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Abstract 

Mental stress is a common issue in demanding occupational setups, such as smart industrial seĴings, 
particularly from working with robots, being one of the primary reasons for decreased performance 
and productivity. Quantifying and evaluating stress are critical for worker safety, performance, and 
overall well-being. A novel integrated framework is proposed in this research for digitising and 
assessing cognitive stress that combines neuroimaging (EEG and fNIRS), gaze tracking and machine 
learning. A factory workers’ stress assessment experiment is designed and implemented, which 
employs physiological, behavioural and subjective measures to assess mental stress from different 
perspectives. Physiological features extracted from multimodal data are used for training supervised 
classification and regression models. To further optimise the pipeline, multiple feature selection 
algorithms are tested, followed by ensemble learning approaches, and the best one is chosen for stress 
prediction. After implementing the novel stress quantification framework for the factory workers' 
stress assessment experiment, the ensemble learning approach produced the best results for both 
regression (RMSE: 10.86) and classification (accuracy: 84.1%) techniques using the STAI score as the 
target. The behavioural and subjective measures demonstrate the effect of varying process variables 
(light, noise, task speed, and complexity) during the experiment. Multimodal data, machine learning, 
and other computational approaches are integrated in this study to objectively quantify cognitive 
stress, utilising the novel stress quantification framework presented in this research, thereby bridging 
the gap between research and practical application. This study proposes a multi-domain framework 
for measuring stress, providing a promising solution for worker well-being in occupational setups. 

Keywords: machine learning; mental stress quantification; human robot collaboration (HRC); EEG; 
fNIRS; occupational health and safety 
 

1. Introduction 
Digitisation and automation have reshaped manufacturing systems, leading to the smart 

factories where Human–Robot Collaboration (HRC) is critical for optimum and desired productivity, 
flexibility, and quality standards [1]. In these seĴings, although combining human cognitive strengths 
with robotic precision offers significant benefits [2], constant interaction with smart machines and 
adapting to dynamic robot behaviour can also create psychological challenges [3]. These factors may 
increase cognitive stress among workers in human-robot collaborative environments [3,4]. 

Technostress, mental strain caused by rapid technological change [5], is particularly evident in 
human–robot collaborative environments. Although cobots are designed for safety and efficiency 
[6,7], their close proximity can pose psychological pressure [4]. Continuous monitoring of robot 
behaviour, fear of unexpected malfunctions, and the need to synchronise with automated systems 
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can induce anxiety. Trusting complicated automated systems for personal safety and productivity 
can cause mental overload, fatigue, and heightened stress, affecting workers’ cognitive health and 
job satisfaction [8]. 

In smart factories, incorporating neuroergonomics and human factors is crucial to create human-
centred, stress-free workspaces for employees collaborating with cobots [9,10]. However, the rapid 
evolution of smart manufacturing has raised concerns about worker health, safety, and prevalent 
ergonomic problems [11]. Improving employee well-being remains an ongoing challenge for both 
SMEs and large industrial organisations [12]. 

Conventionally, mental stress has been evaluated using subjective measures, such as self-report 
questionnaires and rating systems [13–16] and behavioural measures, including task accuracy, 
reaction time, speech features, facial expressions, and gaze behaviour [17–20]. While these measures 
provide useful insights, physiological measures offer a more objective assessment by recording 
stress-induced bodily changes [21,22]. Common physiological indicators include heart rate variability 
(HRV) [23,24], cortisol levels [25], electrodermal activity (EDA), body temperature, and ocular metrics 
such as pupil dilation and blink rate [25–27]. Advances in sensing technology and data analytics have 
facilitated the integration of physiological signals, such as electrocardiography (ECG) [28], facial 
expressions, and speech features [29], into multimodal stress-evaluation frameworks, often combined 
with machine learning for continuous, real-time monitoring [30,31]. Among these indicators, brain 
signals, including electroencephalography (EEG) [32], functional magnetic resonance imaging (fMRI) 
[33]and functional near-infrared spectroscopy (fNIRS) [34] are important for understanding the 
neurological mechanisms underlying mental stress. 

In this study, an experiment is designed to quantify factory workers’ cognitive stress using EEG 
and fNIRS neuroimaging, along with gaze data such as pupil diameter. Error rate is used as the 
behavioural indicator, while the NASA Task Load Index (NASA-TLX) [14] and State-Trait Anxiety 
Inventory (STAI) [15] scores provide subjective assessments. Additional gaze metrics, including 
fixation duration, number of visits, and visit duration, reflect behavioural responses. 

Existing literature shows significant efforts to detect and analyse mental stress; however, to the 
best of the authors’ knowledge, cognitive stress has not yet been quantified as a continuous, 
measurable variable. Most prior studies rely on qualitative assessments, self-reports, or observational 
methods, and recent advances mainly classify stress into binary or multiple categories rather than 
tracking real-time stress intensity as a quantifiable and measurable factor. Therefore, this research 
aims to address this gap by developing a novel, comprehensive framework that quantifies cognitive 
stress and provides meaningful insights for both employers and employees. 

This study aims to quantify factory workers’ cognitive stress within a human–machine 
collaborative environment by simulating a production line and using multidimensional data, 
including behavioural, physiological, and subjective parameters. A novel stress-quantification 
framework is proposed, representing one of the first studies to measure mental stress as a measurable 
variable rather than in categorical levels. Another novelty of this study is that the feature selection 
followed by an ensemble learning approach has been employed towards the end of the stress 
quantification pipeline to obtain a final model with improved accuracy (for the classification 
approach) and lower RMSE (for the regression approach). This approach has also reduced the bias 
for both classification and regression approaches. The interpretations from this research can be 
applied to any workspace where humans and cobots coexist. 

2. Methodology 
This study uses an eight-step pipeline (Figure 1) to digitise and quantify cognitive stress. The 

process begins with collecting subjective, behavioural, and physiological data during stress-inducing 
tasks that mimic real workplace situations. The data preprocessing is then done to remove noise and 
artefacts, followed by the extraction of statistical, frequency-domain, and time-domain features. A 
key novelty of the framework is the mapping of subjective stress scores to physiological features to 
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generate labelled data for supervised learning. Feature selection is applied to reduce dimensionality 
and enhance model efficiency, after which multiple machine-learning models are trained and tested 
to identify the best predictors of stress. Finally, ensemble learning is employed to improve robustness, 
accuracy, and reduce overfiĴing across models. 

 

Figure 1. Overview of the proposed stress quantification framework, illustrating the main processing stages. 

The ensemble model is ultimately tested and chosen as the framework’s output, providing a 
predictive model that quantifies mental stress using multidimensional data. This model supports 
practical applications in real-time occupational stress monitoring. Overall, the pipeline not only 
enables stress quantification but also contributes to mental health technology by incorporating 
machine intelligence into mental state analysis. 

2.1. Flow of Experiment 

In this experiment, crisp packets are delivered to the participant on a conveyor belt, each 
displaying a cognitive question. The participant picks up the packets, answers the questions, and 
drops them into a box. Once the required number of packets is collected, the box is placed in front of 
the cobot, which completes the packing process before the participant places it on the pallet. As 
illustrated in Figure 2, this workflow simulates a realistic production scenario. Cognitive stress is 
evaluated by varying task complexity and speed, noise level, and light intensity. 

 

Figure 2. The flow of the factory workers’ stress assessment experiment. 
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A secondary task is introduced to increase task complexity. The participant receives a visual 
stimulus in the form of a damaged packet and must separate these from the intact ones. Damaged 
packets must not be placed in the box; doing so is counted as an error. 

2.2. Experimental Paradigm 

The experiment is designed to record participants’ brain activity continuously for 60 minutes. 
Before data collection, participants receive instructions, provide informed consent, and have all 
devices calibrated and fiĴed. The session begins with a two-minute rest period, followed by the first 
task episode of approximately 3.5 minutes. After each episode, participants complete the NASA-TLX 
and STAI questionnaires. As shown in Figure 3 and detailed in Table 1, each episode is conducted 
under predefined low or high parameter seĴings. In the ninth episode, the cobot is replaced by a 
human operator to compare mental stress during human–robot and human–human interaction. 

 

Figure 3. Experimental paradigm for the factory workers’ stress assessment experiment, demonstrating 9 task 
episodes (3.5 minutes each) with rest episodes (2 minutes each) and questionnaire-filling periods (2.5 minutes 
each) in between.  
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Table 1. Experimental episodes for the factory workers’ stress assessment experiment with ‘H’ and ‘L’ 
indicating high and low levels, respectively, for each process variable. Light levels of 50–60 lux are considered 
low, and levels above 250 lux are considered high [35]; noise below 55 dB is classified as low, while 80–85 dB is 

considered high [36]. 

Episode No. Task speed and complexity Noise level Light intensity 

1 L L L 

2 L L H 

3 L H L 

4 L H H 

5 H L L 

6 H L H 

7 H H L 

8 H H H 

9 (Sub-episode: Human-

human interaction) 
H H H 

2.3. Data Acquisition 

EEG and fNIRS data are gathered to measure neural and hemodynamic activity, respectively. 
EEG signals are recorded using the TMSi Saga wireless system at a 4000 Hz sampling rate [37], with 
19 electrodes positioned according to the international 10–20 system. fNIRS data is acquired using 
the Artinis Brite device with 21 channels at a 75 Hz sampling frequency [38], with transmiĴer–
receiver pairs spaced 20–30 mm apart. Gaze tracking is conducted throughout the experiment using 
Tobii Pro Glasses 3, recorded at a sampling frequency of 50 Hz and 25 fps with a 1920×1080 resolution 
[39]. Subjective measures are recorded after each episode using the NASA-TLX and STAI 
questionnaires. 

2.4. Data Pre-Processing 

Both EEG and fNIRS data are pre-processed to obtain clean signals (Figures 4 and 5). EEG 
recordings are first cleaned using an ICA-based method to remove artefacts and non-brain activity, 
then down-sampled to 250 Hz and filtered with a 0.5–40 Hz band-pass filter to eliminate drift and 
high-frequency noise. The EEG frequency bands considered include delta (0.5–4 Hz), theta (4–8 Hz), 
alpha (8–12 Hz), beta (12–28 Hz), and gamma (28–50 Hz) [40]. 
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Figure 4. EEG data preprocessing. 

 

Figure 5. fNIRS data preprocessing. 

To obtain artefact-free fNIRS signals, the intensity is first transformed to optical density (OD). 
Motion artefacts are then rectified using a wavelet-based motion artefact correction approach, after 
which each channel is filtered between 0.15 and 0.5 Hz. Finally, the Modified Beer-Lambert law is 
applied to convert OD to HbO and HbR concentrations [41]. 

2.5. Feature Extraction 

Features are extracted from the pre-processed EEG and fNIRS signals. For EEG, spectral features 
are computed by normalising each clean signal and applying five Kaiser-window-based FIR filters to 
generate the standard EEG sub-bands (Figure 6) [42]. The average band powers for five frequency 
bands are then calculated and used as spectral features. 
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Figure 6. EEG spectral features extraction. 

Several statistical features, including mean, standard deviation, variance, kurtosis, skewness, 
root mean square, shape factor, impulse factor, first and second differences and their normalised 
forms, are extracted from the EEG data [43,44]. For fNIRS signals, both linear features (mean, 
skewness, kurtosis, standard deviation, variance) and nonlinear features (entropy, fractal dimension 
(box-count), and detrended fluctuation analysis (alpha)) are computed [45]. 

2.6. Data Selection 

For EEG data, all recordings are initially imported into the Automagic toolbox [46], where signal 
quality is assessed using four measures: the ratio of bad channels, overall high-amplitude data 
(OHA), timepoints of high variance (THV), and channels of high variance (CHV). Using amplitude 
and standard-deviation thresholds of 30 µV, found suitable for this dataset, the toolbox classifies each 
recording as Good, OK, or Bad. This evaluation enables consistent comparison across recordings and 
supports logical inclusion or exclusion of data in subsequent analysis. 

The pertinent EEG data is then selected by visually examining the clean data. The following 
criteria are applied: 
 Only data labelled “Good” or “OK” by the Automagic toolbox are retained, as illustrated in 

Figure 7. 
 Only those participants’ data are eliminated where all episodes are marked as “Bad”. 
 Noisy channels identified through visual inspection are removed. 
 Only the bad channels’ feature data is excluded instead of discarding an entire episode. 

For fNIRS data, the following criteria are adopted to select the relevant data: 
 Bad channels affecting signal quality are identified through visual inspection. 
 Only the features from bad channels are removed, rather than discarding entire episodes. 
 Episodes with brief signal-loss or connection dropouts are excluded. 
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Figure 7. Automagic toolbox for data quality assessment of EEG signals [46]. 

A few measures are taken to further improve the outcomes: 
 Rejecting the first 5 seconds from all episodes, as the participant is not performing any cognitive 

task during this period, and only the conveyor belt is in motion to deliver the crisp. 
 An undefined gap, generated in the feature matrix due to rejecting bad channels, is filled in using 

the averaging approach. 
 Min–max normalisation [47] is applied to scale each feature in the matrix between 0 and 1, using 

the formula: 

𝑍௡௢௥௠ =  
௓ି௓೘೔೙

௓೘ೌೣି௓೘೔೙
 (1) 

Machine learning approaches, especially those relying on distance or gradient calculations, can 
be more biased toward features with wider numerical ranges; however, normalisation ensures that 
each feature contributes equally [48]. 
 The ensemble model approach, covered in more detail in section 2.10, is used to determine the 

optimal feature combination. 

2.7. Data Labelling 

Mental stress is quantified by mapping the feature matrix to two target scores: NASA-TLX (0–
100) [49] and STAI (1–4) [50]. These scores serve as target variables for supervised machine-learning 
models in both regression and classification approaches. For regression, the feature matrix is labelled 
with the NASA-TLX score and the STAI score is rescaled to 0–100 to ensure comparability. For 
classification, NASA-TLX scores are grouped into three stress levels (Table 2). STAI scores are first 
mapped from 1–4 to 20–80 and then divided into three anxiety levels, as shown in Table 3 [45]. 
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Table 2. Levels of stress based on NASA-TLX score. 

NASA_TLX Score Level of Stress 

0-50 Low 

50-80 Moderate 

80-100 High 

Table 3. Levels of anxiety based on STAI score. 

STAI Score Level of Anxiety 

20-37 Low 

38-44 Moderate 

45-80 High 

2.8. Machine Learning for Mental Stress Prediction 

Machine learning algorithms are used to predict cognitive stress and anxiety based on 
physiological and subjective indicators. Both regression and classification approaches are applied, 
using 70% of the data for training and 30% for testing, with 5-fold cross-validation to reduce 
overfiĴing. As shown in Figure 8, the workflow includes data collection, feature extraction, model 
selection, training, testing, prediction, and optimal model deployment. Seven regression models, tree, 
linear regression, including SVM, Gaussian process regression, ensemble, neural networks, and 
kernel models, are evaluated. For classification, eight techniques are tested, including linear 
regression, SVM, tree, ensemble, Naïve Bayes, neural networks, kernel, and K-nearest neighbours 
(KNN). Additionally, other variants of these primary regression and classification methods are 
examined. 

 

Figure 8. Machine learning approach for predicting conventional measures employing physiological 
parameters. 

A range of EEG (spectral and statistical) and fNIRS (linear and nonlinear) feature combinations 
is used to predict both NASA-TLX and STAI targets. All regression and classification models are 
tested across multiple predictor sets, using accuracy as the metric for classification and RMSE for 
regression. For each set, the model achieving the lowest RMSE or highest accuracy is selected, and 
the best feature combination is selected for each target. 

2.9. Feature Selection 

Feature selection is crucial for developing effective machine learning models, as it identifies the 
most informative features while removing redundant ones. This process enhances accuracy, 
minimises overfiĴing, speeds up computation, and improves interpretability, especially important 
for dealing with high-dimensional datasets. In this study, ReliefF [51] and the F-test [52] are used for 
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regression, while Kruskal–Wallis [53], ANOVA [54], Chi² [55], and ReliefF [56], are applied for 
classification. 

2.10. Ensemble Learning Approach 

Ensemble learning is a machine learning approach in which multiple base or weak learners are 
trained and their outputs combined to improve performance [57], as illustrated in Figure 9. By 
aggregating diverse models, ensemble methods typically outperform individual models in accuracy, 
robustness, and resistance to overfiĴing. Although each model has its own advantages and 
disadvantages, combining them produces more stable predictions and reduces bias and variance [58]. 
In this study, four ensemble variants, averaging, weighted averaging, majority voting, and weighted 
majority voting, are employed to identify the best-performing configuration. 

These ensemble techniques, including averaging, weighted averaging, majority voting, and 
weighted majority voting, improve model performance by utilising the strengths of several base 
learners. The detailed results of the mental stress quantification framework applied to the stress 
assessment experiment for the factory workers are discussed in Section 3. 

 

Figure 9. Ensemble learning approach. 

2.11. Stress Score Prediction and Visualisation 

Another dimension of this study's scope is the development of a digital solution in the form of 
an Android application, Stress Sense, to monitor workers’ stress levels, enabling preventive measures 
and seamless communication between workers and supervisors. For this purpose, the mental stress 
score is predicted using the best-performing machine learning model. The predicted stress score is 
translated into a visual stress scale, which is integrated within the Android app to support mental 
stress interpretation. 

3. Results and Discussion 
The suggested stress-quantification framework is demonstrated through a factory workers’ 

stress assessment experiment, where participants perform mentally challenging tasks alongside a 
pick-and-place activity in a smart factory seĴing, and multidimensional data have been gathered. The 
goal is to identify critical stress indicators and predict mental stress in a digitised format using 
machine learning to help employers and employees beĴer understand employees’ mental condition. 
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3.1. Regression 

The regression approach was initially applied to two datasets, one using the complete feature 
matrix (EEG and fNIRS) and another with data rejection based on data selection criteria, to compare 
the results and observe the effects of data selection. Using NASA-TLX and STAI scores as target 
variables, this comparison has enabled evaluation of how selective data inclusion influences the 
accuracy and reliability of regression results. 

Initially, regression is applied separately to EEG spectral features, EEG statistical features, and 
fNIRS linear and nonlinear features, followed by combined EEG and fNIRS predictors for both 
targets. All seven regression techniques are tested for each feature set, and the best-performing model 
is reported. Using the entire dataset without data rejection, the ensemble model achieves the lowest 
validation RMSE (18.48) and a test RMSE of 13.59 for the STAI score as the target, as shown in Figure 
10. 

 

Figure 10. Regression results for the dataset without any data rejection. NASA-TLX and STAI scores are used as 
labels. The red bar illustrates the best-performing predictor set. 

Figure 10 indicates that fNIRS features alone achieve the best performance for the full, unrejected 
dataset, with the ensemble model performing optimally and highlighting the significance of linear 
and nonlinear fNIRS features. Combining fNIRS with EEG statistical features shows the best 
performance for the STAI score as the target, emphasising the importance of EEG statistical 
predictors. In contrast, EEG spectral features consistently produce higher RMSE values for 
NASA-TLX, while fNIRS features provide low RMSE for the STAI score as the target. 

After applying data-selection criteria, multiple models are tested using EEG-only, fNIRS-only, 
and combined feature sets for both targets, NASA-TLX and STAI scores. The best performance is 
achieved by combining EEG statistical and fNIRS features, with the ensemble model (Figure 11) 
reaching a validation RMSE of 16.22 and a test RMSE of 16.18 for the STAI score as the target. Overall, 
EEG spectral features continue to show higher RMSE values than statistical features across both 
targets. 

In the unrejected dataset, most feature sets produce a minimum test RMSE of around 18, with 
the best case reaching approximately 14. However, this does not indicate that the no-rejection 
technique is superior. Noise and artefacts can deceptively boost performance and reduce real-world 
generalisability. Data selection ensures cleaner inputs, lowers bias from poor-quality segments, and 
yields more consistent performance across feature sets [59]. Although the test RMSE is slightly higher 
after data selection, the reduced gap between validation and test suggests improved robustness and 
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reduced overfiĴing [60]. Overall, data selection is essential for obtaining reliable and generalisable 
regression results. 

 

Figure 11. Regression Results for the dataset after data rejection. NASA-TLX and STAI Scores are used as labels. 
The red bar illustrates the best-performing predictor set. 

A few strategies have been investigated to observe their effect on the outcomes, as mentioned in 
Section 2.6. After rejecting the initial five seconds of each episode in the fNIRS and EEG data, the 
feature matrix's undefined values are filled using the averaging approach. The best results were 
obtained by combining EEG spectral features and fNIRS features, with the STAI score as the target, 
and adopting Gaussian Process Regression as the regression algorithm (validation RMSE: 16.074), 
resulting in a minimum test RMSE of 11.747. 

Normalisation is then applied to improve model performance by reducing scale-related bias in 
the selected feature set (combined fNIRS and EEG spectral features). Using the STAI score as the 
target, seven regression models were tested on the normalised data, with SVM achieving the best 
results (validation RMSE: 15.884; test RMSE: 11.563). The lower test RMSE indicates beĴer 
generalisation, showing that normalisation can help maintain a consistent scale for all features while 
reducing bias from overly large-valued features. Overall, normalisation enhances feature 
comparability, stabilises training, and helps the model more effectively capture stress paĴerns in 
multimodal physiological data. 

3.2. Classification 

Similarly, the classification approach has been employed for two datasets, the dataset without 
any data rejected and the dataset selected based on data selection criteria stated in Section 2.6, to 
compare the outcomes. The results for the full dataset have been obtained first, followed by the 
selected dataset after data rejection. Like regression, the two targets for this strategy are NASA-TLX 
and STAI scores. 

This investigation followed a similar approach to regression analysis. For the first dataset, EEG 
features are employed first, followed by fNIRS features, and then combined feature sets. As shown 
in Figure 12, eight classifiers are tested for each predictor set, and the best-performing model is 
demonstrated. The highest test accuracy of 67.30% (validation accuracy 60.97%) is achieved using 
combined fNIRS and EEG spectral features with the STAI score as the target, and neural networks as 
the best performing model. 
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Figure 12. Classification results for the dataset without any data rejection. NASA-TLX and STAI scores are used 
as labels. The red bar illustrates the best-performing predictor set. 

Figure 12 depicts the optimal performance achieved by combining EEG and fNIRS features for 
several classifiers, using the first dataset with the STAI score as the target, demonstrating the 
contribution of EEG features. In most cases, accuracy is higher using NASA-TLX as the target. 

After applying data-selection criteria, the classification approach is repeated across all EEG, 
fNIRS, and combined feature sets using eight classifiers. As shown in Figure 13, the highest test 
accuracy of 65.9% (validation accuracy 63.1%) is achieved by combining fNIRS and EEG statistical 
features with the NASA-TLX target using neural networks, highlighting the significance of EEG 
statistical measures [32] and both linear [61,62] and nonlinear fNIRS features [45]. Overall, most 
predictor sets show higher accuracy when NASA-TLX is used as the target. 

 

Figure 13. Classification results for the dataset after data rejection. NASA-TLX and STAI scores are used as labels. 
The red bar illustrates the best-performing predictor set. 
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After applying the data-selection criteria, validation accuracies decrease slightly compared to 
the unrejected dataset, but test accuracies become significantly more consistent. For example, the 
fNIRS + EEG spectral feature set (target: STAI score) shows a sharp drop from ~70% validation 
accuracy to ~55% on the test set, indicating overfiĴing. In contrast, the fNIRS + EEG statistical feature 
set (target: NASA-TLX score) achieves a consistent test accuracy of ~66%, closely matching its 
validation accuracy and demonstrating improved robustness. This paĴern aligns with the principle 
that cleaner datasets may yield lower validation performance yet generalise beĴer [63], as noise 
removal reduces overfiĴing and helps models learn meaningful paĴerns [64]. Consequently, 
although accuracy decreases slightly after data rejection, the resulting models are more reliable and 
generalisable. 

Further refinements, removing the initial five seconds of each EEG and fNIRS recording and 
filling missing values using averaging, improve performance. Using combined fNIRS and EEG 
statistical features with STAI as the target, SVM achieves a test accuracy of 79.55% (validation 
accuracy: 66.02%). After normalisation, the same test accuracy is maintained (validation: 64.08%), 
suggesting enhanced generalisation to unseen data. The significant difference between validation and 
test accuracy likely reflects that the validation set is not entirely representative of the underlying data 
distribution, or that the test set aligned beĴer with the features used by the classifier. 

3.3. Results After Feature Selection and Ensemble Approach 

As outlined in Section 2.9, multiple feature selection algorithms are used to retain the most 
relevant features while rejecting redundant ones, for both regression and classification approaches. 
After applying the machine learning algorithms, an ensemble model is utilised to further reduce bias 
and improve robustness. The final model, chosen based on its optimal performance, is used to predict 
mental stress. 

3.3.1. Regression 

For the regression approach, the combined fNIRS and EEG spectral feature set with STAI score 
as the target has shown the best performance. Two feature selection techniques, ReliefF and the F-test, 
are applied to identify the most significant features. Table 4 displays the number of features retained, 
the number of machine learning approaches used to apply the ensemble model and the resulting test 
RMSE values. 

Using ReliefF, with 0 as the threshold, has retained 213 of 284 features, producing the lowest test 
RMSE of 10.86 when combined with the ensemble model. The F-test, with the 10th-percentile 
threshold, has kept 211 features and achieved a higher RMSE of 11.32 when employed with the 
ensemble model. As ReliefF performed best, as shown in Table 4, it is used for channel selection. The 
channel selection criterion followed here is that if more than 4 features in a channel are rejected, the 
entire channel is removed. This led to the exclusion of one EEG channel and six fNIRS channels, 
leaving 210 features and yielding a test RMSE of 11.19. 

Table 4. Feature selection algorithms applied to the selected feature set (fNIRS and EEG spectral features). 

Feature Selection algorithm 
Number of 

features 

Number of classifiers for 

Ensemble Learning Approach 

RMSE (STAI 

score) 

Without Feature Selection 284 3 10.9745 

ReliefF 213 3 10.856 

FTest 211 6 11.3269 

After Channel Selection using ReliefF 210 5 11.1882 

Without feature selection, the baseline RMSE is slightly below 11. Applying ReliefF reduces the 
RMSE to about 10.85, giving the best performance among all methods. In contrast, the F-test produces 
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the highest RMSE at around 11.35, indicating weaker performance. After channel selection using 
ReliefF, the RMSE rises to approximately roughly 11.2, still beĴer than the F-test but not as strong as 
using ReliefF alone. 

ReliefF outperforms the other feature-selection methods because it effectively handles complex, 
high-dimensional, and noisy multimodal data, capturing nonlinear feature interactions that statistical 
tests like the F-test cannot [65]. Its robustness to noise and redundancy improves generalisability and 
reduces RMSE, achieving the best value of about 10.85. The strongest regression performance is 
obtained by applying ReliefF followed by an ensemble model using the combined fNIRS and EEG 
statistical feature set, which is then used to quantify factory workers’ mental stress. 

3.3.2. Classification 

Similar to the regression analysis, the combined fNIRS and EEG statistical feature set, with the 
STAI score as the target, is used for feature selection and ensemble modelling. Four feature selection 
techniques (Kruskal–Wallis, ANOVA, Chi², and ReliefF) are applied to select the most informative 
features. Table 5 compares the results after applying the feature selection algorithms followed by an 
ensemble model. 

For Kruskal–Wallis, features scoring below 10% of the highest rank are eliminated, leaving 316 
of 417 features. ReliefF has used a threshold of 0, while ANOVA and Chi² are tested with two 
thresholds: 10% of the highest rank and the 10th percentile. As shown in Table 5, the highest accuracy 
(84.1%) is achieved using Chi² with the 10% rank threshold. The selected Chi² features are then 
utilised for channel selection, applying the same rule as in the regression analysis; channels with 
more than four rejected features are removed. This resulted in retaining 351 of 417 features, with only 
one EEG channel and six fNIRS channels discarded. Using these selected channels, the final ensemble 
model has achieved a test accuracy of 77.27%. 

Table 5. Feature selection algorithms applied to the selected feature set (fNIRS and EEG statistical features). 

Feature Selection algorithm 
Number of 

features 

Number of classifiers for 

Ensemble Learning Approach 
Accuracy (%) 

Without Feature Selection 417 3 81.81 

Kruskal Wallis 316 7 79.54 

ReliefF 197 5 75 

ANOVA (10% of the highest rank 

value as threshold for exclusion) 
274 5 79.54 

ANOVA (10th percentile for 

exclusion) 
267 7 79.54 

Chi2 (10% of the highest rank value 

as threshold for exclusion) 
338 7 84.1 

Chi2 (10th percentile for exclusion) 331 7 79.54 

After channel selection using Chi2 

(10% of the maximum value as a 

threshold for exclusion) 

351 7 77.27 

Without feature selection, the ensemble classifier achieves a baseline accuracy of about 81%. 
Using Chi² with a 10% rank threshold increases accuracy to approximately 85%, demonstrating its 
effectiveness in identifying relevant features and removing redundancy. ANOVA and Kruskal–
Wallis yield similar accuracies of around 80%, while ReliefF performs the worst at roughly 75%. After 
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channel selection based on the best Chi² configuration, test accuracy decreases to about 78%, 
suggesting that some relevant features may have been eliminated. 

Chi² is particularly effective for categorical outcomes because it evaluates how strongly each 
feature’s distribution correlates with discrete class separation [66]. In this experiment, it successfully 
identifies distinct EEG and fNIRS paĴerns across stress levels. Eliminating the lowest-ranked 10% of 
features reduces noise and minimises overfiĴing, enabling the model to focus on the most informative 
predictors. This balance enhances overall classification accuracy by retaining relevant features while 
discarding redundant ones. 

3.4. Digital Solution Development 

An Android application, Stress Sense, was developed to support the factory workers’ stress 
assessment experiment by enabling supervisors and managers to monitor employees’ mental states. 
The app is built using data collected during the experiment and allows stress scores from all nine task 
episodes to be aggregated for each participant. An average stress score is then calculated and 
displayed. These scores are mapped onto a visual stress scale, as shown in Figure 14, integrated into 
the app’s interface using predictions from the ensemble model based on the best-performing 
regression approach combining fNIRS and EEG spectral features, with the STAI score as the target. 

 
Figure 14. Stress scale displayed in the Stress Sense user interface. 

3.5. Gaze Tracking 

Several eye-tracking parameters are explored in this study, including fixation duration, pupil 
diameter, visit duration, and number of visits. Results show that average durations of fixation, 
maximum duration of fixation, and average time of a visit are highest in the first episode and steadily 
decline by episode 9, while the number of visits increases, as can be seen in Figures 15–19. Average 
pupil diameter is larger in low-light conditions (5–6 mm) and smaller in high-light conditions (4–5 
mm). Each episode contains six cognitive questions, represented as Q1–Q6 in episode 1 and Q49–Q54 
in episode 9 across the figures.  
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(a)       (b) 

Figure 15. Average duration of fixation (a) Episode 1, (b) Episode 9. 

  

(a)       (b) 

Figure 16. Maximum duration of fixation (a) Episode 1, (b) Episode 9. 

  

(a)       (b) 

Figure 17. Average duration of visit (a) Episode 1, (b) Episode 9. 
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(a)       (b) 

Figure 18. Number of visits (a) Episode 1, (b) Episode 9. 

  

(a)       (b) 

Figure 19. Average pupil diameter (a) Episode 1, (b) Episode 9. 

Fixation duration is higher for low and high STAI scores but lower for medium scores, and it 
generally increases with NASA-TLX across episodes, as shown in Figure 20. The number of fixations 
has decreased as both NASA-TLX and STAI scores have risen, as shown in Figure 21. Average pupil 
diameter has also declined with higher NASA-TLX and STAI scores, as indicated in Figure 22. 
Additionally, Figure 23 shows that fewer fixations have occurred for incorrect answers compared 
with correct ones. 
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(a)       (b) 

Figure 20. Average duration of fixation changing with (a) STAI score, (b) NASA-TLX score. 

  

(a)       (b) 

Figure 21. Number of fixations changing with (a) STAI score, (b) NASA-TLX score. 

  

(a)       (b) 

Figure 22. Average pupil diameter changing with (a) STAI score, (b) NASA-TLX score. 
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Figure 23. Number of fixations changes with the error rate. 

This research reveals clear paĴerns in visual aĴention and cognitive load. Longer fixation 
durations and visit times in the first episode indicate stronger initial cognitive effort, which 
diminishes as the task becomes more familiar, suggesting a learning effect. Pupil diameter variations 
between low- and high-light seĴings match expected physiological responses. The increased number 
of visits after the first episode indicates a shift in the visual search method. Associations between 
fixation metrics and STAI/NASA-TLX scores indicate that higher workload leads to longer but fewer 
fixations [67]. Fewer fixations on incorrect answers than on correct ones suggest different 
information-processing strategies. 

3.6. Subjective Measures 

3.6.1. STAI Score 

STAI scores vary across episodes with changes in task and ambient variables (Figure 24). Noise 
and light show clear effects in the first four episodes. Episode 7 shows the highest score due to the 
most challenging conditions, i.e. high task speed and complexity, elevated noise, and low light, while 
episode 2 records the lowest score under favourable seĴings. Episodes 8 and 9 show comparable 
scores, indicating that replacing the robot with a human has minimal variance. The decreased stress 
trend in later episodes suggests a learning effect, as familiarity reduces mental tension. 

 

Figure 24. STAI Score for all task episodes for the factory workers’ stress assessment experiment. 
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3.6.2. NASA-TLX Score 

Figure 25 shows that the NASA-TLX scores for all episodes vary significantly depending on the 
task and the ambient conditions. 

 

Figure 25. NASA-TLX rating for all task episodes for the factory workers’ stress assessment experiment. 

The effects of noise and light are evident in the first four episodes, where workload perceptions 
fluctuate. Episode 9 shows the highest NASA-TLX score, indicating increased mental stress by the 
end of the experiment, while episode 1 records the lowest score, reflecting minimal cognitive load at 
the start. Overall, the NASA-TLX scores steadily increase across episodes, with early episodes, 
particularly episode 1, representing a low-strain baseline. Although noise and light influence stress 
in the initial episodes, the progressive increase highlights the combined impact of prolonged task 
engagement and growing fatigue on cognitive stress. 

3.7. Behavioural Measures 

3.7.1. Error Rate 

Figure 26 shows that error rates vary across episodes with shifts in environmental conditions. In 
the first four episodes, the combined influence of noise and light is evident. The highest error rate 
occurs in episode 3 when high noise is introduced, whereas episodes 4 and 8 record the lowest error 
rates under high light. Overall, noise spikes increase errors, while higher light levels help reduce 
mistakes, highlighting the sensitivity of error rates to sudden environmental changes. 

 

Figure 26. Error rate for all task episodes for the factory workers’ stress assessment experiment. 
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For the secondary task, episode 5 shows the highest error rate in Figure 27, highlighting the 
added difficulty introduced by this task. Episode 8 has the lowest error rate because the participants 
received the fewest damaged packs, while episode 9, where the most damaged packs were provided, 
shows more spread. 

 

Figure 27. Error rate for task episodes, including the secondary task for the factory workers’ stress assessment 
experiment. 

4. Limitations and Future Work 
Although this study shows strong potential for cognitive stress evaluation using neuroimaging, 

physiological data, and machine learning, several limitations must be acknowledged. The proposed 
framework does not operate in real time, limiting its use in dynamic, stressful environments, and 
currently depends on offline analysis followed by stress score prediction. The experiment has been 
conducted in a controlled simulation to study baseline stress paĴerns; it may not fully capture real 
workplace variability, such as unpredictability, environmental noise, or individual differences. The 
dataset used is relatively small, increasing the risk of overfiĴing [68]. The framework has only been 
tested with factory workers, restricting its robustness and generalisability across other occupational 
seĴings. 

Future research can contribute to strengthen the stress-assessment framework by enabling real-
time monitoring through an enhanced pipeline that integrates multimodal data with adaptive 
algorithms. Extending the framework to different occupational sectors would help evaluate its 
flexibility and improve its generalisability. Larger and more diverse datasets are also needed to 
extend the findings across various demographics, vocations and stress conditions. Improving 
physiological data quality remains important, as some artefacts could not be fully removed in this 
study; future studies should consider more accurate sensors with enhanced connectivity with the 
participant's body and experimental designs that minimise movement-related noise and artefacts. 
Overall, the framework can be advanced by using higher-quality and larger datasets, and adaptive 
real-time methods to broaden its application across a wider range of occupational contexts. 

5. Conclusions 
This study presents and validates a novel stress-quantification framework for factory workers, 

using machine learning to predict cognitive stress as a measurable and quantified entity. The 
experimental setup combines IQ-style cognitive questions with a pick-and-place activity in an HRC 
environment. The results demonstrate the effectiveness of integrating EEG and fNIRS features with 
feature selection and ensemble learning. Chi² has produced the highest classification accuracy, while 
ReliefF achieved the best regression performance, underscoring the importance of effective feature 
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selection for robust modelling. Ensemble techniques further improved predictive accuracy, yielding 
the best results for both regression (RMSE: 10.86) and classification (accuracy: 84.1%), with the STAI 
score outperforming NASA-TLX as the target measure. An Android app-based digital solution has 
been developed to provide a visual tool to interpret mental stress in the form of a stress scale. Gaze-
tracking analysis showed that fixation duration, number of fixations, visit duration, and pupil 
diameter varied with changes in process parameters. The average duration of fixation, number of 
fixations, and average pupil diameter are all affected by changes in subjective measures as well as the 
error rate. Changes in the levels of process parameters have an impact on NASA-TLX and STAI 
scores. Subjective variables have shown an elevated mental stress under adverse conditions. Overall, 
human-machine interaction, combined with ambient variables such as low light (50 to 60 lux) and 
high noise (above 80dB), raises the mental stress of a human participant. 

This study advances occupational stress research by demonstrating that a multimodal stress-
monitoring framework, combined with machine learning, can deliver meaningful insights and 
implementable solutions. The framework provides a solid foundation for future work, including real-
time stress evaluation, long-term stress tracking, and broader application across diverse work 
environments. Overall, the novel framework presented in this study is an important step toward 
safer, healthier, and more sustainable workplaces, enabling proactive stress detection, intelligent 
decision-making, and timely interventions. 
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