitive resource management [2]. As task complexity and information demand 

increase, operators may experience elevated cognitive load, making its assessment essential to support human-centred 

work environment.  

Among emerging approaches, eye-tracking (ET) has emerged as one of the most promising methods for assessing 

cognitive load, capable of capturing real-time indicators of attention and workload during task execution [3]. Combined 

with subjective measures such as NASA Task Load Index (NASA-TLX) [4], it enables a more comprehensive view of 

cognitive demand by integrating perceived and behavioural responses. However, existing studies are often limited to 

specific task categories or isolated experimental paradigms, with limited investigation of cognitive workload across 

heterogeneous tasks within a unified framework. Moreover, the combined use of ET and subjective workload measures 

remains relatively underexplored in comparison to more complex physiological monitoring setups. 

In this context, this preliminary pilot study investigates cognitive workload across tasks with different levels of 

complexity by integrating ET metrics, NASA-TLX, and performance indicators, focusing on psychomotor, working 

memory, and manual assembly activities. The study addresses the following research questions:  

• RQ1: How does cognitive workload vary across psychomotor, working memory, and manual assembly activities 

using ET, subjective, and performance measures? 

• RQ2: How consistent are objective and subjective workload assessments across different task types? 

The remainder of this paper is structured as follows. Section 2 presents the related work on cognitive workload 

assessment methods and industrial applications. Section 3 describes the experimental settings, the sensor used, the 

procedures, and the methods for data processing. Section 4 presents the main findings from the sensor data, task 

performance measures, and subjective evaluations. Section 5 discusses the results and provides their interpretation. 

Finally, Section 6 concludes with implications, limitations, and directions for future research. 

 

2. Related Work 

 

This section provides an overview of the main approaches for cognitive workload assessment, including subjective, 

physiological, and multimodal methods. The focus is placed on objective and ET-based techniques, which are most 

relevant to the scope of this study.  

 

2.1. Cognitive Load Assessment Methods  

 

According to Cognitive Load Theory, human performance is influenced by workload, which depends on task 

complexity, individual characteristics, and the work environment conditions [5]. To assess cognitive load, both subjective 

and objective measurement approaches have been developed. Traditional approaches are mainly subjective, such as the 

NASA-TLX [4], widely used to evaluate perceived mental demand and task difficulty across different operational 

contexts. However, traditional methods are limited by their reliance on self-reporting and their inability to provide real-

time monitoring [6]. To overcome these limitations, objective methods based on physiological signals have been 

developed, allowing the assessment of cognitive load through measurable biological responses [3]. These methods rely 

on indicators such as heart rate (HR), galvanic skin response (GSR), pupillometry, and electroencephalography (EEG) 

which provides insights into neural activity associated with cognitive processes [7]. Among physiological approaches, 

EEG is widely adopted due to its sensitivity to cognitive processes, while ET has emerged as a promising non-invasive 

alternative for assessing cognitive workload in a continuous and unobtrusive manner [8]. ET enables the analysis of both 

pupillary responses and eye movement behaviour during task execution. Pupil dilation is commonly associated with 

cognitive load, although it can also be influenced by external and individual factors, making multimodal integration often 

necessary [9]. In addition, metrics such as fixations and saccades provide complementary information on visual attention 

and information processing [10], [11]. Recent studies have increasingly adopted multimodal approaches integrating 

physiological, behavioural, and subjective measures to improve the robustness of cognitive workload estimation [12], 

[13]. These systems are particularly relevant in industrial and human-machine interaction contexts, although their 

adoption is still limited by issues related to sensor intrusiveness, synchronization complexity, and computational cost. 

Comparative studies of wearable and markerless sensing technologies have also shown that device selection involves a 

W
or

kin
g P

ap
er

 of
 37

th 
DAA

AM
 S

ym
po

siu
m



37TH DAAAM INTERNATIONAL SYMPOSIUM ON INTELLIGENT MANUFACTURING AND AUTOMATION 

 

 
 

trade-off between measurement accuracy, cost, and ease of implementation in real settings [14], [15]. Overall, the 

literature highlights a shift toward integrated multimodal frameworks while emphasizing the need for scalable and 

application-oriented solutions suitable for real industrial environments [16], [17]. 

 

2.2. Industrial Application 

 

Cognitive workload assessment methods have been widely applied across different industrial and experimental 

contexts, reflecting the diversity of tasks and operational demands in modern human-machine systems. In industrial 

assembly environments, common sub-tasks include pick-and-place operations [18], [19], blasting [20], rotary drilling 

[21], which typically involve repetitive actions combined with varying levels of precision and attentional demand. 

Moreover, assistance systems such as augmented reality are increasingly adopted to support manual assembly, although 

they may impose additional cognitive load on workers if not designed around their needs [22]. In parallel, human-robot 

interaction studies frequently investigate teleoperation [23] and robotic manipulation [24], [25], where operators are 

required to manage continuous monitoring, decision-making, and adaptation to autonomous systems. Beyond applied 

industrial scenarios, controlled experimental studies have also investigated cognitive workload through paradigms such 

as cognitive capacity tests [26], [27], Stroop-based tasks [28], and mental workload elicitation tasks [29], which are 

typically designed to isolate working memory, attention, and cognitive control processes. Overall, these task categories 

are particularly relevant to the present study, as they encompass both psychomotor and cognitively demanding activities, 

which are directly comparable to the experimental conditions considered here (manual assembly and computer-based 

tasks). This alignment allows for a more consistent interpretation of cognitive workload variations across different task 

types within a unified experimental framework.  

 

3. Materials and Methods 

 

The aim of this preliminary pilot study was to analyse changes in pupil diameter and eye movement across tasks with 

different complexity levels, comparing these measures with task performance and perceived cognitive load assessed 

through NASA-TLX.  

 

3.1. Experimental Setting 

 

Seven participants (2 females and 5 males), including students and research staff from the University of Modena and 

Reggio Emilia, took part in the study. Participants were aged between 22 and 35 years.  

ET data were collected using the Tobii Pro Glasses 3, a wearable device capable of recording both temporal and spatial 

gaze data. To reduce variability in pupillary responses due to environmental factors, all experimental sessions were 

conducted in the same indoor environment under constant artificial lighting conditions throughout the data collection 

process. Three of the four tasks were performed on an HP Pavilion Gaming Laptop 15 (15.6-inch display) positioned 50 

cm from the participant, using a mouse and keyboard. The fourth task took place at a separate workstation equipped with 

a hammer, an electric screwdriver, an assembly platform for five components, and 10 wooden dowels. A printed NASA-

TLX questionnaire was provided at each workstation for immediate post-task completion. 

 

3.2. Procedure 

 

Before the experiment began, participants were informed about the main objective of the study, the experimental 

procedures, the task instructions, and how to complete the NASA-TLX questionnaire. Participants then wore the ET, and 

a brief calibration was performed. Four tasks were administered in the following order: 

• Task 1: Assembly and disassembly task. This activity consisted of three sub-tasks: (1) tightening and loosening four 

screws on the assembly platform using an electric screwdriver; (2) striking a marked point on the platform five times 

with a hammer; (3) assembling five wooden components using wooden dowels, following symbolic instructions to 

reproduce a final configuration (Fig. 1). After completion, participants disassembled the structure. The task was 

performed twice, and execution time was recorded using a stopwatch. 
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Fig. 1. Assembly/disassembly task workstation: (left) base platform with marked positions; (centre) wooden 

components with symbolic indicators; (right) final assembled configuration. 

 

• Task 2: Psychomotor Vigilance Task (PVT). An online application [30] was used to measure reaction times 

through randomly presented visual stimuli (1.5 x 1.5 cm). Participants pressed the spacebar as quickly as possible 

when a stimulus appeared. The task included 20 trials, with stimulus durations up to 1500 ms and inter-stimulus 

intervals randomly varying between 1000 and 2000 ms. Reaction times were summarized at the end of the task.  

• Task 3: N-back (3x2 grid). A visuospatial N-back task based on the Italian version of the Jaeggi-Buschkuehl dual 

N-back paradigm [31] was administered via web application. A red square appeared sequentially in a 3x2 grid, and 

participants responded when its position matched that shown two trials earlier. The task included 20 trials with a 

2000 ms stimulus interval, and responses were given via mouse. Accuracy was reported as correct, incorrect, and 

omitted responses. 

• Task 4: N-back (5x5 grid). This task replicated the previous N-back paradigm, with an expanded 5x5 grid and 

identical procedures and timing parameters.   

 

After completing each task, participants filled out the NASA-TLX questionnaire to assess perceived workload. For 

subsequent analysis, experimental activities were grouped into two categories according to their operational 

characteristics. The assembly and disassembly activity (Task 1), which involved manual interaction with physical 

components and tool use, was classified as a manual assembly task. In contrast, the remaining activities, including the 

PVT (Task 2) and the visuospatial N-back tasks (Task 3 and Task 4), were performed via computer interface and 

primarily involved visual search, sustained attention, and working memory processes. These tasks were therefore 

collectively classified as computer-based tasks. 

 

3.3. Data Processing 

 

Data collected through the Tobii Pro Glasses 3 Controller were first pre-processed to remove invalid samples caused 

by temporary tracking loss or blinking. Missing but valid segments were interpolated by estimating values based on 

adjacent samples. Subsequently, a low-pass filter was applied to reduce high-frequency noise and retain only the slower, 

meaningful fluctuations in pupil size. For each experimental acquisition, the mean pupil diameter, standard deviation, 

minimum, and maximum values were calculated. Pupil diameter data were analysed to assess autonomic nervous system 

responses associated with task complexity, as increases in pupil size are commonly linked to greater cognitive effort [32]. 

Mean pupil dilation values were computed for each task and participant and then aggregated at the group level for 

statistical analysis. Furthermore, fixations were identified using the Dispersion-Threshold Identification (I-DT) algorithm, 

which defines fixations as clusters of consecutive points within a specified spatial dispersion. This method provides robust 

results even in the presence of ET noise [33] and is well-suited for the 50 Hz sampling frequency used in this experiment. 

For each participant, descriptive and inferential statistics were calculated for all oculomotor parameters and subsequently 

aggregated to enable comparisons across experimental conditions. Task performance metrics were analysed according to 

task type: execution time was recorded for manual assembly task, while accuracy, error rates, and success percentages 

were calculated for computer-based tasks. NASA-TLX responses were processed by calculating the overall workload 

score (0-100) and analysing individual subscales (mental demand, physical demand, temporal demand, performance, 

effort, and frustration). Finally, statistical analyses were conducted to compare oculomotor parameters across tasks. This 

integrated approach provided a comprehensive assessment of the relationship between eye-movement behaviour and 

perceived cognitive load under different experimental conditions. 

 

4. Results  

 

This section presents the results related to task performance, ET data, and NASA-TLX scores. Performance was 

evaluated through execution time, accuracy, error rates, and success percentage, while ET analysis focused on pupil 
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diameter variability and fixations. NASA-TLX scores were analysed to assess perceived workload across the experimental 

conditions. 

 

 4.1. Task Performance 

 

For Task 1, the assembly and disassembly activity, performance was evaluated by measuring execution time (Fig. 2). 

The mean execution time for the first trial was 3 minutes and 53 seconds, decreasing to 3 minutes and 9 seconds in the 

second trial. Consistently, the minimum execution time was recorded during the second trial (2 minutes and 52 seconds), 

whereas the maximum execution time (4 minutes and 29 seconds) was observed in the first trial for the first participant. 

Overall, the reduction in execution times from the first to the second trial suggests a progressive familiarization with the 

task procedure across repetitions. 

 

 
 

Fig. 2. Execution time (minutes) for each participant during the first and second trial of Task 1. 

 

 For computer-based tasks (Task 2, Task 3 and Task 4), performance was evaluated by calculating the number of errors 

and the corresponding success percentage (Fig. 3).  

Task 2 showed the highest mean success rate (98%), consistent with its lower level of complexity. Task 3 yielded a 

mean success percentage of 81%, whereas Task 4 showed the lowest mean performance (64%), with values ranging from 

a minimum of 45% to a maximum of 75%. Overall, the progressive decrease in success rates across tasks reflects the 

increasing cognitive demands, with Task 4 representing the most complex condition among the computer-based tasks. 

 

 
 

Fig. 3. Mean success percentage for each participant in Task 2 (PVT), Task 3 (N-back 3x2), and Task 4 (N-back 

5x5). 

 

4.2. Eye Tracking 

 

 Following data preprocessing, pupil dilation values from the left and right eyes of each participant and for each task 

were recorded and filtered to remove noise and artifacts. The mean pupil diameter between right and left eye and for each 

acquisition was computed, and the standard deviation of these means was used to quantify intra-subject and intra-task 

variability in pupil response throughout the experiment. Furthermore, gaze coordinates were used to identify fixations 

and compute fixation metrics, including total number of fixations, fixation rate, and fixation duration statistics. To support 

inter-task comparisons, fixation metrics were aggregated at the participant level by grouping tasks into manual assembly 

activity (Task 1) and computer-based activities (Task 2, Task 3, Task 4). Mean pupil diameter values, reported in Table 

2, showed a clear variation across the experimental activities. Larger pupil diameters were consistently observed during 

the manual assembly task compared to the computer-based cognitive tasks. Mean values during assembly were generally 

above 5 mm, while computer-based tasks showed lower values (3.1-3.9 mm). This pattern was consistent across 
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participants, indicating a systematic modulation of pupil response by task characteristics. The higher dilation in manual 

assembly suggests increased physiological activation linked to tool interaction and visuomotor coordination, whereas 

computer-based tasks elicited lower pupil diameters, likely reflecting more stable visual engagement with screen-based 

stimuli. The standard deviation of pupil diameter provided additional insight into intra-subject variability across tasks. 

Overall, higher variability was observed during the assembly task compared to the computer-based activities. This 

suggests that pupil responses during manual tasks were more dynamically modulated, likely reflecting alternating phases 

of visual search, manipulation, and brief attentional disengagement. In contrast, computer-based tasks showed lower pupil 

variability, suggesting more sustained visual attention and a more stable physiological response during interaction with 

graphical interfaces.  

Fixation analysis revealed systematic differences in visual behaviour between manual assembly and computer-based 

cognitive tasks, as shown in Table 2. Median fixation duration was generally shorter during the assembly activities and 

increased during computer-based tasks. Across participants, fixation durations during manual assembly were typically 

concentrated around 140-180 ms, whereas longer fixations were observed during computer-based tasks, often exceeding 

250-400 ms. This pattern suggests that manual assembly requires more dynamic visual exploration and frequent gaze 

shifts between tools, components, and spatial targets. In contrast, computer-based tasks promoted longer periods of visual 

stability, likely reflecting sustained attention to discrete screen locations and increased cognitive processing demands. 

Differences were also observed in fixation rate across task types. Assembly activities generally showed higher fixation 

rates, indicating more rapid alternation between fixation and saccadic movements. Conversely, computer-based tasks 

were associated with lower fixation rates, consistent with the presence of longer fixation events and reduced gaze scanning 

behaviour. These findings support the interpretation that manual interaction with physical objects induces a more active 

visuomotor strategy, whereas computer-based tasks favour prolonged attentional engagement with specific visual stimuli.  

As shown in Fig. 4, notable inter-individual variability in fixation behaviour emerged across conditions. Although 

fixation duration generally increased during computer-based tasks, the magnitude of this effect varied between 

participants. Some showed strong increases, while others displayed more moderate changes, with occasional prolonged 

fixations during demanding tasks.   

Additionally, inferential statistics were applied to assess differences across tasks using a Friedman test for repeated 

measures. Significant effects were found for pupil dilation, total number of fixations, and mean fixation duration (p-value 

< 0.001), whereas fixation rate did not show significant differences. Effect size estimation using Kendall’s W indicated a 

strong concordance among participants (W = 0.796), suggesting that task-related effects were consistent across 

individuals. 

 

 
 

Fig. 4. Individual trends in median fixation duration across manual assembly and computer-based tasks. Lines connect 

task-type for each participant. 

 

4.3. NASA-TLX 

 

 Participants completed the NASA-TLX questionnaire after each task to assess perceived cognitive workload. The 

overall workload score is derived from six dimensions: mental demand, physical demand, temporal demand, performance, 

effort, and frustration. For each task, a total NASA-TLX score was calculated, and mean values were compared across 

participants and tasks. 

 The results indicate that Task 4 (N-Back 5x5) elicited the highest perceived cognitive workload, with a mean score of 

77.3 out of 100. Individual scores ranged from a minimum of 68.3 to a maximum of 94.0. Task 3 (N-Back 3x2) showed 

slightly lower perceived workload, with a mean score of 61.6 and a wider range of responses (46.7-90.7).  

 The manual assembly task (Task 1) yielded a moderate workload level, with a mean score of 49.6 varying between 

25.7 and 70.0. Finally, Task 2 (PVT) resulted in the lowest perceived workload, with a mean score of 39.8 and scores 

varying between 20.3 and 82.3.  

A detailed overview of the results is provided in Table 1.  
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ID participant Task 1  Task 2 Task 3 Task 4  

1 25.67 22.67 55.33 71.30  

2 50.33 82.30 64.67 70.00  

3 70.00 47.67 65.00 76.00  

4 28.00 20.30 46.67 89.00  

5 51.00 54.00 90.67 94.00  

6 62.00 47.67 48.33 68.33  

7 60.00 66.00 61.30 72.67  

Mean 49.57 39.83 61.60 77.32  

 

Table 1. Total scores of NASA-TLX for each participant.  

 

Inferential analysis confirmed significant differences in perceived workload across tasks (Friedman Χ2 = 11.23, p-

value = 0.0105), suggesting that NASA-TLX scores varied depending on task complexity. 

 Analysing the specific dimensions of NASA-TLX, interesting insights were observed. In the manual assembly task 

(Task 1), the highest NASA-TLX scores were observed for performance (61%) and frustration (54.2%), while the 

remaining dimensions showed intermediate values; physical demand was the lowest (18%). For the PVT (Task 2), 

performance was again the highest (64.3%), followed by frustration (50%), with the other dimensions contributing less 

and physical demand remaining minimal. In N-Back 3x2 (Task 3), scores were relatively homogeneous (between 47% 

and 59%) and mental demand (56%) slightly higher than the other dimensions, while physical demand remained the 

lowest. Finally, in N-Back 5x5 (Task 4), mental demand was dominant (88%), whereas the other dimensions showed 

intermediate or low values, with physical demand again minimal (10.7%).   

 Overall, the results indicate that cognitive related dimensions (mental demand, performance, and effort) were the main 

drivers of perceived workload across tasks, whereas physical demand consistently played a marginal role.  

 

 

Task 
Mean Pupil 

Diameter (mm) 

Pupil Standard 

deviation (mm) 

Median 

fixations 

duration (ms) 

Fixation 

rate (Hz) 

Mean 

NASA-TLX 

score 

Performance   

Task 1, 

first trial 
5.23 0.45 162.86 2.08 - 

233 s (execution 

time) 
 

Task 1, 

second 

trial 

5.18 0.52 168.57 2.05 49.57 
189 s (execution 

time) 
 

Task 2 3.47 0.61 437.14 1.72 39.83 
98% (success 

percentage) 
 

Task 3 3.41 0.48 307.14 1.85 61.60 
81% (success 

percentage) 
 

Task 4 3.37 0.50 297.14 2.03 77.32 
64% (success 

percentage) 
 

 

Table 2. Multimodal summary of ET, performance, and NASA-TLX measures across experimental tasks.  

 

5. Discussion 

 

The findings are discussed in relation to cognitive load assessment across tasks with different complexity levels, 

integrating ET metrics and subjective workload measures, with particular attention to fixation behaviour and pupillary 

responses.   

 
5.1. Manual Assembly Task 

 

 The manual assembly task (Task 1) showed the highest mean pupillary diameter, likely due to several interacting 

factors. First, the task involved multiple visual stimuli and continuous manipulation of physical components, which may 

have increased both mental workload and cognitive processing demands. Second, the remaining tasks were performed on 

a laptop in a more uniformly illuminated workstation, potentially contributing to lower pupillary responses. Furthermore, 

assembling and disassembling objects using hand tools mainly requires visuospatial processing; previous studies suggest 

that pupil dilation tends to be greater during visuospatial activities compared to verbal or decision-making tasks [34]. 

 At the same time, mean fixation duration was lower during assembly activities, while fixation rates were higher, 

indicating more frequent alternation between fixations and saccadic movements. This pattern suggests a more dynamic 
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visuomotor exploration strategy when interacting with physical objects, consistent with the increased pupillary response 

highlighted by the pupillometry analysis. 

 Performance data, expressed in terms of task completion time, showed a reduction in the second trial, suggesting the 

presence of a learning effect, although this improvement was not clearly reflected in the ET indicators. Subjective 

workload obtained through NASA-TLX scores indicated lower perceived workload only for the PVT task. Overall, these 

preliminary findings suggest distinct patterns of cognitive load across task types, which are supported by the inferential 

statistics on the multimodal parameters.  

 

5.2. Computer-based tasks 

 

 Computer-based tasks (Task 2, Task 3, and Task 4) were characterized by lower mean pupil diameters compared to 

the manual assembly task. This may be related to the need for rapid responses to visual stimuli, which likely increased 

attentional demands while promoting more stable visual engagement. This interpretation is supported by the observation 

of longer mean fixation durations and lower fixation rates. Reduced fixation rates indicate fewer gaze shifts and decreased 

visual scanning behaviour, suggesting sustained attentional focus on specific on-screen elements.  

 Performance outcomes, measured as the percentage of correct responses, were highest for the PVT task (Task 2) and 

progressively decreased in the N-Back task (Task 3 and Task 4). This trend reflects the increasing cognitive complexity 

of the tasks and is consistent with subjective workload ratings obtained through the NASA-TLX, which showed increasing 

perceived workload from Task 2 to Task 4. 

 These results are supported by inferential statistical analysis. The Friedman test confirmed significant differences 

across tasks for both physiological and subjective measures, while no significant effect was found for fixation rate, 

suggesting that visual sampling frequency remained consistent across conditions. It should be emphasised, however, that 

these inferential results were obtained from a pilot sample of seven participants (N = 7). Although Kendall’s W indicated 

a strong concordance among participants (W = 0.796), suggesting that task-related effects were consistent at the individual 

level, this agreement refers only to the present cohort, which was relatively homogeneous in age (22–35 years) and 

composed of university students and research staff. With such a limited sample, the statistical power of the Friedman test 

is reduced and effect size estimates may be unstable. The present findings should therefore be regarded as baseline 

evidence, and expanded cohort testing, including industrial operators with different ages, levels of experience and task 

expertise, is required to generalise them to broader industrial populations. 

 The observed discrepancy between physiological and subjective measures may reflect their different sensitivities to 

cognitive load components in computer-based tasks, with pupil dilation being more closely related to immediate 

visuomotor and attentional demands, whereas NASA-TLX reflects consciously perceived cognitive effort [35]. 

 

6. Conclusions 

 

Cognitive load is a key factor in many applied domains, particularly in contexts where human-machine interaction is 

central and high precision and operational efficiency are required. Understanding and managing cognitive load is essential 

for improving operator well-being, optimizing performance, and reducing the risk of errors, especially in environments 

with high informational demands.  

 Previous studies have highlighted that relying on a single type of measurement can present limitations, emphasizing 

the need for a multimodal analysis that combines both objective and subjective measures. In this context, ET emerges as 

a promising methodology for real-time cognitive load assessment, as it allows monitoring of ocular parameters such as 

pupil diameter and fixations. The correlation of these parameters with cognitive effort provides reliable and non-intrusive 

indicators. 

 In this preliminary pilot study, ET data were used to analyse cognitive load during specific tasks. Results showed that 

the manual assembly task elicited larger pupil diameters and higher fixation rates, reflecting dynamic visuomotor 

engagement, whereas computer-based tasks were associated with longer fixation durations and lower fixation rates, 

suggesting sustained attentional focus on screen-based stimuli. These preliminary findings are supported by inferential 

statistics, which confirmed significant differences across tasks for pupil dilation and fixation metrics. These results 

suggest that ocular behaviour may be associated with cognitive effort, highlighting the potential of ET as a complementary 

assessment tool. 

 The presented preliminary findings have potential implications for industrial settings, where ET could be used to 

monitor operator cognitive load in real time, support adaptive human-machine interaction systems, and human-centred 

task and workstation design. 

 However, several limitations should be acknowledged. The small sample size (N = 7), due to the preliminary pilot 

nature of the study, limits the generalisability of the results. Although the Friedman test revealed significant task-related 

effects and Kendall’s W indicated strong participant concordance (W = 0.796), these findings refer to a relatively 

homogeneous group of university students and research staff aged 22–35 years and should therefore be considered 

exploratory baseline evidence. Task modality may also introduce confounding factors related to motor and environmental 

differences between manual and computer-based conditions. Additionally, other physiological and contextual factors that 

can influence cognitive effort and ocular parameters were not monitored, and these could have affected the observed 

patterns. 
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Future studies should extend the experimental protocol to larger and more heterogeneous cohorts, including industrial 

operators with different ages, levels of experience and task expertise, in order to validate these baseline findings and 

generalise them to broader industrial populations. The integration of additional physiological and behavioural measures 

with ET data could further enhance the robustness of the assessment, while applying ET in real work environments and 

more complex scenarios could provide further insights into its effectiveness for continuous cognitive load monitoring. 

Overall, the study suggests that ET represents a promising and complementary approach for assessing cognitive load, 

supporting the development of more effective and adaptive monitoring systems. 
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