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Abstract: In recent years, the need to design inclusive workplaces has grown, particularly
in manufacturing contexts where high cognitive demands may disadvantage neurodiverse
individuals. In manufacturing environments, neurodiverse workers often experience diffi-
culties processing standard instructions, increasing cognitive load and errors and reducing
overall performance. This study proposes a methodology to assess cognitive load during
assembly tasks to support workers with dyslexia. A multi-layer fuzzy logic framework was
developed, integrating physiological, environmental, and task-related data. Physiological
signals, including heart rate, heart rate variability, electrodermal activity, and eye-tracking
data, were collected using wearable sensors. Ambient conditions were also measured. The
model emphasizes the Reading dimension of cognitive load, critical for dyslexic individuals
challenged by text-based instructions. A controlled laboratory study with 18 neurotypi-
cal participants simulated dyslexia scenarios with and without support, compared to a
control condition. Results indicated that a lack of support increased cognitive load and re-
duced performance in complex tasks. In simpler tasks, control participants showed higher
cognitive effort, possibly employing overcompensation strategies by exerting additional
cognitive resources to maintain performance. Support mechanisms, such as audio prompts,
effectively reduced cognitive load, highlighting the framework’s potential for fostering
inclusive practices in industrial environments.

Keywords: sensor fusion; cognitive load; inclusive manufacturing; neurodiversity;
assembly

1. Introduction
Over the years, discussions about workplace inclusivity have evolved from raising

awareness and improving physical accessibility to creating environments that also support
mental wellbeing and accommodate neurodiverse needs [1]. Inclusive employers now
strive to foster spaces that are not only physically accessible but also promote mental
health and value neurological differences [2]. Recognising neurodiversity as a spectrum
is crucial; individuals possess a range of characteristics that vary widely and evolve
over time. For employers and designers, this means prioritising workplaces that address
physical, cognitive, and emotional needs [3]. Involving neurodiverse individuals in design
and evaluation can transform workplaces from merely accessible spaces into supportive
environments for a wide range of mental and neurological conditions. By integrating
diverse perspectives, organisations can create settings where employees thrive and unlock
the full potential of the workforce [4].
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Dyslexia, a learning disability that affects the development of literacy skills such as
reading, writing, and spelling, presents unique challenges. Despite similar educational op-
portunities, individuals with dyslexia often struggle significantly more than their peers [5].
Estimating its prevalence is challenging due to overlaps with other conditions such as
alexia or educational disadvantages; however, it is generally estimated that dyslexia affects
around 10% of the population, with figures varying based on diagnostic criteria, awareness
levels, and assessment methods [5]. Adults with dyslexia often encounter difficulties in
written tasks, including handwriting, organisation of written work, multitasking, note-
taking, and following sequential instructions. Negative past experiences further discourage
many from disclosing their dyslexia [6], yet these individuals often demonstrate strengths
in creativity, social skills, resourcefulness, and entrepreneurship [5].

In modern manufacturing, continuous improvement, innovation, and the effective
utilisation of diverse talents are essential. Integrating neurodiverse talent has emerged as a
key strategy to enhance creativity, productivity, and quality in industries facing 21st-century
challenges [7]. Neurodiverse employees contribute unique cognitive strengths, offering
fresh insights and creative solutions to complex problems. Their exceptional attention
to detail and sustained concentration are particularly valuable in manufacturing, where
precision and accuracy are critical for quality control and minimising errors [8].

However, despite these strengths, neurodiverse individuals often face significant
challenges that can impact their full participation in the workforce, such as difficulties in
emotional regulation, reduced environmental mastery, low coping skills, and obstacles in
self-determination. These challenges can manifest in the manufacturing context through
difficulties in adapting to fast-changing environments, handling complex social interactions
within teams, and managing work-related stress or sensory overload commonly found
in industrial settings. Therefore, fostering a truly inclusive workplace means not only
recognising the strengths of neurodiverse individuals but also implementing supportive
strategies that accommodate their specific needs [9].

The inclusion of neurodiverse individuals expands the pool of skills available, en-
abling better task assignments, improved team dynamics, increased productivity, enhanced
employee engagement, and a more attractive workplace culture that reduces turnover and
attracts top talent. Embracing neurodiversity also promotes continuous learning and adapt-
ability, which are vital qualities in rapidly changing manufacturing environments. The
benefits extend beyond equity and diversity, positioning organisations to drive innovation,
improve operational efficiencies, and enhance product quality for a more inclusive and
successful future [10].

Recent years have witnessed a substantial increase in research contributions containing
the term “neurodiversity”. While research output remained relatively low for much of the
previous decade, a notable rise began around 2020, followed by a sharp acceleration in
subsequent years. This trend has continued to intensify, with the number of publications
steadily increasing in recent years. This growth tends to indicate an increased awareness of
neurodiversity in both the literature and industrial practices [11].

The term neurodiversity was coined in the 1990s, but it has taken almost twenty
years for the word to become so widely used [12]. At least part of this recent upsurge
can be explained by a concomitant increase in emphasis on identifying the strengths of
neurodiverse people, their inclusion in the workforce and their quality of life. This emerging
academic interest underlines the relevance of the topic and ensures its importance in current
research and debates related to inclusion and diversity issues in different fields [13].

In such context, this research aims to support the inclusion of neurodiverse individuals
within the manufacturing sector by addressing barriers associated with cognitive workload
and stress. Industrial environments are typically fast paced and cognitively demanding,
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which may present particular challenges for neurodiverse employees as human–robot
interaction becomes increasingly prevalent [14]. To promote equitable working conditions,
it is essential to gain a clear understanding of how cognitive load develops and to identify
periods characterised by elevated stress or mental fatigue [15].

This study investigates the assessment of cognitive load during assembly tasks by
examining physiological, environmental, and task-related variables. The objective is to
dynamically estimate cognitive load during task execution in an industrial environment,
with the aim of identifying reliable indicators that can support the development of inclusive
strategies and reduce stress in cognitively demanding contexts. In particular, this research
explores how a multimodal sensor fusion approach can be employed for real-time cognitive
load estimation, whether reading-related cognitive effort varies across different support
conditions in dyslexia-simulated tasks, and to what extent robotic assistance may offer
advantages over human support in mitigating cognitive demands.

2. Literature Review
This section reviews the literature on cognitive load assessment, with approaches

ranging from individual sensor-based methods to sensor fusion, human–robot collabora-
tion, and machine learning integration. Such approaches are examined to overcome the
limitations of single-modality techniques and demonstrate how multifaceted strategies
contribute to a more sophisticated cognitive load modelling.

2.1. Single Technologies

Cognitive workload assessment has received growing research attention, particularly
through the use of physiological signals to better understand mental effort and emotional
distress [16]. Among the most widely studied methods are heart rate variability (HRV),
electrodermal activity (EDA), pupillometry, and electrocardiography (ECG).

HRV is a key indicator of autonomic nervous system activity and has been used ex-
tensively to monitor changes in cognitive workload. It is commonly analysed across three
frequency bands: very low frequency (VLF, 0–0.04 Hz), low frequency (LF, 0.04–0.15 Hz),
and high frequency (HF, 0.15–0.4 Hz). Increased cognitive demand has been shown to
reduce HF power and elevate LF power, suggesting a shift towards sympathetic domi-
nance and reduced parasympathetic control [17]. Overall, HRV decreases in response to
heightened mental effort, likely due to increased sympathetic activation or parasympathetic
withdrawal [18,19].

Additionally, EDA and, in particular, the galvanic skin response (GSR), measures
fluctuations in skin conductance associated with sweat gland activity and is considered a
robust marker of sympathetic arousal. It comprises both tonic (slow-varying) and phasic
(rapid) components [20]. The literature shows how EDA is widely used to track cognitive
load, attention, and emotional processing, and it remains a preferred physiological measure
for assessing stress responses [21,22]. Baseline condition selection is critical for accurate
EDA analysis. Krebl et al. [23] demonstrated that passive visual tasks such as watching
calming videos or observing fixation points yield more stable baselines than minimally
demanding games.

Pupillometry, via eye-tracking technologies, has emerged as a sensitive tool for mon-
itoring cognitive workload. Metrics such as fixations, saccades, and pupil dilation offer
real-time insights into visual attention and mental effort. Skaramagkas et al. [24] high-
light the application of machine learning techniques to eye-tracking data, enhancing the
detection of both cognitive load and emotional arousal.

Finally, ECG provides direct measures of cardiac activity and serves as an accessible
tool for assessing mental workload, particularly in dynamic environments. It supports the
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derivation of HRV metrics and complements other physiological indicators, enabling a
more comprehensive assessment of cognitive states [25].

2.2. Sensor Fusion

Recent advances in physiological monitoring have demonstrated that integrating
multiple biosignals can improve the accuracy and robustness of cognitive workload assess-
ment. Sensor fusion approaches, which combine data from distinct modalities, address
limitations inherent in single-sensor systems and enhance resilience in dynamic, real-world
environments [26].

Affanni [27] contributed to this field by developing a wearable, wireless sensor system
capable of monitoring ECG and EDA during active tasks. Its capacity to reduce motion
artefacts while transmitting real-time data makes it particularly suitable for physically
dynamic collaborative scenarios. Comparable systems have been validated in industrial
settings, where wearable biosensors provide robust physiological inputs to detect operator
strain [28].

Ayres et al. [29] examined whether physiological measures can be used to differentiate
intrinsic cognitive load, finding that HRV and pupillometry serve as reliable reflections of
cognitive load with discriminant validity that allows differentiation between task difficulty
levels. Their research suggests that HRV and pupil size can be effectively employed to
review the mental loads assigned to complex learning and performance tasks.

Vanneste et al. [30] investigated a multimodal framework combining EDA, electroen-
cephalography (EEG), and electrooculography (EOG). Their analysis revealed that phys-
iological markers such as the skin conductance response rate, alpha power, and blink
rate correlated significantly with self-reported workload, explaining nearly 23% of the
variance. Similarly, Ma et al. [31] employed eye-tracking and ECG sensors to assess HRV
and pupillometric indices across four levels of task complexity. Their results confirmed
that experts displayed consistently lower cognitive load across conditions, demonstrating
the utility of combining cardiac and ocular markers.

More recently, Liu et al. [32] proposed a multiview sensor fusion framework incor-
porating EEG, ECG, EDA, EOG, and eye movement data to predict cognitive load during
multitask scenarios. Their model achieved over 80% classification accuracy and highlighted
the complementary value of different signal types.

Additionally, Kuttala et al. [33] demonstrated that fusing hierarchical features from
ECG and EDA using convolutional neural networks improved stress classification across
multiple datasets.

2.3. Human–Robot Collaboration and Cognitive Workload Assessment

The integration of collaborative robots (cobots) into industrial environments presents
both challenges and opportunities for cognitive workload assessment. As human operators
increasingly share responsibilities with robotic systems, continuous monitoring of cognitive
state becomes essential for maintaining safety, efficiency, and user wellbeing [34].

Rajavenkatanarayanan et al. [35] introduced RoboAssist, a real-time framework com-
bining ECG and EDA data to classify cognitive load during collaborative assembly. Their
system demonstrated reliable detection of high-load states in a study involving 25 partici-
pants, providing a foundation for cognitively adaptive robotic systems. Similar approaches
have shown that combining physiological signals through sensor fusion can significantly
improve recognition accuracy in real-world conditions [36].

Cognitive load also shapes interpersonal factors such as trust in automation. Re-
search has shown that varying cognitive demands influence how humans evaluate and
rely on robotic partners during shared tasks. A high workload can increase perceived
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dependency, while a low workload may heighten sensitivity to errors, highlighting the
importance of balancing system support with operator autonomy [37]. These dynamics
are especially relevant in hybrid collaboration contexts, where trust and cognitive burden
interact closely [38].

2.4. Integration with Machine Learning for Enhanced Assessment

The integration of machine learning (ML) techniques into physiological data analysis
marks a substantial step forward in cognitive workload assessment. By uncovering com-
plex, non-linear relationships across multimodal biosignals, ML enables a more precise and
scalable evaluation of mental effort. Initial evidence supports the discriminative capacity
of physiological signals. Recent studies have shown that ML classifiers, particularly sup-
port vector machines and deep neural networks, can achieve high accuracy in cognitive
state recognition. For example, using the STEW dataset, Safari et al. [39] achieved 89.53%
classification accuracy by combining EEG-based brain connectivity features with feature
selection strategies. Similarly, Wang et al. [40] applied frequency-domain features and ML
classifiers to distinguish cognitive load across simulated driving conditions. Afzal et al. [41]
further extended this line of work by introducing a deep gated neural network (DGNN) as
the core of a cognitive workload monitoring system capable of capturing dynamic mental
state fluctuations.

2.5. Implications for Neurodiverse Populations in Industrial Settings

Understanding how to assess cognitive load in neurodiverse populations has become
increasingly important as human–robot interactions grow more prevalent in industrial
contexts. The structured and predictable behaviour of cobots, which operate according to
predefined routines, may align particularly well with the preferences of individuals with
certain neurodevelopmental conditions. This alignment holds potential for designing more
inclusive work environments that accommodate diverse cognitive profiles [42].

In smart factory settings, physiological signals including EEG and functional near-
infrared spectroscopy (fNIRS) have been used to predict worker stress under varying task
complexities, suggesting their applicability in neurodiverse user groups as well [14]. These
techniques provide objective, real-time insights that may outperform traditional subjective
assessments, particularly when verbal reporting is limited.

Meta-analytic findings also support the use of EEG and GSR as sensitive markers
of cognitive workload in collaborative assembly contexts, although technical constraints
remain a consideration [43].

Cognitive load refers to the amount of mental effort spent to process information and
perform tasks. In complex working conditions, such as manufacturing, understanding
and managing cognitive load would be a step towards improvement in productivity and
efficiency and general wellbeing [31]. On the contrary, an increased cognitive load will
generate lower performance, higher error rates, and enhanced levels of stress, especially
across diverse cognitive profiles [44]. For an effective estimation of cognitive load, not
only should the aspect of physiological conditions be considered but also those related to
external environmental surroundings [44].

While there is a growing body of literature contributions on neurodiversity and
inclusion in a variety of fields, there are currently very few targeted studies that address
the difficulties faced by neurodiverse people in manufacturing, particularly when it comes
to human–robot collaboration. Such a gap is represented by the lack of frameworks to
promote inclusion in terms of how stress and cognitive load affect neurodiverse workers
during manufacturing tasks [42].
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To address this gap, this research proposes a framework to estimate the cognitive load
in real-time by fusing sensor data from physiological variables, the working environment,
and the manufacturing process.

3. Research Framework and Methodology
The research framework illustrated in Figure 1 consists of four distinct layers, each

designed to analyse and quantify cognitive load contributions using different inputs.

Figure 1. Cognitive load modelling adapted from [45].

3.1. Layer-Wise Structure
3.1.1. Layer 1: Acquired Raw Data

In this phase, various physiological, environmental, and process-related variables
are collected using diverse sensing units. Physiological data include heart rate (HR) [29],
HRV [19,26], representing changes in the intervals between successive heartbeats, and ECG,
which records the electrical activity of the heart over time [19,26]. Other physiological
variables include eye movements, fixation duration, and pupil dilation, all tracked using
an eye tracker [46]. Pupil dilation serves as an indicator of noradrenergic activity and
cognitive arousal. In addition, EDA is measured to assess skin conductance, an important
physiological marker of stress and cognitive load. The GSR, which represents the phasic
component of EDA, detects rapid changes in skin conductance associated with fluctuations
in cognitive load [47].
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Environmental variables, including ambient temperature, humidity, and noise levels,
are recorded [48]. Additionally, task-related parameters such as the number of tasks per-
formed, task difficulty [49], and the number of items to be assembled are monitored. The
number of items to be assembled is a normalised parameter that increases with the number
of components required to complete a product.

Ultimately, the output of this layer yields a comprehensive collection of raw sensory
data that will be further processed to analyse the physiological, environmental, and process-
related variables.

3.1.2. Layer 2: Normalised Variable Clusters

The variables acquired in the previous layer are first normalised against baseline
measurements recorded under resting conditions [50]. Heart rate data normalisation
accounts for both tachycardia and bradycardia by dividing each sample by the mean heart
rate, with values significantly deviating from ones indicating higher cognitive load [51].
Eye and electrical activity data are normalised similarly, with higher values indicating
increased cognitive load [52]. Post-normalisation, values are scaled to ranges of 0–2 for
heart rate, ECG, and HRV and 1–2 for eye and electrical activity data. Environmental
parameters (temperature, humidity, and noise) are also normalised: humidity is scaled to
0–1, and noise is categorised as low (0), medium (0.5), or high (1). Manufacturing process
variables (number of items, operations, and task difficulty) are normalised similarly, with
difficulty mapped to 0, 0.5, or 1 [53].

The normalised data are categorised into distinct clusters based on their characteristics
and impact on cognitive load [50]: the Heart Cluster (HR, HRV, and ECG) monitors auto-
nomic nervous system responses [54]; the Eye Cluster (eye movements, fixation duration,
and pupil dilation) reflects attention and cognitive processing [55]; the Electrical Activity
Cluster consists of EDA, measuring sympathetic nervous system responses to cognitive and
emotional stress [56]. The Manufacturing Process Cluster captures aspects of task complex-
ity, quantified through the number of tasks, task difficulty, and the number of items to be
assembled [57]. Lastly, the Working Environment Cluster includes environmental factors
such as temperature, humidity, and noise levels, which influence both worker wellbeing
and task performance [58].

Layer 2 organises Layer 1 data into coherent clusters using fuzzy set theory. Sub-
sequently, each connection in the flowchart diagram (Figure 1) represents a fuzzy infer-
ence mechanism, progressively integrating simpler variables into more complex ones [45].
This hierarchical approach effectively supports adaptive risk assessment in human–cyber–
physical systems associated with Operator 5.0, referring to human operators enhanced by
smart, digital technologies enabling improved collaboration with automation systems [59].

3.1.3. Layer 3: Cognitive Load Factors

This layer identifies the cognitive load factors that are directly influenced by the
normalised data. Layer 3 acts as a bridge, interpreting how the collected variables translate
into real-world cognitive challenges faced by workers.

The cognitive load factors include [45,60]:

1. Thought disruption: Refers to interruptions that break the continuity of mental process-
ing, leading to fragmented cognitive flow and reduced task performance;

2. Physical effort: Captures the mental burden associated with physically demanding
tasks, such as manual operations or sustained postural exertion;

3. Orientation and navigation problems: Encompass the cognitive load required to interpret
spatial layouts or navigate through physical or procedural environments;
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4. Extraneous demands: Mental effort imposed by inefficient tasks or system design,
such as unclear instructions, redundant steps, or poorly organized interfaces. These
demands consume attention and processing resources without contributing to task
goals, often hindering performance and increasing the likelihood of error;

5. Temporal precision difficulty: Refers to increased cognitive effort when tasks demand
strict timing coordination or synchronization with external events;

6. Inconsistent information coding: Reflects the mental effort required to reconcile or
interpret data presented in varying formats or terminologies;

7. Spatial dizziness: Involves disorientation due to complex or rapidly changing spatial
environments, affecting situational awareness;

8. Cognitive tunnel vision: A narrowing of attention where the individual fixates on
certain elements of a task while neglecting others, often induced by high workload
or stress;

9. Strains on short-term memory: Reflects overload in working memory capacity due
to complex tasks or environmental distractions, impairing temporary information
storage and manipulation;

10. Issues in identifying process status: Represents challenges in monitoring and un-
derstanding the current state of a process, often due to poor system feedback or
unclear indicators.

3.1.4. Layer 4: Cognitive Load Dimensions

In layer 4, the cognitive load factors identified in the previous layer are mapped onto
six cognitive load dimensions relevant to manufacturing operators:

11. Logic: The ability to engage in logical reasoning and process information for decision
making;

12. Attention: The ability to maintain focus and awareness in the face of distractions or
task demands;

13. Mathematics: Challenges associated with performing calculations or engaging in tasks
that require numerical skills;

14. Memory: The recall and application of information in the short term;
15. Language: Understanding and using language to carry out tasks;
16. Reading: The ability to read and interpret written material, distinguishing relevant

information from irrelevant information.

Although the present study focuses on the Reading dimension, the structure of the
model allows for future implementation and evaluation of the remaining dimensions,
which may be relevant in other neurodiversity-related contexts.

3.2. Data Processing

Physiological signals, including cardiac activity and electrodermal responses, undergo
case-specific preprocessing using filtering techniques to remove noise and artefacts. Simi-
larly, eye-tracking measures, such as pupil diameter and gaze patterns, are processed to
ensure signal integrity. Environmental and task-related variables are also considered.

To enable comparison with baseline values, each sample obtained during the experi-
mental tests is normalised by dividing it by the mean of the corresponding baseline signal.
This normalisation provides a relative measure of deviation from the baseline. The resulting
signals are then used as inputs to a fuzzy logic system, which models cognitive load using
a multi-layer inference framework.
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3.3. Fuzzy Logic Modelling

The fuzzy modelling approach in this study is designed to interpret cognitive load by
integrating multiple physiological, environmental, and process-related inputs through a
multi-layer inference system [61].

Each input variable is characterised by a set of membership functions, derived from
distributions and thresholds derived from the relevant literature [62], which classify its
influence on cognitive load into distinct fuzzy levels. During the fuzzification process,
crisp input values are converted into fuzzy sets. A fuzzy inference system, also informed
by the existing literature [63], models the interactions among inputs to estimate cognitive
load, producing a fuzzy output. The defuzzified output ranges from 0 to 1, as determined
by the design of the fuzzy inference system. In this framework, 0 corresponds to low
cognitive load, 0.5 to medium load, and 1 to high load, according to the structure of the
rules and membership functions. Such a progressive approach allows for the model to
aggregate layer-wise outputs to the final output representing the various dimensions of
cognitive load.

The categorization of cognitive load into three levels (low, medium, and high) was
selected as a trade-off between computational complexity and practical implementability
in real-time applications. This classification aligns with existing fuzzy-based cognitive
load models that adopt a similar three-level granularity to ensure interpretability and
computational efficiency [61,63]. The design of the membership functions was informed
by physiological thresholds and value distributions reported in the literature, particularly
those applied to HR, HRV, ECG, EDA, and eye-tracking metrics [62,64].

While the overall fuzzy output range was normalised to [0–1] and structured into
three categories (low, medium, and high) for interpretability, the membership functions
were not uniform across the system. Each subsystem was designed with specific input
variables and associated membership functions tailored to the nature and dynamic range
of the corresponding physiological or behavioural signals. The parameters and number of
MFs varied depending on the complexity and sensitivity of the input and were defined
based on both empirical distributions from the dataset and the relevant literature [61,63].

This study investigates the reading-related dimension of cognitive load, modelled
through a multi-layer fuzzy logic framework. Raw input variables are first normalised
and clustered in the second layer and then combined in the third layer into higher-order
factors, including Extraneous Demands (reflecting environmental, manufacturing, and phys-
iological elements) and Inconsistent Information Coding (capturing visual and physiological
discrepancies). These factors inform the fourth-layer construct of Reading, which forms the
core focus of this research. Reading is a critical factor in assessing cognitive load among
individuals with dyslexia, a neurodevelopmental condition marked by difficulties in read-
ing and language processing. For this population, text-based tasks such as interpreting
assembly instructions, forms, or labels impose elevated cognitive demands [64]. This study
addresses the challenges faced by dyslexic workers during such tasks and highlights the
risk of cognitive overload when information is not presented in a way that supports their
visual processing needs [65].

4. Case Study
The proposed framework has been implemented and validated in a laboratory-scale

case study. Duplo blocks were used to simulate an assembly task analogous to a small-scale
manufacturing environment, chosen for their simplicity and safety while still allowing
effective assessment of cognitive load [66].
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The experimental setup involved participants performing two consecutive assembly
tests with Duplo blocks. In Test 1, participants completed 12 tasks by following on-screen
instructions to build Construction 1 (Figure 2b). In Test 2, they carried out 11 tasks to
build Construction 2 (Figure 2c), again guided by instructions displayed on the screen.
At the beginning of each test, participants were shown the grayscale images for 3 s to
give a general impression of the target construction while minimising the amount of
information provided.

(a) (b) (c)

Figure 2. Experimental setup: (a) construction blocks and collaborative robot; (b) Construction 1 with
Duplo blocks for Test 1; (c) Construction 2 with Duplo blocks for Test 2.

Two experimental conditions were defined: Human Assistance and Robot Assistance.
In the Human Assistance condition, a person provided Duplo blocks to the participant
upon request (Figure 2a) (prompted by on-screen instructions), whereas, in the Robot
Assistance condition, a collaborative robot supplied the requested blocks [67]. Participants
selected the pieces via a touchscreen interface, and the robot subsequently delivered them.

4.1. Participants

A total of 18 participants, all under 30 years of age, were recruited through an open
call at Loughborough University. Only individuals without any diagnosed neurodiversity-
related conditions were included. Demographic data such as gender or educational back-
ground were not collected, in accordance with restrictions set by the approved ethical
protocol. However, the sample can be considered relatively homogeneous, as all par-
ticipants were university students, within a narrow age range, and without diagnosed
neurocognitive conditions. Ethical approval was secured from Loughborough University,
and participants provided full informed consent before taking part. The recruitment of
neurotypical participants was adopted due to ethical and institutional constraints that cur-
rently limit the direct involvement of neurodiverse individuals in experimental protocols.
This approach, though limited in ecological validity, is consistent with established methods
in preliminary cognitive load research [45,68]. Each participant completed two tasks under
the experimental conditions reported in Table 1. The sequence of tests was randomised to
ensure that all combinations of conditions were covered in different orders across partic-
ipants to counterbalance potential order effects, thereby reducing biases in the analysis.
An initial baseline phase lasting 3 min was conducted before each task, during which
participants remained seated and attempted to minimise movement.
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Table 1. Experimental programme.

Participant Pre-Test Test 1 Test 2 Assistance

Participant 1 Baseline Dyslexia with support Control Human
Participant 2 Baseline Control Dyslexia with support Human
Participant 3 Baseline Dyslexia without support Control Human
Participant 4 Baseline Control Dyslexia without support Human
Participant 5 Baseline Dyslexia with support Dyslexia without support Human
Participant 6 Baseline Dyslexia without support Dyslexia with support Human
Participant 7 Baseline Dyslexia with support Dyslexia with support Human
Participant 8 Baseline Dyslexia without support Dyslexia without support Human
Participant 9 Baseline Control Control Human

Participant 10 Baseline Dyslexia with support Control Robot
Participant 11 Baseline Control Dyslexia with support Robot
Participant 12 Baseline Dyslexia without support Control Robot
Participant 13 Baseline Control Dyslexia without support Robot
Participant 14 Baseline Dyslexia with support Dyslexia without support Robot
Participant 15 Baseline Dyslexia without support Dyslexia with support Robot
Participant 16 Baseline Dyslexia with support Dyslexia with support Robot
Participant 17 Baseline Dyslexia without support Dyslexia without support Robot
Participant 18 Baseline Control Control Robot

4.2. Data Acquisition

To continuously and non-invasively assess physiological and behavioural indicators
of cognitive demand in the workplace, a range of wearable sensing devices were employed.
These tools captured moment-to-moment biosignals aligned with cognitive responses
under task conditions.

Heart rate data were obtained via the Polar OH1 optical sensor, worn on the left upper
arm. It recorded data at 1 Hz and transmitted signals via Bluetooth to the Polar Flow
app for real-time monitoring. In parallel, the EcgMove 4 device provided high-resolution
(1024 Hz) single-channel ECG recordings via disposable electrodes placed on the chest, also
enabling the calculation of heart rate variability metrics such as RMSSD. Electrodermal
activity was measured with the EdaMove 4, which sampled skin conductance at 32 Hz
using exosomatic Ag/AgCl electrodes worn on the non-dominant hand. Eye-tracking
data were captured using the Tobii Pro Glasses 3, a binocular system operating at 100 Hz,
equipped with a Full HD scene camera (106◦ field of view), infrared illuminators, and
a gyroscope. Outputs included gaze coordinates, pupil diameter, eye movement types,
and timestamps.

Participants completed two construction-based tests using Duplo blocks of varying
sizes and colours, stored in custom 3D-printed boxes arranged in front of a robotic system.
Before each test, participants viewed a black-and-white illustration of the target structure.
Test 1 consisted of 12 tasks involving timed actions and graphical interpretation, while
Test 2 included 11 sequential tasks under similar conditions. Each task consisted of a single
instruction displayed on the screen, guiding the participant through the corresponding
assembly step. Although participants followed step-by-step instructions, they were allowed
to revisit previous steps if needed. Each test was limited to 15 min and ended automatically
either upon task completion or when the time expired. The difficulty of each task is
presented in Table 2 for Test 1 and in Table 3 for Test 2, along with the number of items to
be assembled, defined as the number of Duplo blocks used for that specific task, and the
number of operations required to complete it.
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Table 2. Task characteristics for Test 1, including the number of items to be assembled, the number of
operations required, and task difficulty.

Task Number Number of Items to Be Assembled Number of Operations Task Difficulty

Task 1 3 6 Low
Task 2 1 2 Low
Task 3 1 2 Low
Task 4 1 2 Low
Task 5 1 2 Low
Task 6 4 8 High
Task 7 3 5 Medium
Task 8 0 1 Low
Task 9 6 10 High
Task 10 0 2 Medium
Task 11 1 2 Low
Task 12 1 2 Medium

Table 3. Task characteristics for Test 2, including the number of items to be assembled, the number of
operations required, and task difficulty.

Task Number Number of Items to Be Assembled Number of Operations Task Difficulty

Task 1 4 8 Low
Task 2 2 4 Low
Task 3 4 8 High
Task 4 6 12 High
Task 5 4 8 High
Task 6 1 2 Low
Task 7 1 2 Low
Task 8 3 5 Medium
Task 9 0 1 Low
Task 10 2 2 Medium
Task 11 3 6 Low

Three experimental scenarios were designed to assess participants’ responses under
varying cognitive demands. In the Control scenario (Figure 3a), instructions were presented
in a standard font, establishing a baseline without added reading difficulty. In the Dyslexia
with support scenario, instructions were presented in a dyslexia-simulating font [69]
illustrated in Figure 3b, and participants could request pre-recorded audio prompts. This
setup simulated the type of support often provided to individuals with dyslexia [68]. In
the Dyslexia without support scenario, the same font was used, but no audio prompts were
available, thereby increasing the reading load.

(a) (b)

Figure 3. Example of instructions: (a) Control scenario; (b) Simulated dyslexia scenario.
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Prior to each session, participants were equipped with four sensors: a Polar OH1 heart
rate monitor on the left arm, an EcgMove 4 sensor attached to the chest with disposable
electrodes, an EdaMove 4 sensor on the non-dominant hand, and Tobii Pro Glasses 3 for
eye tracking. Once all devices were fitted and recording began, participants completed a
3-min baseline period in a resting state to stabilise physiological measurements. This was
followed by instructions and Test 1, after which participants took a 3-min break before
continuing to Test 2.

Environmental data (temperature, humidity, and noise) and the start/end times of each
test were also recorded and synchronised with all the other sensor signals for subsequent
analyses. In addition, scene videos recorded by the eye tracker were manually reviewed to
note precise moments when participants advanced from one instruction to the next.

4.3. Cognitive Load Assessment

HR, ECG, and HRV data were collected during baseline, Test 1, and Test 2 conditions.
HR and HRV signals were upsampled to match the ECG sampling rate (1024 Hz), ensuring
temporal alignment. Data from Tests 1 and 2 were normalised using baseline means,
constraining values within a range of 0–2 for consistent comparisons. ECG signals were
filtered with a 50 Hz notch filter, followed by a second-order low-pass Butterworth filter at
110 Hz and an additional low-pass filter at 0.05 Hz to remove residual noise. Concerning
the fuzzy process settings, the heart rate and ECG utilised five Gaussian membership
functions, while HRV employed a Pi-shaped function (low) and two Gaussian functions
(medium, high). Inputs were mapped onto three output levels, i.e., low, medium, and high,
representing the cognitive demand.

Pupil diameter (left and right) and gaze data (eye movement type and gaze duration)
were recorded at 100 Hz, eliminating the need for resampling. Data from Test 1 and
Test 2 were normalised against baseline means, scaling values between 1 (baseline) and
2 (high cognitive load), and assigning numerical values to fixation (2) and saccade (1)
events. Cognitive load was assessed using a fuzzy logic model with Gaussian membership
functions. Finally, a low-pass filter (0.05 Hz) was applied to the resulting signals (right eye
and left eye) to minimise high-frequency noise.

Three vectors (baseline, Test 1, and Test 2) were collected for EDA and filtered using a
second-order Butterworth low-pass filter at 1 Hz to reduce high-frequency noise. Following
the same procedure as for pupil diameter, test samples were normalised by dividing by
the baseline mean and scaled between 1 (baseline) and 2 (high cognitive load). A further
low-pass filter at 0.05 Hz was applied to retain relevant low-frequency variations. The
filtered signals were then input into the fuzzy logic system for cognitive load assessment.

Environmental parameters (temperature, humidity, and noise) were recorded for each
experimental session. Humidity was normalised by dividing by 100, placing values on
a 0–1 scale, while noise levels (“low”, “medium”, and “high”) were coded numerically
as 0, 0.5, and 1, respectively. These data were assessed via fuzzy logic: temperature was
represented using five Gaussian membership functions centred at 15 ◦C, 19 ◦C, 22 ◦C, 25 ◦C,
and 28 ◦C; humidity similarly used five functions centred at 0.1, 0.3, 0.5, 0.7, and 0.9; noise
levels were directly mapped to their numerical categories.

The values for the number of items and operations were normalised by dividing each
by the maximum observed value per test, and task difficulty was numerically mapped
to 0 (low), 0.5 (medium), or 1 (high). These normalised data served as inputs to a fuzzy
inference system, which assigned a cognitive load level to each task.

In the third layer, the Extraneous Demands integrate three inputs: Heart, Manufac-
turing Process, and Working Environment. The latter two were resampled to match
the 1024 Hz sampling rate of the Heart signal, and all inputs were normalized to a
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0–1 range. In this layer, three Gaussian membership functions were used, centred at
0.1 (low), 0.5 (medium), and 0.9 (high).

The other third-layer factor is Inconsistent Information Coding, which integrates Eye,
Electrical Activity, Manufacturing Process, and Working Environment signals. Eye data
(originally 100 Hz) were downsampled to 32 Hz to match the Electrical Activity frequency,
ensuring minimal loss of critical information due to the low-frequency content of the data.
The Manufacturing Process and Working Environment signals were similarly adapted.
All inputs were normalised within a 0–1 interval and processed through three Gaussian
membership functions centred at 0.1 (low), 0.5 (medium), and 0.9 (high), capturing the
progressive increase in cognitive load.

The fourth and final layer, Reading, integrates the outputs from Extraneous Demands
and Inconsistent Information Coding. To ensure temporal alignment, the Inconsistent
Information Coding data were resampled to match the Extraneous Demands frequency.
Once aligned, these inputs were processed through Gaussian membership functions centred
at 0.1 (low), 0.5 (medium), and 0.9 (high) cognitive loads.

5. Results and Discussion
Concerning the physiological variables, the violin plots illustrated in Figure 4 show

distinct physiological responses across the three scenarios, i.e., Control, Dyslexia with
support, and Dyslexia without support for Test 1 and Test 2, respectively.

  
(a) (b) 

  
(c) (d) 

  
(e) (f) 

Figure 4. Violin plots representing the distribution of raw physiological and eye-tracking data across
the three experimental conditions: Control (C), Dyslexia with support (D1), and Dyslexia without
support (D2). Each plot compares values collected during the two reading tasks: Test 1 (blue) and
Test 2 (orange). The figure includes the following: (a) heart rate; (b) ECG amplitude; (c) heart rate
variability (HRV); (d) electrodermal activity (EDA); (e) pupil diameter; and (f) fixation duration.
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The heart rate data (Figure 4a) show clear distinctions among groups, particularly be-
tween the Control and Dyslexia scenarios. The Control group consistently shows narrower
distributions with lower median values, indicating more stable physiological arousal. In
contrast, both Dyslexia groups exhibit broader distributions, suggesting greater variability
in heart rate responses. A slight increase in heart rate from Test 1 to Test 2 is evident across
all scenarios, particularly pronounced in the Dyslexia without support scenario.

For ECG measurements, shown in Figure 4b, while median values remain similar
across scenarios, the Dyslexia with support group displays a more pronounced variability
compared to Control and Dyslexia without support, particularly in Test 2. The Control
scenario remains the most consistent across both tests.

In the analysis of HRV (RMSSD) shown in Figure 4c, the Dyslexia without support
group distinctly differs from the other scenarios, showing a noticeably broader distri-
bution in Test 2, indicative of higher physiological variability or stress response. The
Control group displays the narrowest distribution across both tests, suggesting greater
physiological stability.

EDA data (Figure 4d) further highlight differences, with Dyslexia with support exhibit-
ing consistently elevated skin conductance levels across both tests, compared to the Control
and Dyslexia without support groups. Notably, variability increases markedly during Test
2, suggesting a possible increased cognitive or emotional load in the second session.

Analysis of pupil diameter distributions in Figure 4e reveals clear, consistent distinc-
tions among the three experimental scenarios. The Dyslexia without support group exhibits
an increased pupil diameter, reflected by higher median values and greater variability
compared to the Control and Dyslexia with support groups. This pattern is consistent
across both Test 1 and Test 2. Conversely, the Dyslexia with support and Control groups
show similar and consistently lower pupil diameters. Differences between Test 1 and Test 2
across scenarios are minimal, highlighting the stability of pupil dilation responses upon
task repetition.

Finally, the distributions for gaze event durations shown in Figure 4f demonstrate
highly consistent patterns across the three experimental scenarios (Control, Dyslexia with
support, and Dyslexia without support) as well as between Test 1 and Test 2. Median
fixation durations and variability remain comparable in all scenarios, indicating stable
visual processing characteristics regardless of the experimental scenario.

These results are presented for descriptive purposes only. No inferential statistical
analyses were performed due to the limited sample size and the exploratory nature of
the study. Therefore, differences observed across conditions should be interpreted as
preliminary trends rather than statistically validated effects.

5.1. Cognitive Load Results

In Figure 5, cognitive load is segmented by tasks (T) to track cognitive variations over
time and tasks. Blue vertical dashed lines indicate the start of each task (T1 to T11 for Test 1
and T1 to T12 for Test 2), while the red line represents the average cognitive load across the
entire session. The output is scaled in the [0–1] range, with values closer to 1 indicating
higher cognitive effort.

A comparison between the Dyslexia with support and Control scenarios reveals
significant differences in cognitive effort across tasks. Specifically, in the Dyslexia with
support scenario (Figure 5a), the cognitive load remains relatively stable throughout most
tasks, with a modest rise around Task T6. However, towards the later tasks (T9), there
is a slight rise in cognitive load, indicating a potential accumulation of effort despite
the support.
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(a) 

(b) 

Figure 5. Cognitive load levels for the Reading output for Participant 1 in (a) the Dyslexia with
support scenario and (b) the Control scenario.

In contrast, in the Control scenario (Figure 5b), cognitive load is more variable across
tasks but remains lower overall. Small peaks are observed, particularly between Tasks T3
and T5 and around T8, possibly due to task content or attention shifts.

Mean cognitive load is higher in the Dyslexia scenario (approximately 0.57) compared
to the Control scenario (approximately 0.50), indicating that reading with dyslexia requires
greater sustained effort, even when support is available.

The output of the reading dimension of CL from all participants was collected and
analysed by categorising the data into the three test scenarios. Specifically, the output of
the cognitive load signal of the Reading fuzzy output was segmented into the 12 tasks for
Test 1 and the 11 tasks for Test 2. Each output was segmented into distinct tasks to extract
the corresponding portion of the cognitive load for each task in each participant.

Figure 6 illustrates the variation in cognitive load across tasks and test scenarios.
Specifically, Figure 6a presents group-level means and standard deviations for each task
in Test 1, corresponding to the Control group, and the Dyslexia with and without support
conditions. Similarly, Figure 6b reports results for Test 2. Vertical black error bars represent
standard deviations, indicating intra-group variability. Task difficulty was categorised into
five levels, Low 1 (L1), Low 2 (L2), Medium 1 (M1), Medium 2 (M2), and High 1–2 (H1,
H2), and is displayed using horizontal blue bars annotated with the corresponding labels.

From the charts, it can be observed how cognitive load follows a similar trend across
scenarios, with fluctuations corresponding to varying task difficulty. However, notable
differences emerge in the magnitude of these fluctuations.

The cognitive load graphs reveal that, in Test 1 (Figure 6a), the Control scenario exhibits
a higher cognitive load than the Dyslexia without support scenario, which is counterin-
tuitive, as individuals with dyslexia typically face greater reading difficulties. A possible
explanation may be related to the relative ease of Test 1: if the test was not particularly
challenging, individuals with simulated dyslexia might have adopted compensatory strate-
gies that reduced their cognitive load, while the Control participants, being more proficient
readers, may have exerted additional effort to maintain high accuracy, increasing their
cognitive demand. This interpretation is supported by the standard deviation bars, which
show greater variability in the Control group compared to the Dyslexia conditions. This
suggests that cognitive effort in the Control scenario was less consistent across participants,
possibly reflecting individual differences in reading strategy or task engagement [70].
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(a)

(b)

Figure 6. Average cognitive load levels per task and test scenario (Control, Dyslexia with support,
and Dyslexia without support) for the Reading output in (a) Test 1 and (b) Test 2. Vertical black error
bars indicate the standard deviation. Task difficulty levels are shown as horizontal blue lines, labelled
from L1 (Low 1) to H2 (High 2).

In Test 2 (Figure 6b), the Dyslexia without support scenario consistently exhibits the
highest cognitive load, particularly in certain tasks where it diverges more sharply from the
other scenarios. This suggests that reading without assistance imposes greater cognitive
effort, leading to increased strain. The Dyslexia with support scenario remains closer to the
Control group, with reduced variability in cognitive load, indicating that assistance helps
stabilise effort and reduce peaks of strain. This is further reflected in the standard deviation
values, which remain lower in the Dyslexia conditions. Task 9 stands out as the most
cognitively demanding across all scenarios, as shown by sharp peaks. This suggests that
the nature of this specific task is inherently more challenging, regardless of the presence of
dyslexia or external support. Conversely, towards the final tasks, cognitive load tends to
decrease, potentially indicating adaptation to the task structure or a reduction in cognitive
effort required. The Dyslexia without support group exhibited a notable drop in cognitive
load between Tasks 7 and 8, despite the increase in task difficulty. This counterintuitive
trend suggests the presence of a give-up phenomenon [71], where participants, recognis-
ing the imminent time limit, disengaged from the task rather than continuing to exert
cognitive effort.

The completion rate graphs shown in Figure 7 further clarify these trends.
In Test 1 (Figure 7a), the Control group maintains a high completion rate throughout,

while a significant drop in participation occurs in the Dyslexia without support group,
particularly after Task 7, with only a small percentage completing the final tasks. The
Dyslexia with support group exhibits a more gradual decline, with a noticeable drop
starting at Task 9. In Test 2 (Figure 7b), the pattern is similar but with a steeper decline,
particularly in the Dyslexia without support group, where task completion decreases more
rapidly. Notably, in the Dyslexia without support group, no participant completed tasks
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beyond Task 8. This suggests that Test 2 was overall more challenging, leading to greater
dropout rates, especially in participants without reading assistance. The lower completion
rates in these groups align with the increased cognitive load observed in Test 2, as those
who struggled the most may have disengaged earlier. The fact that the Control group
had consistently higher completion rates, even in the later tasks, supports the idea that
cognitive load was not a barrier for them, whereas, for the Dyslexia without support group,
the increasing cognitive demands likely contributed to task abandonment.
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Figure 7. Participant completion rate through the experiment across the test scenarios (Control (C),
Dyslexia with support (D1), Dyslexia without support (D2)) for the Reading output in (a) Test 1 and
(b) Test 2.

5.2. Human–Robot Assistance Results

Building upon the prior analysis conducted across the three test scenarios, the CL
data of the Reading fuzzy output were further examined by categorising participants
based on the type of assistance received: Human Assistance and Robot Assistance. The
CL signals were segmented into individual tasks: 12 for Test 1 and 11 for Test 2. For
each task, the corresponding segment of the CL signal was extracted, and an average
value was computed, resulting in a set of task-specific cognitive load values for each
participant. Participants within the same assistance condition were then aggregated, and
their task-specific average values were further averaged across individuals. The resulting
charts, presented in Figure 8, illustrate how cognitive load varies across tasks depending
on the type of assistance provided. Specifically, Figure 8a presents group-level means and
standard deviations for each task in Test 1, corresponding to the Human Assistance and the
Robot Assistance conditions. Similarly, Figure 8b reports results for Test 2. Vertical black
error bars indicate the standard deviation, reflecting intra-group variability. Task difficulty
was categorised into five levels, Low 1 (L1), Low 2 (L2), Medium 1 (M1), Medium 2 (M2),
and High 1–2 (H1, H2), and is displayed using horizontal blue bars annotated with the
corresponding labels.

Across both tests, participants supported by Human Assistance consistently exhibited
higher CL levels compared to those assisted by a robot. In Test 1 (Figure 8a), this difference
is particularly evident: the Human Assistance condition is associated with elevated CL
levels across nearly all tasks, independent of task difficulty. Peaks in cognitive load are
observed at Task 6 and Task 9, corresponding to the highest task difficulties; however,
even during less demanding tasks, participants assisted by a human demonstrated higher
cognitive load relative to those assisted by a robot. Standard deviation bars indicate greater
variability in cognitive load within the Human Assistance condition across most tasks.
This suggests that participants receiving human support exhibited more heterogeneous
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responses, possibly due to differing interpretations or interactions with the support pro-
vided. In contrast, Robot Assistance is associated with lower variability, reflecting a more
consistent cognitive experience.

(a)

(b)

Figure 8. Average cognitive load levels per task and assistance conditions (Human, Robot) for the
Reading output in (a) Test 1 and (b) Test 2. Vertical black error bars indicate the standard deviation.
Task difficulty levels are shown as horizontal blue lines, labelled from L1 (Low 1) to H2 (High 2).

In Test 2 (Figure 8b), the trends of Human and Robot Assistance appear relatively
aligned between tasks Task 1 and Task 5, both following the increase in task difficulty.
However, from Task 6 onwards, a clear divergence emerges: Human Assistance CL levels
progressively increase, while Robot Assistance CL levels remain comparatively stable.
This indicates that, while both assistance modalities initially responded similarly to task
complexity, human-assisted participants experienced a growing cognitive burden in the
later stages of the test, whereas robot-assisted participants maintained lower and more
consistent cognitive load levels. In Figure 8b, the standard deviation bars reveal that, unlike
in Test 1, the Robot Assistance condition displays greater intra-group variability across
several tasks. This suggests that, while robot-assisted participants maintained a lower
average cognitive load, their individual responses were more dispersed. In contrast, the
Human Assistance group exhibited more consistent levels of cognitive load, with smaller
deviations from the mean values.

6. Conclusions
The present study proposed a methodology to assess cognitive load utilising physi-

ological variables such as HR, ECG, HRV, EDA, and eye-related parameters, along with
working environment and process-related variables. A fuzzy logic-based data analysis was
adopted to estimate and detect variations in cognitive load across different assembly task
scenarios. The results clearly indicated that participants with simulated dyslexia without
support experienced higher cognitive load compared to scenarios in which assistance was
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provided, for higher task difficulty conditions. For relatively easy assembly tasks, the Con-
trol group showed unexpectedly higher cognitive load, possibly due to increased effort to
maintain performance. Completion rates reflected these trends, with the Dyslexia without
support group showing the steepest decline, particularly in more challenging scenarios.
Additionally, participants assisted by a robot exhibited lower and more stable cognitive
load compared to those supported by a human, suggesting that Robot Assistance may
reduce cognitive demands across tasks.

Experimental test results emphasise the value of introducing personalised support
within industrial settings to decrease cognitive stress and potentially improve the working
efficiency of neurodiverse operators. Practical adaptations, such as assistive technologies
including digital instructions and multimodal corrective guidelines, could meaningfully
reduce mental workload, fostering a more inclusive and accessible environment.

Nevertheless, this study has certain limitations. The number of participants was
defined in accordance with the constraints set by the ethical approval. Although the small
sample size limits statistical generalisability and increases sensitivity to inter-individual
differences in physiological signals, this study was designed as a methodological proof-
of-concept. The main objective was to evaluate the feasibility of a multi-layer fuzzy logic
framework for cognitive load estimation in inclusive manufacturing contexts. Furthermore,
the use of a counterbalanced within-subject design helped mitigate order effects and
improve the internal consistency of the results. Additionally, the precise replication of the
experimental conditions in different industrial environments could pose challenges due
to variability in equipment, sensor positioning, and individual physiological baselines.
Furthermore, the use of neurotypical participants in a simulated dyslexia scenario reduces
the ecological validity of the findings. The participation of neurodiverse individuals in
experimental tests is, however, highly regulated, with ethical and institutional constraints
making their direct involvement particularly challenging, especially in exploratory studies.
State-of-the-art literature supports the use of simulated dyslexia conditions as a valid
preliminary method to investigate cognitive load and evaluate support strategies under
controlled settings, as detailed in Section 4.2. Additionally, the assembly task under
investigation was purely manual; therefore, it was not possible to assess cognitive load
related to the use of tools, which may play a significant role in real-world scenarios.

Future studies should involve larger, more diverse samples to enhance external validity
and include participants with actual neurodivergent conditions to improve ecological
validity. Exploring more complex, tool-based manufacturing tasks and longer durations
would better reflect real industrial settings. Finally, the development of adaptive real-time
monitoring systems could support the dynamic management of cognitive load, promoting
more inclusive and responsive workplaces.
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12. Rollnik-Sadowska, E.; Grabińska, V. Managing Neurodiversity in Workplaces: A Review and Future Research Agenda for

Sustainable Human Resource Management. Sustainability 2024, 16, 6594. [CrossRef]
13. Silver, E.R.; Nittrouer, C.L.; Hebl, M.R. Beyond the Business Case: Universally Designing the Workplace for Neurodiversity and

Inclusion. Ind. Organ. Psychol. 2023, 16, 45–49. [CrossRef]
14. Zakeri, Z.; Arif, A.; Omurtag, A.; Breedon, P.; Khalid, A. Multimodal Assessment of Cognitive Workload Using Neural, Subjective

and Behavioural Measures in Smart Factory Settings. Sensors 2023, 23, 8926. [CrossRef]
15. Paliga, M. The Relationships of Human-Cobot Interaction Fluency with Job Performance and Job Satisfaction among Cobot

Operators—The Moderating Role of Workload. Int. J. Environ. Res. Public Health 2023, 20, 5111. [CrossRef]
16. Al Fawwaz, A.; Rahma, O.N.; Ain, K.; Ittaqillah, S.I.; Chai, R. Measurement of Mental Workload Using Heart Rate Variability and

Electrodermal Activity. IEEE Access 2024, 12, 197589–197601. [CrossRef]
17. Delliaux, S.; Delaforge, A.; Deharo, J.-C.; Chaumet, G. Mental Workload Alters Heart Rate Variability, Lowering Non-Linear

Dynamics. Front. Physiol. 2019, 10, 565. [CrossRef]
18. Schaich, C.L.; Malaver, D.; Chen, H.; Shaltout, H.A.; Zeki Al Hazzouri, A.; Herrington, D.M.; Hughes, T.M. Association of Heart

Rate Variability With Cognitive Performance: The Multi-Ethnic Study of Atherosclerosis. J. Am. Heart Assoc. 2020, 9, e013827.
[CrossRef] [PubMed]

19. Nicolini, P.; Malfatto, G.; Lucchi, T. Heart Rate Variability and Cognition: A Narrative Systematic Review of Longitudinal Studies.
J. Clin. Med. 2024, 13, 280. [CrossRef] [PubMed]

20. Posada-Quintero, H.F.; Chon, K.H. Innovations in Electrodermal Activity Data Collection and Signal Processing: A Systematic
Review. Sensors 2020, 20, 479. [CrossRef]

21. Shukla, J.; Barreda-Angeles, M.; Oliver, J.; Nandi, G.C.; Puig, D. Feature Extraction and Selection for Emotion Recognition from
Electrodermal Activity. IEEE Trans. Affect. Comput. 2021, 12, 857–869. [CrossRef]

22. Kyriakou, K.; Resch, B.; Sagl, G.; Petutschnig, A.; Werner, C.; Niederseer, D.; Liedlgruber, M.; Wilhelm, F.; Osborne, T.; Pykett, J.
Detecting Moments of Stress from Measurements of Wearable Physiological Sensors. Sensors 2019, 19, 3805. [CrossRef]

23. Krebl, M.; Podlesek, A.; Geršak, G. A Study of Baseline in Psychophysiological Experiments. In Proceedings of the 8th European
Medical and Biological Engineering Conference, Portorož, Slovenia, 29 November–3 December 2020; pp. 45–50.

24. Skaramagkas, V.; Giannakakis, G.; Ktistakis, E.; Manousos, D.; Karatzanis, I.; Tachos, N.; Tripoliti, E.; Marias, K.; Fotiadis, D.I.;
Tsiknakis, M. Review of Eye Tracking Metrics Involved in Emotional and Cognitive Processes. IEEE Rev. Biomed. Eng. 2023, 16,
260–277. [CrossRef] [PubMed]

25. Qu, H.; Gao, X.; Pang, L. Classification of Mental Workload Based on Multiple Features of ECG Signals. Inform. Med. Unlocked
2021, 24, 100575. [CrossRef]

26. Debie, E.; Fernandez Rojas, R.; Fidock, J.; Barlow, M.; Kasmarik, K.; Anavatti, S.; Garratt, M.; Abbass, H.A. Multimodal Fusion for
Objective Assessment of Cognitive Workload: A Review. IEEE Trans. Cybern. 2021, 51, 1542–1555. [CrossRef] [PubMed]

https://doi.org/10.1177/1042258719890986
https://doi.org/10.33423/jop.v24i4.7481
https://doi.org/10.1093/occmed/kqac142
https://www.ncbi.nlm.nih.gov/pubmed/36920347
https://doi.org/10.1093/bmb/ldaa021
https://doi.org/10.1108/EDI-11-2018-0218
https://doi.org/10.1016/j.neuron.2016.11.020
https://www.ncbi.nlm.nih.gov/pubmed/28009278
https://doi.org/10.1002/hrm.22261
https://doi.org/10.61838/kman.prien.2.4.1
https://doi.org/10.1177/27546330231187565
https://doi.org/10.3390/su16156594
https://doi.org/10.1017/iop.2022.99
https://doi.org/10.3390/s23218926
https://doi.org/10.3390/ijerph20065111
https://doi.org/10.1109/ACCESS.2024.3521649
https://doi.org/10.3389/fphys.2019.00565
https://doi.org/10.1161/JAHA.119.013827
https://www.ncbi.nlm.nih.gov/pubmed/32200711
https://doi.org/10.3390/jcm13010280
https://www.ncbi.nlm.nih.gov/pubmed/38202287
https://doi.org/10.3390/s20020479
https://doi.org/10.1109/TAFFC.2019.2901673
https://doi.org/10.3390/s19173805
https://doi.org/10.1109/RBME.2021.3066072
https://www.ncbi.nlm.nih.gov/pubmed/33729950
https://doi.org/10.1016/j.imu.2021.100575
https://doi.org/10.1109/TCYB.2019.2939399
https://www.ncbi.nlm.nih.gov/pubmed/31545761


Sensors 2025, 25, 3356 22 of 23

27. Affanni, A. Wireless Sensors System for Stress Detection by Means of ECG and EDA Acquisition. Sensors 2020, 20, 2026. [CrossRef]
28. Bussolan, A.; Baraldo, S.; Gambardella, L.M.; Valente, A. Multimodal Fusion Stress Detector for Enhanced Human-Robot

Collaboration in Industrial Assembly Tasks. In Proceedings of the 2024 33rd IEEE International Conference on Robot and Human
Interactive Communication (ROMAN), Pasadena, CA, USA, 26–30 August 2024; IEEE: Piscataway, NJ, USA, 2024; pp. 978–984.

29. Ayres, P.; Lee, J.Y.; Paas, F.; van Merriënboer, J.J.G. The Validity of Physiological Measures to Identify Differences in Intrinsic
Cognitive Load. Front. Psychol. 2021, 12, 702538. [CrossRef]

30. Vanneste, P.; Raes, A.; Morton, J.; Bombeke, K.; Van Acker, B.B.; Larmuseau, C.; Depaepe, F.; Van den Noortgate, W. Towards
Measuring Cognitive Load through Multimodal Physiological Data. Cogn. Technol. Work. 2021, 23, 567–585. [CrossRef]

31. Ma, X.; Monfared, R.; Grant, R.; Goh, Y.M. Determining Cognitive Workload Using Physiological Measurements: Pupillometry
and Heart-Rate Variability. Sensors 2024, 24, 2010. [CrossRef]

32. Liu, Y.; Yu, Y.; Tao, H.; Ye, Z.; Wang, S.; Li, H.; Hu, D.; Zhou, Z.; Zeng, L.-L. Cognitive Load Prediction from Multimodal
Physiological Signals Using Multiview Learning. IEEE J. Biomed. Health Inform. 2023, 29, 3282–3292. [CrossRef]

33. Kuttala, R.; Subramanian, R.; Oruganti, V.R.M. Multimodal Hierarchical CNN Feature Fusion for Stress Detection. IEEE Access
2023, 11, 6867–6878. [CrossRef]

34. Gualtieri, L.; Fraboni, F.; De Marchi, M.; Rauch, E. Development and Evaluation of Design Guidelines for Cognitive Ergonomics
in Human-Robot Collaborative Assembly Systems. Appl. Ergon. 2022, 104, 103807. [CrossRef]

35. Rajavenkatanarayanan, A.; Nambiappan, H.R.; Kyrarini, M.; Makedon, F. Towards a Real-Time Cognitive Load Assessment
System for Industrial Human-Robot Cooperation. In Proceedings of the 2020 29th IEEE International Conference on Robot and
Human Interactive Communication (RO-MAN), Naples, Italy, 31 August–4 September 2020; IEEE: Piscataway, NJ, USA, 2020;
pp. 698–705.

36. Wang, C.; Li, X.; Huang, J.; Zhao, P.; Wang, M.; Zhuang, G.; Sun, X. A Framework for Cognitive Load Recognition Based on
Machine Learning and Multimodal Physiological Signals by Wearable Sensors. In Proceedings of the 2023 IEEE 4th International
Conference on Pattern Recognition and Machine Learning (PRML), Urumqi, China, 4–6 August 2023; IEEE: Piscataway, NJ, USA,
2023; pp. 299–306.

37. Guo, H.; Wu, B.; Li, Q.; Ding, Z.; Jiang, F.; Yi, C. Investigating the Impact of Cognitive Load on Human Trust in Hybrid
Human-Robot Collaboration. Preprint 2024.

38. Hopko, S.K.; Mehta, R.K.; Pagilla, P.R. Physiological and Perceptual Consequences of Trust in Collaborative Robots: An Empirical
Investigation of Human and Robot Factors. Appl. Ergon. 2023, 106, 103863. [CrossRef]

39. Safari, M.; Shalbaf, R.; Bagherzadeh, S.; Shalbaf, A. Classification of Mental Workload Using Brain Connectivity and Machine
Learning on Electroencephalogram Data. Sci. Rep. 2024, 14, 9153. [CrossRef] [PubMed]

40. Wang, Q.; Smythe, D.; Cao, J.; Hu, Z.; Proctor, K.J.; Owens, A.P.; Zhao, Y. Characterisation of Cognitive Load Using Machine
Learning Classifiers of Electroencephalogram Data. Sensors 2023, 23, 8528. [CrossRef] [PubMed]

41. Afzal, M.A.; Gu, Z.; Bukhari, S.U.; Afzal, B. Brainwaves in the Cloud: Cognitive Workload Monitoring Using Deep Gated Neural
Network and Industrial Internet of Things. Appl. Sci. 2024, 14, 5830. [CrossRef]

42. Fan, Y.; Antonelli, D.; Simeone, A.; Bao, N. Intelligent Robot Assistants for the Integration of Neurodiverse Operators in
Manufacturing Industry. Procedia CIRP 2024, 126, 236–241. [CrossRef]

43. Dai, X.; Vitrano, G. Evaluating Mental Workload Measures in Human-Robot Collaborative Assembly. In Proceedings of the
2024 IEEE International Conference on Industrial Engineering and Engineering Management (IEEM), Bangkok, Thailand,
15–18 December 2024; IEEE: Piscataway, NJ, USA, 2024; pp. 1059–1063.

44. Biondi, F.N.; Cacanindin, A.; Douglas, C.; Cort, J. Overloaded and at Work: Investigating the Effect of Cognitive Workload on
Assembly Task Performance. Hum. Factors J. Hum. Factors Ergon. Soc. 2021, 63, 813–820. [CrossRef]

45. Simeone, A.; Fan, Y.; Antonelli, D.; Catalano, A.R.; Priarone, P.C.; Settineri, L. Inclusive Manufacturing: A Contribution to
Assembly Processes with Human-Machine Reciprocal Learning. CIRP Ann. 2024, 73, 5–8. [CrossRef]

46. Liu, J.-C.; Li, K.-A.; Yeh, S.-L.; Chien, S.-Y. Assessing Perceptual Load and Cognitive Load by Fixation-Related Information of Eye
Movements. Sensors 2022, 22, 1187. [CrossRef]

47. Hossain, M.-B.; Kong, Y.; Posada-Quintero, H.F.; Chon, K.H. Comparison of Electrodermal Activity from Multiple Body Locations
Based on Standard EDA Indices’ Quality and Robustness against Motion Artifact. Sensors 2022, 22, 3177. [CrossRef] [PubMed]

48. Ansori, N.; Pratama, F.R.A.; Agustina, F.; Utami, I.D.; Widiaswanti, E.; Annisa, R. Compromise Parameters of Temperature, Light,
and Noise in Confined Spaces on Work Duration and Number of Errors. In Proceedings of the The 8th Mechanical Engineering,
Science and Technology International Conference, Perlis, Malaysia, 11–12 December 2024; MDPI: Basel, Switzerland, 2025; p. 4.

49. Alessa, F.M.; Alhaag, M.H.; Al-harkan, I.M.; Nasr, M.M.; Kaid, H.; Hammami, N. Evaluating Physical Stress across Task Difficulty
Levels in Augmented Reality-Assisted Industrial Maintenance. Appl. Sci. 2023, 14, 363. [CrossRef]

50. Oppelt, M.P.; Foltyn, A.; Deuschel, J.; Lang, N.R.; Holzer, N.; Eskofier, B.M.; Yang, S.H. ADABase: A Multimodal Dataset for
Cognitive Load Estimation. Sensors 2022, 23, 340. [CrossRef]

https://doi.org/10.3390/s20072026
https://doi.org/10.3389/fpsyg.2021.702538
https://doi.org/10.1007/s10111-020-00641-0
https://doi.org/10.3390/s24062010
https://doi.org/10.1109/JBHI.2023.3346205
https://doi.org/10.1109/ACCESS.2023.3237545
https://doi.org/10.1016/j.apergo.2022.103807
https://doi.org/10.1016/j.apergo.2022.103863
https://doi.org/10.1038/s41598-024-59652-w
https://www.ncbi.nlm.nih.gov/pubmed/38644365
https://doi.org/10.3390/s23208528
https://www.ncbi.nlm.nih.gov/pubmed/37896621
https://doi.org/10.3390/app14135830
https://doi.org/10.1016/j.procir.2024.08.332
https://doi.org/10.1177/0018720820929928
https://doi.org/10.1016/j.cirp.2024.03.005
https://doi.org/10.3390/s22031187
https://doi.org/10.3390/s22093177
https://www.ncbi.nlm.nih.gov/pubmed/35590866
https://doi.org/10.3390/app14010363
https://doi.org/10.3390/s23010340


Sensors 2025, 25, 3356 23 of 23

51. Mahajan, R.; Bansal, D. Identification of Heart Beat Abnormality Using Heart Rate and Power Spectral Analysis of ECG. In
Proceedings of the 2015 International Conference on Soft Computing Techniques and Implementations (ICSCTI), Faridabad,
India, 8–10 October 2015; IEEE: Piscataway, NJ, USA, 2015; pp. 131–135.

52. Pretty, E.J.; Guarese, R.; Dziego, C.A.; Fayek, H.M.; Zambetta, F. Multimodal Measurement of Cognitive Load in a Video Game
Context: A Comparative Study Between Subjective and Objective Metrics. IEEE Trans. Games 2024, 16, 854–867. [CrossRef]

53. Gabr, W.; Dorrah, H.T. New Fuzzy Logic-Based Arithmetic and Visual Representations for Systems’ Modelling and Optimization.
In Proceedings of the 2008 IEEE International Conference on Robotics and Biomimetics, Bangkok, Thailand, 21–26 February 2009;
IEEE: Piscataway, NJ, USA, 2009; pp. 715–722.

54. Arutyunova, K.R.; Bakhchina, A.V.; Konovalov, D.I.; Margaryan, M.; Filimonov, A.V.; Shishalov, I.S. Heart Rate Dynamics for
Cognitive Load Estimation in a Driving Simulation Task. Sci. Rep. 2024, 14, 31656. [CrossRef]

55. Krejtz, K.; Duchowski, A.T.; Niedzielska, A.; Biele, C.; Krejtz, I. Eye Tracking Cognitive Load Using Pupil Diameter and
Microsaccades with Fixed Gaze. PLoS ONE 2018, 13, e0203629. [CrossRef]

56. Rahma, O.N.; Putra, A.P.; Rahmatillah, A.; Putri, Y.S.K.A.; Fajriaty, N.D.; Ain, K.; Chai, R. Electrodermal Activity for Measuring
Cognitive and Emotional Stress Level. J. Med. Signals Sens. 2022, 12, 155–162. [CrossRef]

57. Thorvald, P.; Lindblom, J.; Andreasson, R. On the Development of a Method for Cognitive Load Assessment in Manufacturing.
Robot. Comput. Integr. Manuf. 2019, 59, 252–266. [CrossRef]

58. Taylor, L.; Watkins, S.L.; Marshall, H.; Dascombe, B.J.; Foster, J. The Impact of Different Environmental Conditions on Cognitive
Function: A Focused Review. Front. Physiol. 2016, 6, 372. [CrossRef]

59. Simeone, A.; Grant, R.; Ye, W.; Caggiano, A. A Human-Cyber-Physical System for Operator 5.0 Smart Risk Assessment. Int. J.
Adv. Manuf. Technol. 2023, 129, 2763–2782. [CrossRef]

60. Galy, E.; Cariou, M.; Mélan, C. What Is the Relationship between Mental Workload Factors and Cognitive Load Types? Int. J.
Psychophysiol. 2012, 83, 269–275. [CrossRef] [PubMed]

61. Karmakar, S.; Koley, C.; Sinha, A.; Saha, S.K.; Pal, T. Fuzzy Rule-Based Approach Towards Cognitive Load Measurement During
Mental Task Using FNIRS. In Proceedings of the Pattern Recognition and Machine Intelligence, Kolkata, India, 12–15 December
2023; pp. 577–586.

62. Chen, S.; Anwar, U.; Kirton-Wingate, J.; Doctor, F.; Hussain, A.; Zhou, T.; Anwary, A.; Dashtipour, K.K.; Gogate, M.; Hou,
J.-C.; et al. Mobile Phone-Based Speech Enhancement Using Cognitive Load and Fuzzy Reasoning for Normal and Hearing-
Impaired Users. In Proceedings of the 3rd COG-MHEAR Workshop on Audio-Visual Speech Enhancement (AVSEC), Kos, Greece,
1 September 2024; ISCA: Sydney, Australia, 2024; pp. 56–60.

63. Aarif, M.; Anjum, A.; Sharma, T.; Arikrishnan, A.; Rao, V.S.; Balakumar, A. Implementing Fuzzy Logic in Cognitive Sensor
Networks for Environmental Monitoring. In Proceedings of the 2024 Third International Conference on Electrical, Electronics,
Information and Communication Technologies (ICEEICT), Trichirappalli, India, 24–26 July 2024; IEEE: Piscataway, NJ, USA, 2024;
pp. 1–6.

64. Snowling, M.J.; Hulme, C.; Nation, K. Defining and Understanding Dyslexia: Past, Present and Future. Oxf. Rev. Educ. 2020, 46,
501–513. [CrossRef] [PubMed]

65. Kizilaslan, A.; Tunagür, M. Dyslexia and Working Memory: Understanding Reading Comprehension and High Level Language
Skills in Students with Dyslexia. Kastamonu Eğitim Derg. 2021, 29, 941–952. [CrossRef]
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