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ARTICLE INFO ABSTRACT 

 The growing pace of digitally augmented technology adoption such as augmented 
reality (AR), virtual reality (VR), digital twins, and collaborative robotics have 
transformed the contemporary manufacturing ecosystem to form a setting where 
human cognition and digital intelligence continuously interact. This review 
explores the connection between cognitive load and worker performance in 
digitally augmented manufacturing environments (DAMEs), summarizing 
findings on the topic of cognitive psychology, neuroergonomics, and human-
machine interaction studies. The results prove that digital augmentation, 
designed with ergonomic accuracy and adaptive intelligence, could decrease the 
amount of extraneous mental activity by as much as 30 per cent, producing 
quantifiable effectiveness in task accuracy, throughput time, safety and 
situational awareness. Mental workload on the other hand can be increased by 
poor interface design, information overload, and latency in system feedback 
leading to fatigue, stress and deterioration of the quality of decision. The review 
combines both the empirical evidence and theoretical models that emphasize the 
mediating effect of cognitive load between the design of digital systems and their 
operational performance and well-being. It determines significant gaps in 
adaptive workload and multimodal measurement integration and ethical data 
management throughout augmented manufacturing systems. The paper 
concludes that human-centred, cognitively sustainable design relying on the 
assistance of artificial intelligence and biosensing technologies that can maintain 
workloads in real-time is the way to move forward. The alignment will help bring 
the Industry 5.0 vision of intelligent, empathic, and human-aligned 
manufacturing environments that are productive and cognitively healthy. 
 
Keywords: Cognitive Load, Digitally Augmented Manufacturing; Human–
Robot Collaboration, Augmented Reality, Human-Centred Design, Industry 5.0 

 
1. Introduction 

 
Digitization of manufacturing has moved beyond Industry 4.0, which is focused on automation, to Industry 
5.0, which is focused on people, resilience, sustainability, and well-being of workers. Digitally augmented 
environments (DAEs) that combine augmented and mixed reality (AR/MR), wearables, collaborative robots 
(cobots), data-driven assistance, and digital twins mediate almost all aspects of human-machine interaction at 
the shop floor in this evolution. Although the initial studies on human-robot interaction (HRI) reported 
technical advances and applications in the field of collaborative robotics, it also revealed the importance of 
human factors as systems became more complex (Hentout et al., 2019). Recent surveys note that contemporary 
industrial settings demand methodical procedures for safety, transparency, and interaction design to 
guarantee effective collective activity between human beings and smart systems (Rodriguez-Guerra et al., 
2021). In this wider transformation, bi-directional, high-fidelity digital twins linking the cyber and physical 
worlds are emerging as the connective tissue of Industry 5.0 ecosystems. As highlighted by Modoni and Sacco 
(2023), such human-digital-twin frameworks can offer contextual guidance, predictive support, and 
continuous learning centered on the human operator. 
According to Loizaga et al. (2023), achieving the human-centric vision of Industry 5.0 requires a deeper and 
more measurable understanding of human factors, particularly within complex, data-intensive workplace 
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environments. Within the framework of Industry 5.0, Khosravy et al. (2023) describe the human operator as 
a knowledge-intensive decision-maker embedded in a socio-technical system enriched by artificial intelligence, 
advanced analytics, and immersive human–machine interfaces. The cognitive load is one of the perspectives 
that is prefigured: once work instructions, robot actions, sensor notifications, and quality data collide at the 
point of operation, operators have to perceive, interpret, and act on thick streams of information that may be 
time-constrained and have a safety-critical impact. When information presentation, timing or modality are not 
compatible with human cognitive abilities, even when underlying automation is enhanced, DAEs may 
unwillingly increase mental workload, impair situational awareness, and promote errors (Kadir et al., 2019; 
Rodriguez-Guerra et al., 2021). 
The literature on Operator 4.0 and human-centric digital transformation highlights the fact that the 
augmentations must be accommodating to the human being and not the other way round. Explainability of AI 
support, real-time personalization, and ergonomic interface design are recurrently found as requirements of 
stable human operations in high-variability operations (Wanasinghe et al., 2021). It is from this perspective 
that cognitive manufacturing suggests design principles that directly aim to reduce extraneous cognitive load 
by information curation, modality optimization, and context-sensitive assistance (Carvalho et al., 2020). The 
practical implication here is that DAEs should be designed to not only accommodate throughput, but also to 
accommodate cognitive fit the extent to which task requirements, information properties and operator 
capabilities fit moment-to-moment. 
This issue is especially brought to the fore with the emergence of new paradigms in proactive human-robot 
cooperation. Instead of reacting to operator commands, collaborative systems are becoming more anticipatory, 
redistribute subtasks, adjusting robot behavior, and changing the granularity of instructions in real time (Li et 
al., 2021). Although this kind of proactivity may help to lower the costs of search and decision, it may also cause 
coordination overhead when system adaptations are not timed well or are not legible enough to the operator. 
To elucidate the time, place, and method of adaptive DAEs reducing intrinsic or extraneous load and when 
they unwittingly increase it, it is necessary to combine workload theory with instrumentation (e.g., eye 
tracking, HRV, EEG), interaction logs, and performance measures. This combination is the key to the 
transition to causal statements about the influence of digital augmentation on attention, memory, and action 
choice within the framework of actual production limitations instead of anecdotal descriptions of AR as a 
speed-enhancing tool or cobots as a strain-reducing device (Kadir et al., 2019; Li et al., 2021). 
Digital twins present an encouraging framework on which this integration can be done. Twin-driven 
ecosystems can coordinate assistance policy to actual human state efforts (e.g. inferred workload or intent) to 
machine and process states via synchronous state estimates (viz. staggering alerts); visual overlays can be 
simplified, Just-In-time micro training can be provided based on what the system predicts will affect cognition 
(Modoni & Sacco, 2023). However, according to the latest reviews, the quantification and definition of human 
factors in such ecosystems are still disjointed, and lack standardized procedures, cross-study external validity, 
and ethical treatment of the biosensed data (Loizaga et al., 2023). Such loopholes make benchmarking difficult 
and sluggish in translating laboratory results into practical and scalable support plans. 
The issue that is covered by this review is two-fold. First, DAEs may exceed cognitive loads by increasing the 
density of information, multi-tasking, and time-pressured decisions, and therefore may lead to accuracy, 
speed, and safety losses. Second, the evidence base used to inform the design of DAE is not evenly distributed, 
as it encompasses divergent measurement traditions and domain settings that cannot be easily synthesized 
and provide practical advice. Previous HRI and Industry 4.0/5.0 surveys have already surveyed the ground 
and identified a sense of urgency in human-centred design (Hentout et al., 2019; Kadir et al., 2019; Rodriguez-
Guerra et al., 2021; Modoni & Sacco, 2023), and Operator 4.0 and human-AI symbiosis work has already 
defined strategic goals in augmentation and shared agency (Wanasinghe et al., 2021) the only thing that is not 
yet developed is a more integrated account that would connect the mechanisms of cognitive load with visible 
performance effects in actual or close-to-actual manufacturing conditions, and the design levers would be well 
listed to provide the practitioners. 
The importance of this problem solution is great. The manufacturing systems are inclined to high mix-low 
volume, mass customization and constant changeovers all of which increase cognitive loads on the frontline 
workers. The mismanagement of mental workload not only decreases the level of comfort, but it also decreases 
the process capability, quality, and safety margins and may lead to a reduction in the trust in automation 
eventually weakening the payoff of investing in sophisticated technologies (Rodriguez-Guerra et al., 2021; 
Kadir et al., 2019). Properly designed DAEs reducing extraneous load, scaffolding germane processing and 
calibration of automation transparency have the potential to enhance throughput and first-time-right quality 
in addition to supporting worker autonomy and well-being pillars of Industry 5.0 (Modoni & Sacco, 2023; 
Loizaga et al., 2023; Khosravy et al., 2023). 
This review aims to elaborate on the interdependent data regarding cognitive load and workforce performance 
in digitally enhanced manufacturing: AR/MR direction, collaborative robotics, and digitally judged support 
technologies. In particular, we (a) specify the ways DAEs change task needs and information ecology; (b) 
structure the workload measures and instruments applicable to the production settings, (c) relate 
performance, safety, and learning outcomes to the load profiles, and (d) describe (in surface design) the 
principles of proactive and human-centered collaboration and thoughtful manufacturing. The review will offer 
a decision framework to be considered by the researcher and practitioners to create DAEs that maximize 
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cognitive load and boost human performance to build the human-centred vision that delineates the next 
generation of smart factories. Figure 1 depicts that cognitive load is a mediating factor between human 
cognition and digital augmentation and performance outcomes. 
 

 
Figure 1: Conceptual framework of cognitive load and worker performance in digitally 

augmented manufacturing environments 
 

2. Theoretical Foundations 
 
To provide a theoretical foundation of cognitive load and worker performance in digitally augmented 
manufacturing settings, it is necessary to combine the conceptualizations of Cognitive Load Theory (CLT), 
human-technology interaction (HTI), and human factors engineering. The combination of these views can be 
used to describe the role of digital augmentation technologies in the interaction with human cognitive abilities 
that determine efficiency, accuracy, and well-being in the present-day manufacturing environments. 
 
2.1 Cognitive Load Theory (CLT) 
According to Cognitive Load Theory, the human working memory is limited in terms of receiving information, 
and that instructional or system design should be in accordance with the limitations to maximise performance 
(Hart, 2006). There are three types of loads identified by CLT: intrinsic load, which is determined by the 
complexity of the task in itself; extraneous load, which is caused by the bad design of interfaces or instructions; 
and germane load, which is linked to the mental processes that contribute to learning or acquisition of skills. 
In digitally augmented manufacturing, the balance of such load is vital because the workers often work with 
AR overlays, real-time data, and intelligent systems at the same time (Grier, 2015). 
The subjective workload in the domains has been long assessed by using the traditional CLT measures like the 
NASA Task Load Index (NASA-TLX) (Hart, 2006). Its strength and sensitivity were demonstrated by a meta-
analysis conducted by Grier (2015), which confirmed the fact that NASA-TLX is a gold standard of multi-
dimensional workload assessment. Recent advances in cognitive workload assessment, as reviewed by Kosch 
et al. (2023), highlight that automated measurement techniques including those integrated into XR-based 
systems now enable real-time and unobtrusive tracking of workload during augmented reality (AR) and mixed 
reality (MR) tasks. The adaptations are especially applicable in the manufacturing context where dynamic 
stimuli and multitasking bring the cognitive requirements beyond the conventional industrial parameters. 
 
2.2 Human–Technology Interaction and Cognitive Ergonomics 
The emergence of digitally augmented work systems has led to a paradigm shift in human-machine interaction 
to human-technology systems, where cognition is spread among people, digital objects, and processes based 
on data (Eremenko & Zalata, 2020). The practice of cognitive ergonomics in immersive or hybrid interfaces is 
that digital information in the form of visual, auditory, or haptic information should not overwhelm the 
attention and memory but complement them. The human-in-the-loop digital twin architecture, which can be 
explained, such as real-time cognitive state estimation, is used to adjust machine feedback and decrease 
overload (Zhang et al., 2022). 
The cognitive reactions of human beings in such ecosystems can be more quantified with the help of 
psychophysiological and behavioral parameters including eye-tracking measures, EEG records, and changes 
in heart rate (Wierzbicki & Plechawska-Wójcik 2022; Torku et al., 2022). These objective tests are used to 
complement subjective instruments such as NASA-TLX, which form hybrid assessment procedures that 
improve accuracy and situational relatability (Matthews et al., 2020). Wierzbicki and Plechawska-Wójcik 
(2022) demonstrated that combining eye-tracking activity with workload indicators can substantially improve 
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the prediction of cognitive strain, suggesting that similar approaches could be effectively applied to forecast 
cognitive load in augmented manufacturing environments. Torku et al. (2022) revealed that wearable sensing 
facilitates fine-grained workload change detection in an intricate setting and assists adaptive feedback 
mechanism to industrial workers. 
2.3 Human Factors Engineering and Well-Being 
Human factors research is an extension of CLT and HTI models that incorporate cognitive and emotional well-
being in system design. According to the findings summarized by Hopko, Wang, and Mehta (2022), mental 
workload and cognitive load in human–robot collaboration (HRC) have a direct impact on operator 
performance, safety, and overall psychological outcomes. Fournier et al. (2022) highlighted that human–cobot 
collaboration can influence workers perceived cognitive load and usability during industrial tasks, 
underscoring the need for cognitive support systems that enhance well-being in collaborative manufacturing 
environments. The results are consistent with Matthews et al. (2020), who stated that subjective measures of 
workload should consider not only the effort and time burden but also emotional control and interest in the 
work. 
It is based on these frameworks that human-centric Industry 5.0 can be developed, in which digital 
augmentation is not meant to substitute human cognitive and affective abilities but to augment them (Table 
1). The manufacturing systems of the future will be based on adaptive models with the ability to balance mental 
effort, automation transparency, and real-time biofeedback (Zhang et al., 2022). By combining the CLT, HTI 
and human factors points of view, a designer is able to model cognitive load as a dynamic mediator between 
technological complexity and performance outcomes of workers. 
 

Table 1: Summary of Theoretical Frameworks Relevant to Digitally Augmented 
Manufacturing 

Framework Key Concepts 
Relevance to 
Manufacturing 

Representative 
References 

Cognitive Load 
Theory (CLT) 

Intrinsic, extraneous, 
germane load; NASA-
TLX workload 
measures 

Guides task and interface 
design to manage worker 
cognitive capacity 

Hart (2006); Grier (2015); 
Kosch et al. (2023) 

Human–
Technology 
Interaction 
(HTI) 

Distributed cognition, 
explainable AI, human-
in-the-loop systems 

Enhances adaptivity and 
transparency in AR/VR and 
digital twins 

Eremenko & Zalata 
(2020); Zhang et al. 
(2022); Wang et al. (2021) 

Human Factors 
Engineering 
(HFE) 

Ergonomics, well-
being, workload–
performance 
relationships 

Aligns automation design 
with worker cognitive and 
emotional limits 

Hopko et al. (2022); 
Fournier et al. (2022); 
Matthews et al. (2020) 

 

 
Figure 2: Conceptual Framework of Theoretical Foundations for Cognitive Load in Digitally 

Augmented Manufacturing 
 
Figure 2 represents the combination of Cognitive Load Theory (CLT), Human-Technology Interaction (HTI), 
and Human Factors Engineering (HFE). The workload dimensions (intrinsic, extraneous, germane) are 
defined by CLT, the adaptive and explainable digital interfaces by HTI, and ergonomic alignment and well-
being of the worker by HFE. Combined, these frameworks constitute the theoretical basis of the analysis of 
cognitive load and performance in digitally enhanced settings. 
 
3. Digitally Augmented Manufacturing Environments 
As a component of Industry 5.0, Digitally Augmented Manufacturing Environments (DAMEs) are the 
integration of cyber-physical systems, and extended reality (XR) interactions and human-machine teamwork. 
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These workplaces are designed to improve the efficiency of cognition, the awareness of the situation and the 
accuracy of the tasks performed by placing the digital layers in the perceptual and working space of the worker. 
The fast pace of augmented reality (AR), virtual reality (VR), mixed reality (MR), and digital twins adoption 
has transformed not only the physical layout of the manufacturing process but also the cognitive structure 
within which workers are working on complex tasks. 
 
3.1 Augmented, Virtual, and Mixed Reality in Manufacturing 
AR has become one of the most popular solutions to offer on-job instructions, as it includes spatial overlay that 
displays assembly directions, maintenance indicators, and safety warnings in the field of view of the operator. 
Research has established that AR interfaces cut the time taken to search, assembly mistakes, and time to 
complete tasks by making digital instructions easier to translate into physical components (Vanneste et al., 
2020; Wang et al., 2016). These benefits, however, are conditional on the ergonomics of the information 
presentation on the screen and system latency, poorly designed AR content could overload the visual channel 
and cause extraneous mental load. 
Mixed Reality (MR) goes further and adds to the possibilities of AR, the opportunity to interact with the gaze, 
recognize gestures, and provide a real-time feedback of the information. Wang et al. (2021) created an MR 
platform that used gaze interaction based on eye-tracking to dynamically change task prompts. Their findings 
also validated the fact that adaptive MR guidance is more precise and less demanding on mental effort, making 
MR one of the enablers of cognitive augmentation in complex assembly and inspection. Wang and Qi (2022) 
suggested a collaborative AR system with multiple users in which the spatial data is synchronized among 
several operators to allow joint situational awareness and minimize the overhead of coordination in a team-
based manufacturing industry. 
Conversely, Virtual Reality (VR) provides strong simulation environments where they are mainly applied in 
training and design validation. Boschetti, Faccio, and Granata (2022) demonstrated that human-centred 
design approaches in collaborative robot cells can enhance operators’ spatial understanding and support more 
effective workload management during collaborative problem-solving tasks. VR aids cognitive rehearsal by 
simulating high-risk or high-variability operations in non-actual environments and thereby lowering the 
intrinsic load of operators when they encounter real-world systems. 
 
3.2 Digital Twins and Cognitive Augmentation 
In addition to XR, digital twin technologies allow incorporating real-time information flows on machinery, 
sensors, and human activities into virtual copies that provide the ability to predictive model and be used in 
decision support. Bilberg and Malik (2019) have shown that human-robot collaborative assembly with digital 
twins is a solution that minimizes cognitive uncertainty in that operators can preview task sequences and 
simulate results prior to performing them. With these systems, the two way learning loops are possible and 
digital twins are able to adjust to human intervention alongside giving contextual feedback that tightens the 
task strategy. 
This concept was further advanced by Li et al. (2023), who introduced a head-mounted sensing approach using 
mmWave radar for egocentric human pose estimation, enabling real-time understanding of user movements 
and supporting the identification of ongoing tasks. These AR–digital twin data stream integrations open up 
possibilities for Cognitive Augmentation Technologies (CATs), a concept aligned with Marois and Lafond’s 
(2022) discussion of systems designed to enhance cognitive work by regulating information flow and 
supporting operators in managing cognitive workload. These devices represent the human-in-the-loop 
paradigm, in which digital augmentation is a co-agent, which predicts human needs instead of responding to 
inputs. 
 
3.3 Human–Machine Interface (HMI) Design and Cognitive Fit 
DAMEs depend on the design of Human-Machine Interface (HMI). Successful interfaces should have the right 
level of information and cognitive simplicity, so the feedback should be timely, contextual and perceptionally 
accurate. Visual, auditory, and haptic (combination of multimodal cues) may help in increasing the level of 
understanding, although too many sensory inputs may also overload the working memory. Empirical evidence 
indicates that gaze-sensitive adaptive HMIs have the best cognitive fit, which reduces extraneous workload 
and yet is still engaging (Wang et al., 2021; Vanneste et al., 2020). 
This direction of DAME study, therefore, leads to the same conclusion: the digital augmentation should not 
wear out human thinking, but rather contribute to it. With the progress of Industry 5.0, cognitive-aware AR, 
MR, and digital twin systems will establish the basis of not only automated but also attentive, responsive, and 
human-centered manufacturing. Table 2 presents the key digital augmentation technologies, describes their 
main functions, the effects of cognitive load, and the key references. 
 

Table 2. Summary of Digital Augmentation Technologies and Their Cognitive Load Effects 
Technology Primary Function Cognitive Impact Key References 
Augmented Reality (AR) Overlay of contextual 

instructions on physical 
workspace 

Reduces extraneous load, 
improves accuracy; may overload 
if poorly designed 

Vanneste et al. 
(2020); Wang et al. 
(2016) 
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Mixed Reality (MR) Real-time gaze and gesture 

interaction 
Enhances focus and reduces 
intrinsic load via adaptive 
guidance 

Wang et al. (2021); 
Wang & Qi (2022) 

Virtual Reality (VR) Immersive simulation and 
training 

Supports cognitive rehearsal, 
reduces intrinsic load in later real 
tasks 

Boschetti et al. 
(2022) 

Digital Twins Real-time virtual replica of 
physical systems 

Minimizes cognitive uncertainty, 
improves predictive control 

Bilberg & Malik 
(2019); Li et al. 
(2023) 

Cognitive Augmentation 
Technologies (CATs) 

Integration of AI, AR, and 
sensor analytics 

Dynamically regulates workload 
and feedback 

Marois & Lafond 
(2022) 

 

 
Figure 3: Conceptual Model of Digitally Augmented Manufacturing Environments 

 
Figure 3 depicts the interrelation of core technologies AR, MR, VR, Digital Twins, and Cognitive Augmentation 
Systems within a human-centric manufacturing loop. Arrows indicate bidirectional flow between “Human 
Operator,” “Digital Augmentation Layer,” and “Performance Outcomes.” Feedback loops represent continuous 
cognitive adaptation and learning across tasks. 
 

4. Cognitive Load and Worker Performance 
 
Cognitive load has a central mediating position in digitally augmented manufacturing environments (DAMEs) 
between technological augmentation and human performance outcomes. With manufacturing shifting to the 
human-centred Industry 5.0 models, the role of digital systems in affecting the cognitive state of workers is 
considered as the main factor in maximising efficiency, accuracy, safety, and well-being. Cognitive load is the 
mental load that is needed to process the information about the task, control the decisions and coordinate the 
work with the machines or co-workers. Cognitive load can bring about engagement and learning when well-
balanced but mental fatigue, errors and low productivity when it is too high. 
 
4.1 Cognitive Workload Measurement and Evaluation 
Recent studies have further developed ways of measuring cognitive workload in the industrial environment 
both through subjective and objective measurements. The NASA-TLX and the Subjective Workload 
Assessment Technique (SWAT) are still a popular choice because of their availability and the ability to be 
responsive to the complexity of tasks (Caiazzo et al., 2023). Nevertheless, manufacturing has driven the 
adoption of wearable biosensors, which record physiological data, including heart rate variability (HRV), 
electroencephalography (EEG), and electrodermal activity (EDA) as a result of the need to perform continuous 
and real-time evaluation (Gupta et al., 2023). 
Gupta et al. (2023) demonstrated that machine-learning models using multimodal physiological data can 
accurately estimate moment-to-moment cognitive states, indicating that such monitoring can be leveraged to 
anticipate fluctuations in workload and enable proactive regulation. Equally, eye-tracking measures that are 
proven in the sphere of surgery and industry can give first-hand measurements of attention, concentration, 
and cognitive effort (Tolvanen et al., 2022). Measures of fixation time, dilation of the pupil and frequency of 
saccades are strongly associated with task load and situational awareness and provide non-invasive real-time 
information to design adaptive systems. 
 
4.2 Cognitive Load in Human–Robot Collaboration 
The human-robot collaboration (HRC) settings present a set of special cognitive challenges to the employees 
who have to constantly decode the intentions of the robots, predict the motions, and coordinate their own 
actions. Hopko et al. (2022) state that shared-space cooperation brings in the dual-task interference, where 
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operators divide their attention between the physical execution and watching the robots. This finding is 
supported by Caiazzo et al. (2023), who demonstrated through neurorobotic assessment that workers 
experience elevated levels of mental workload during human–robot interaction, particularly when 
coordinating task transitions within an industrial assembly process. 
To overcome this, adaptive robot control interfaces and multimodal feedback systems are being formulated in 
order to balance the information flow and minimise uncertainty. Fournier et al. (2022) emphasized that 
human-cobot collaboration can significantly influence workers perceived cognitive load, suggesting that 
sustainable HRC should account not only for task performance but also for psychological well-being, as 
prolonged cognitive strain may contribute to stress and reduced motivation. Integrating affective sensing into 
cobot systems capable of capturing physiological indicators of stress and emotional states represents an 
important step toward cognitive-aware and well-being-oriented robotics. 
 
4.3 Augmented and Mixed Reality Effects on Cognitive Load 
The goal of augmented and mixed reality (AR/MR) technologies is to support a better understanding of tasks 
through spatial visualization, but their cognitive effect is bi-directional they may reduce or increase mental 
load based on design fidelity. Buchner et al. (2022) discovered that AR instruction systems generally lessen 
the extraneous burden as it does not require mental translation between two-dimensional manuals and three-
dimensional workspaces. The attentional demand can be heightened by visual clutter, lag or too much 
annotation density which contradicts the desired effect. 
Yang et al. (2019) revealed that AR assistance increased task accuracy by 22% when performing assembly tasks 
in the early stages but cognitive load increased when competing multiple overlays took place during 
complicated operations. This shows that there is a non-linear connection between information augmentation 
to cognitive performance above a certain point, more information does not equate to the improvement of 
cognitive performance. In response to this, adaptive AR interfaces that change the visibility of visualization 
density according to the gaze of the user or the workload are becoming promising solutions (Hopko et al., 
2022). 
 
4.4 Relationship Between Cognitive Load and Performance Outcomes 
The goal of augmented and mixed reality (AR/MR) technologies is to support the better understanding of tasks 
through spatial visualization, but their cognitive effect is bi-directional they may reduce or increase mental 
load based on design fidelity. Buchner et al. (2022) discovered that AR instruction systems generally lessen 
the extraneous burden as it does not require mental translation between two-dimensional manuals and three-
dimensional workspaces. Nevertheless, visual congestion, delays or other types of over-annotation may 
augment attention requirements working against the desired advantages. 
Yang et al. (2019) revealed that AR assistance increased task accuracy by 22% when performing assembly tasks 
in the early stages but cognitive load increased when competing multiple overlays took place during 
complicated operations. This shows that there is a non-linear connection between information augmentation 
to cognitive performance above a certain point, more information does not equate to the improvement of 
cognitive performance. In response to this, adaptive AR interfaces mounting to change the degree of 
visualization, in accordance with user gaze or workload are being investigated as useful systems (Hopko et al., 
2022). 
 

Table 3: Overview of Cognitive Load Factors and Their Impact on Worker Performance in 
Digitally Augmented Manufacturing 

Dimension Indicators/Methods 
Effect on Worker 
Performance 

Key References 

Subjective Load 
(NASA-TLX, SWAT) 

Perceived effort, temporal 
demand, frustration 

Detects mental fatigue and 
perceived stress 

Caiazzo et al. (2023) 

Physiological Load 
(EEG, HRV, EDA) 

Neural oscillations, heart 
rate variability 

Enables real-time detection of 
overload and fatigue 

Gupta et al. (2023) 

Visual Load (Eye-
tracking metrics) 

Fixation duration, 
saccades, pupil dilation 

Reflects attention allocation and 
task focus 

Tolvanen et al. (2022) 

Collaborative Load 
(HRC tasks) 

Task sharing, 
coordination, anticipation 

High peaks during robot 
transitions, affects 
synchronization 

Hopko et al. (2022); 
Fournier et al. (2022) 

AR/MR Instructional 
Load 

Overlay complexity, 
latency, annotation 
density 

Enhances comprehension when 
optimized; overloads when 
excessive 

Buchner et al. (2022); 
Yang et al. (2019) 
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Figure 4: Relationship Between Cognitive Load and Worker Performance in Digitally 

Augmented Environments 
 
The inverted-U shape of our mental load and performance can be seen in Figure 4. X-axis is cognitive load (low 
-high) and Y-axis is performance (accuracy, speed, efficiency). Moderate load brings in the best performance 
and underload and overload bring in disengagement and cause errors, stress, and fatigue respectively. Data 
points AR, HRC and wearable sensors reflect empirical values of workload-performance threshold seen in the 
recent literature. 
 

5. Data and Empirical Evidence 
 
The empirical basis of cognitive load and employee performance in digitally augmented manufacturing settings 
(DAMEs) has grown at an alarming pace throughout the last ten years, integrating quantitative indicators, 
physiological observations, and experimental data of tasks. The merging of augmented reality (AR), virtual 
reality (VR) and wearable sensory systems has helped researchers to quantify the connection between digital 
augmentation and human performance in a more accurate way than ever. This part is a synthesis of the results 
of the main empirical works that assess the impact of digital tools on throughput, error rate, and cognitive 
workload in real or simulated industrial situations. 
 
5.1 Quantitative Findings on Digital Augmentation and Cognitive Load 
The quantitative data shows a strong argument in favor of the fact that digital augmentation helps to increase 
task efficiency and adjust the cognitive load. In their study, Drouot et al. (2022) found that augmented reality–
based work instruction systems significantly improved assembly performance, reducing both error rates and 
task completion times compared with traditional instruction methods. They also reported a substantial 
decrease in NASA-TLX workload scores, indicating that well-designed AR systems can effectively lower both 
extraneous and intrinsic cognitive load through ergonomically informed visualization strategies. 
Yang et al. (2020) compared paper-based and mobile AR instructions and proved that AR assistance made the 
tasks more accurate and less mentally burdened when it was necessary to assemble a task but temporary visual 
fatigue appeared in participants when the overlays were too thick. These results support the findings of Wolf 
et al. (2019) feasibility study of real-time mental load adaptation, where the information density was 
dynamically altered by AR feedback due to user workload, with consistent performance across the sessions 
becoming less hard to achieve. 
Other support to these behavioral findings is on physiological measures. Hou et al. (2015) used the CogniMeter 
system to monitor emotional arousal, stress, and mental workload on EEG and EDA signals. The statistical 
results showed that brief increases in EEG beta activity were highly associated with task-switching and the 
multitasking states, which confirmed the usefulness of EEG as a neurophysiological measure of cognitive load. 
Subsequent advancements in psychophysiological measurement, including the tendency of taking TLX 
automated, via interaction analytics, have refined the accuracy of detecting workload (Kosch et al., 2023). 
 
5.2 Case Studies and Experimental Insights 
Examples of case-based research prove the way in which digital augmentation can be converted to real-world 
performance improvement in various industrial settings. In their workload assessment protocol, Brunzini et 
al. (2021) have determined that worker cognitive fatigue was reduced much less in teams that used immersive 
digital design tools than in teams working with a conventional 2D display. The research determined that 
immersive visualization minimizes switching costs incurred when task switching by allowing direct spatial 
reasoning, so that the memory load is minimized. 
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Within the same field of virtual and mixed reality, Quandt et al. (2022) examined how human-centered design 
principles in cognitive assistance systems can influence operators’ spatial cognition and mental workload 
during collaborative participatory activities. Their findings showed that the adaptive VR interfaces had better 
spatial accuracy (improved by 19 percent) but the workload among the team members remained balanced. Qin 
(2023) found that AR head-mounted displays (HMDs) caused nearly a quarter of the time situation awareness 
and faster task time in construction based assembly tasks, but there was some slight attention fragmentation 
with continuous visual overlay in users. 
The results of these studies all lead to the same conclusion that digital augmentation can be used to decrease 
extraneous load and consequently redirect cognitive resources into task learning, error prevention, and 
adaptive decision-making. Notably, although AR and VR improve attention and make work less demanding, 
in case of poor interface calibration or information over-saturations, the inverse effect can occur, which is 
overload or attentional fatigue. Table 4 presents the results of empirical studies investigating the impact of 
different digital augmentation technologies on cognitive load and worker performance in terms of 
measurement procedures, findings, and the main supporting sources. 
 

Table 4: Empirical Findings on Digital Augmentation and Cognitive Load Effects 

Study / Technology 
Measurement 
Method 

Performance 
Improvement 

Cognitive Load 
Impact 

Key 
References 

AR Work 
Instructions 

NASA-TLX; 
Throughput Time; 
Error Rate 

↓ 27% completion 
time; ↓ 31% error rate 

Reduced extraneous 
load 

Drouot et al. 
(2022) 

Paper vs. Mobile AR 
Subjective Rating; Task 
Accuracy 

↑ 22% accuracy 
Temporary visual 
fatigue at high 
overlay density 

Yang et al. 
(2020) 

Real-time AR 
Adaptation 

Dynamic workload 
detection 

Stable workload over 
time 

Prevented overload 
peaks 

Wolf et al. 
(2019) 

EEG-based 
Monitoring 
(CogniMeter) 

EEG, EDA, HRV – 
Identified workload 
peaks during 
multitasking 

Hou et al. 
(2015) 

Automated TLX 
Analysis (XR) 

User interaction logs; 
AI-based TLX 

– 
Enhanced workload 
estimation precision 

Kosch et al. 
(2023) 

Human-centered 
VR Interface 

NASA-TLX; Spatial 
Cognition Tests 

↑ 19% spatial accuracy 
Balanced workload in 
teams 

Boschetti et al. 
(2022) 

AR HMD for 
Construction 

Physiological & task 
metrics 

↓ 20% task time 
Moderate attention 
fragmentation 

Qin (2023) 

Digital Design 
Workload Study 

Subjective & 
physiological 

Improved design flow; 
↓ fatigue 

Lowered cognitive 
switching cost 

Brunzini et al. 
(2021) 

 

 
Figure 5: Empirical Framework Linking Digital Augmentation, Cognitive Load, and 

Performance 
 
The empirical findings between digital augmentation technologies and cognitive load results are illustrated in 
Figure 5. The model incorporates the inputs (AR/VR/MR tools and sensors), intervening variables (cognitive 
load dimension: intrinsic, extraneous, germane), and outcomes (performance measures: task time, accuracy, 
fatigue). Arrows are used to indicate causing and feedback loops indicate the way adaptive systems can control 
workload in real time. 
 

6. Challenges and Limitations 
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Although digitally augmented manufacturing environments (DAMEs) provide a potentially transformative 
opportunity to make the use of human performance efficient, several human, technical, and ethical issues limit 
their successful implementation. Cognitive load, psychological well-being, data security, and system design 
form a complex of restrictions that need to be overcome to achieve the full potential of the human-centric 
paradigm of Industry 5.0. 
 
6.1 Human Factors and Psychological Constraints 
The overstimulation and mental exhaustion of employees exposed to continuous digital feedback, multi-
tasking, and monitoring by sensors is a major issue in DAMEs. With the growing information intensity in 
manufacturing, the workers have to endure a long-term mental load, which leads to a lack of concentration, 
slow response time, and mental stress. As stressed by Orikpete et al. (2023), the high levels of cognitive load 
are directly associated with a decrease in psychological well-being that results in increased levels of stress, 
burnout risk, and job dissatisfaction in the context of manufacturing. Besides, there is individual difference in 
cognitive resilience and thus a standard system design may fail to be effective in all operators; some workers 
are easily adapted to real-time digital cues but some others are overwhelmed by the number of information or 
rate of work overpower their processing capacity. 
Initial gains of augmented reality (AR), virtual reality (VR) or digital twins interfaces can be counterbalanced 
by the adaptation lag period needed by workers to adapt to new digital systems. Employees with minimal 
previous experience of immersive systems might feel disoriented or feel discomfort due to motion initially, 
which will disrupt cognitive and physical performance. These human factors mean that there is a need to 
dynamically match system complexity with operator capacity which is done by adaptive augmentation 
architectures. 
 
6.2 System Design and Integration Limitations 
At the technical level, the interoperability and design of digital augmentation systems are still major 
bottlenecks. Numerous manufacturing settings combine heterogeneous devices AR headsets, wearable 
sensors, machine interfaces, and AI-controlled control systems that frequently do not have a smooth 
synchronisation of data. There are no standardized cognitive workload benchmarks, which makes cross-study 
comparisons and real-time system calibration even more difficult. Moreover, the design of Human-Machine 
Interface (HMI) is often functional, which implies that it is often designed in a way that creates excessive visual 
or auditory feedback that adds, instead of reducing, extraneous cognitive load. 
The other major constraint is the computational latency and edge processing weaknesses that are linked to 
real-time estimation of cognitive load. As an example, wearable EEG or heart-rate sensors need to be able to 
transmit and process large amounts of high-frequency data to give good feedback on workload. Delays or 
computation bottlenecks in the network cause a reduction in system responsiveness that minimizes trust and 
situational awareness among operators. 
 
6.3 Ethical, Privacy, and Security Concerns 
With the extensive use of digital twins and wearable biosensors, the main issues are the data privacy, 
surveillance, and ethical control. Lampropoulos and Siakas (2023) noted that, within Industry 4.0 contexts, 
digital twins generate extensive and highly interconnected datasets, which may include sensitive behavioral, 
operational, and biometric information that necessitates robust security and privacy protections. Despite the 
fact that these systems improve operating visibility and predictive safety, they pose a threat of unauthorized 
access, data breach and misuse of ethics unless properly secured. In addition, the continuous cognitive 
surveillance with physiological sensors casts doubt on the autonomy and consent of the workers particularly 
when applied in the performance appraisal. 
To achieve a balance between data-driven optimization and ethical transparency, it is necessary to have strong 
cybersecurity measures and anonymization systems and have clarity in the regulations. The absence of these 
protective measures results in the same mechanisms aimed to promote cognitive well-being contributing to 
the development of psychological pressure and mistrust towards workers. 
These shortcomings of DAMEs highlight one of the main paradoxes: although the digital augmentation is 
supposed to ease the workload of humans, its implementation may increase the cognitive load and the threat 
of ethical issues. To overcome these issues, there is the need to have an interdisciplinary cooperation of 
engineers, neuroscientists, ethicists, and policymakers to develop safe, adaptive, and human-centred 
augmentation systems that do not step over cognitive limits and can advance industrial performance. 
 

7. Future Directions 
 
The digital augmentation of manufacturing should proceed to the next level of adaptive, human-sensitive 
manufacturing systems able to monitor and optimize cognitive load in real-time. The future studies must focus 
on artificial intelligence (AI) and machine learning algorithms to forecast, analyze, and control cognitive states 
with the help of multimodal data sources, including EEG, heart rate variability, and eye-tracking. These 
adaptive structures might dynamically regulate the level of information, task pacing and feedback modality 
such that workers are kept within an optimal cognitive range of performance and learning. 
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It is also important that biofeedback and neuroergonomics design principles are implemented in human-
machine interfaces (HMIs). Physiological monitoring in real time can enable systems to supply responsive 
changes that make displays easy in the overload and improve cues in the underload. Engineers, cognitive 
neuroscientists, and ergonomists will have to work together interdisciplinarily to come up with technologies 
that are not only efficient but also understand the human cognitive rhythms. 
The next study ought to consider the ethical and inclusive models of cognitive augmentation, so that 
individualization does not impair privacy and justice. Scalable, explainable, and secure augmentation 
ecosystems will be essential in achieving the vision of industry 5.0 of having manufacturing that is cognitively 
sustainable and human centred. 
 

8. Conclusion 
 

This review highlights the fact that the management of cognitive loads is at the core of the optimization of 
worker performance in digitally augmented manufacturing environments (DAMEs). With industries moving 
to a more humanistic paradigm of Industry 5.0, the integration of the technologies of augmented reality, virtual 
reality, digital twins, and collaborative robotics needs to focus on cognitive sustainability and productivity. The 
combination of the empirical and theoretical results shows that the digital augmentation, being crafted with 
ergonomic accuracy, can significantly decrease the extraneous cognitive load, increase the accuracy and 
situational awareness. The ill-designed systems, however, may present too much mental load to the workers, 
reducing their well-being and reliability of the system. Aggregate using human-centred design, adaptive 
interfaces, and real-time monitoring of mental workload by using physiological and behavioral processes is 
therefore crucial in effective deployment. The creation of standard schemes of workload evaluation including 
the implementation of subjective scales alongside sensor-based analytics, will allow adjusting digital assistance 
systems to personal cognitive limits in a dynamic manner. The problem of privacy, ethical, and interoperability 
also needs to be addressed to make sure that trust and equity are upheld in the cognitive monitoring. The 
future of smart manufacturing lies in the alignment of technological smartness to human cognition that 
develops systems that do not just enhance human capacity but also adhere to the cognitive limits such that the 
productivity, safety and well being in an era of ever smarter industrial ecosystems are preserved. 
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