
XXIV Summer School “Francesco Turco” – Industrial Systems Engineering 

A framework for real-time stress evaluation in Industry 4.0 
manual assembly stations 

Capuozzo A. *, Gallo M. *, Grassi A. *, Murino T. *, Popolo 
V. *, Tedesco A. ** 

* Dipartimento di Ingegneria Chimica, dei Materiali e della Produzione Industriale, University of Napoli Federico II,
Piazzale Tecchio, 80 80125 - Napoli – Italy (alessandra.capuozzo@gmail.com, mose.gallo@unina.it, 

andrea.grassi@unina.it, murino@unina.it, v.popolo3@gmail.com) 

** Dipartimento di Scienze Chimiche, University of Napoli Federico II, Strada Comunale Cinthia, 26 80126 - 
Napoli – Italy (annarita.tedesco@unina.it) 

Abstract: The new Industry 4.0 production paradigm has been determining a big leap ahead regarding human-
machine interaction in production systems. To this extent, the introduction of collaborative/cooperative robots 
(COBOTs) and AR devices in industrial workplaces points out new issues concerning stress assessment in new work 
contexts also considering the real-time measure of stress levels to drive action on manufacturing activities. This pilot 
study was developed in view of finding a way to detect in real time the impending stress situation in assembly 
stations. We analysed stress through the administration of questionnaires and by means of an EEG tool. The sample 
consisted of 10 university students between 20 and 30 years old, half performed a testing session in stressful 
environment, while the other half not. The participants were requested to perform two different tasks, one implying 
only cognitive abilities and one involving also assembly activities in a controlled environment. Results show that both 
tasks induce comparable stress levels, indicating that it is possible to relate stress levels deriving from cognitive and 
assembly tasks. Moreover, these results were also used to carry out a first assessment regarding the possibility to 
adopt real-time EEG systems for stress monitoring. 
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1. Introduction

Today, companies are challenged to be efficient as well as 
effective while operating in “mass customized” markets. 
In fact, they are required to promptly satisfy a highly 
variable customer demand, while maintaining high 
throughput and service level (Yin et al., 2018). The new 
Industry 4.0 production paradigm has been helping them 
to pursue this difficult aim while significantly changing the 
way manufacturing systems are conceived and operated 
(Lee et al., 2015; Zhong et al., 2017). On an operational 
perspective, this transformation permits to improve the 
coordination between the various production stages and 
resources by introducing and, at the same time, better 
integrating several information and communication 
technologies (Ghobakhloo, 2018). A relevant case of these 
digital transformation technologies is represented by 
intelligent robots (Oztemel and Gursev, 2018). The recent 
and rapid development of robotics (specifically, 
lightweight robotic systems - LWRs) and AI technologies 
made possible human-robot cooperation and interaction 
(HRC) in industrial workplaces by the introduction of the 
so called collaborative/cooperative robots, e.g. KUKA 
iiwa, ABB YuMi, Rethink Baxter and Rethink Sawyer 
(Weber, 2014). This produced a big leap ahead in 
manufacturing systems flexibility as these robots are 
capable of working side by side with human operators, 
especially in product assembly stages. Despite the benefits 
that this technology may offer to modern manual 

assembly stations, its adoption is likely to generate 
implications also from psychological, social and 
organizational perspective. In fact, while safety issues are 
still topping the priority list in human-robot collaboration 
researches, several other aspects of this collaboration need 
to be scrutinized (Liu et al., 2019). The effectiveness of 
future workplaces will depend not only on the effective 
employment of the other digital technologies and on the 
safe operation of robots, but also on the creation of 
suitable working and “co-working” conditions. This 
requires an encompassing and careful evaluation of all the 
aspects concerning the aforementioned integration. In this 
regard, one of the critical issues is the availability of 
adequate methodologies and tools to gauge some 
operator’s subjective parameters (e.g. operator’s cognitive 
functions, strain and stress) related to the new workplace 
organization. 

In fact, modern workplaces are prone to induce stressful 
conditions and occupational stress is widely recognized as 
one main cause of absenteeism, loss of productivity, 
quality and safety issues. Besides organizational aspects, 
occupational stress has consequences also at individual 
level as it may produce anger, anxiety, depressed mood, 
mental fatigue, and sleep disturbances. It may result in 
physical diseases or burnout in the worst cases (Van der 
Klink et al., 2001). With reference to industrial 
workplaces, several contextual factors, such as work task, 
availability of adequate tools and support, worker’s 

20



XXIV Summer School “Francesco Turco” – Industrial Systems Engineering  

physical conditions or shop floor microclimate conditions, 
do influence workers’ well-being (Neubauer et al., 2015). 

Therefore, within the general theme of HRC and with 
reference to the problem of investigating the complex 
interactions that may arise in Industry 4.0 assembly 
workstations, the present work takes a first step toward 
the development of an experimental methodology to 
measure in an objective manner and in real time the 
operator’s psychological conditions while performing 
predefined tasks. This paper presents also the results of an 
experimental piloting campaign devoted to validate the 
proposed methodology and the embedded measurement 
tool in a particular test setting. This research activity is to 
be framed into a wider ongoing research project aimed at 
investigating those issues related to the introduction of 
robots into manual assembly scenarios. 

The remaining part of this paper is organized as follows. 
Section 2 provides the readers with the necessary 
background and relevant literature. Section 3 fully 
describes the proposed methodology as well as the 
measurement tool. Section 4 provides a statistical analysis. 
Section 5 shows the results of the experimental campaign. 
Section 6 discusses these results. While section 7 
concludes the paper, section 8 identifies future 
developments. 

2. Background and relevant literature 

Despite the massive diffusion of information and 
communication technologies in Industry 4.0 workplaces, 
the role of the human factor will be still crucial to smart 
industry fully development (Liboni, 2019). This centrality 
appears to be still more relevant when considering the fact 
that humans continuously interact with the various 
deployed technologies during the daily activities. 
Unhealthy interactions, in fact, may hinder the advantages 
these technologies are intended to bring. 

The importance of human factor in assembly operations is 
widely recognized and has been investigated under 
different perspectives. A great deal of research effort 
addressed the problem of integrating risk ergonomic and 
productivity issues while designing assembly systems (see 
for instance Battini et al., 2011; Öner-Közen et al., 2017; 
Otto & Battaïa, 2017; Sobhani et al., 2017). Other studies 
focused on cognitive aspects affecting human 
performance in assembly stations (see, for instance, Brolin 
et al., 2017; Thorvald et al., 2017; Fan et al., 2018). 
However, to the best authors’ knowledge, no previous 
research dealt with the problem of including the 
operator’s psychological (stress) conditions when 
designing and managing assembly workstations. 

Worker stress in industrial workplaces can be linked, 
among the others, to shop floor practices and some 
models relate stress to job demands (physical and 
psychological – cognitive load); job control and social, 
physical and technical support (Karasek and Theorell, 
1990). High stress jobs are those with high job demands, 
low job control and low social support. While evaluating 
the impact of lean practices, Conti et al. (2006) verified 
some hypotheses with reference to the relationship 
between operator’s stress and the above mentioned 

categories. In particular, the authors verified a relationship 
between stress and, for example, cycle time, work pace 
control and autonomy of work organization. 

2.1 Stress recognition and evaluation methodologies 

Although the first studies on stress deal with mice and 
date back to 1932, only in the twentieth century this 
phenomenon has been characterized and investigated in 
human (social and working) activities. In its more 
widespread meaning, job stress is to be intended as the 
physiological and psychological reaction occurring when 
individuals meet a threat or challenge, and the individuals’ 
perception, whether consciously or subconsciously, is that 
it is beyond their immediate capacity (Cranwell-Ward, 
1998). While, in general, the factors inducing stress remain 
unpredictable and subjective, literature identified some 
environmental features that identify a stressful context. 
Moreover, in order to further investigate work related 
stress, literature distinguishes between contextual and load 
factors (Matthews et al., 2002). 

Attention to occupational stress is to be considered an 
indicator of the social, economic and cultural 
development of countries. An adequate evaluation and 
management of the effects of stress in workplaces still 
represent an important issue for social systems and 
government agencies as well. However, this issue turns 
out to be quite challenging because of the subjective 
response of humans to stress. 

Basically, stress can be measured by applying (i) 
psychological questionnaires or (ii) by measuring 
physiological parameters such as heart rate variability, 
blood pressure, skin conductance, blood concentration of 
cortisol, brain activity and so on. As it can be argued, 
while questionnaires permit only ex-post evaluations, 
monitoring some physiological parameters gives evidence 
of stress onset during an activity. In this way a real time 
stress status could be measured and managed to prevent 
its negative effects. The advances in the area of wearable 
sensors make this latter option technically feasible and 
even more practical. 

One interesting technology to detect brain activity 
changes in limbic system and frontal regions is 
electroencephalography (EEG). This technology is widely 
used to gauge stress conditions as it is simple to 
implement and little intrusive. EEG records the shape of 
the electric wave formed by the electric action potentials 
during synaptic excitations and dendritic inhibitions. 
Signals acquired from a particular lobe, such as the 
temporal one, exhibit high resolution, this is the main 
feature that promotes EEG to detect stress signals 
reactions. EEG signals are classified by frequency (α, β, γ, 
δ) and rapid changes of beta waves frequency, or 
reduction in the frequency of alpha waves are the main 
features that indicate stress conditions. Literature presents 
several applications of EEG-based wearable devices for 
stress recognition in different contexts (see, for instance, 
Setz et al., 2010; Jebelli et al., 2018). 

2.2 Research gaps and objectives 
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Despite Industry 4.0 assembly workstations could take 
advantage of many innovative technologies, they are 
exposed to the risk of becoming more stressful 
workplaces. Therefore, they call for appropriate and, 
hopefully, real time stress evaluation methodologies. 
While studying human-robot interaction, Kato et al. 
(2010) analyzed the mental strain experienced by the 
operator as a result of improper assembly support in an 
advanced cellular manufacturing system. The authors 
accounted for cognition and emotion parameters by 
means of NASA-TLX questionnaire and physiological 
parameters such as critical flicker frequency (CFF) 
respiratory sinus arrhythmia (RSA). Moreover, Miller-
Abdelrazeq et al. (2019) used questionnaires to assess the 
psychological effects on operators of variable cycle time in 
human-robot assembly stations. Still in human-robot 
collaboration, EEG, as real-time technology, has been 
used in industrial workplaces as a means of 
communication (Mohammed and Wang, 2018) and for a 
safe and efficient collaboration (Kaipa et al., 2018; 
Sadrfaridpour & Wang, 2018). 

Hence, the objective of this paper is to propose a 
methodology to detect stress conditions in operators while 
performing tasks requiring a certain cognitive load, that is, 
a usage of certain amount of cognitive abilities. The 
experimental setting is intended to reproduce real working 
situations in manual assembly stations. In particular, 
certain contextual and job-related factors are considered. 
The methodology fully exploits the capability of 
questionnaires to gauge stress in operators. Further, it 
integrates the potential provided by EEG technology to 
monitor real-time stress conditions. 

3. Methodology description 

In this pilot study we recruited seventeen volunteers, 
students at Federico II University, in Naples (eleven 
females and six males; mean age 24,82), ranging from 20 
to 30 years old due to the following reasons: (I) one of the 
task uses a specific calibration that is different among age 
and education (Stroop, 1935); (II) the evaluation of 
perceived stress could differentiate from age, becoming a 
possible confounder. Because of the goal of this study and 
of the above reasons a sample that was as homogeneous 
as possible was considered. Seven participants were 
excluded from the experiment (six females and one male). 
All participants signed a consent form and a privacy form 
before participating to the study. Three experimenters 
were involved: a psychologist (exp.A) and two researchers 
(exp.B and exp.C). The study was divided into three steps: 
a screening step, to evaluate the eligibility of the sample, a 
first experimental step and a second experimental step. 

3.1 Screening step 

In this part of the study all participants were tested in a 
quiet and isolated room situated in University department 
in order to evaluate general cognitive performance 
(suitable to the experimental tasks), general anxiety and 
depression evaluation to avoid possible confounders 
related to subjective cognitive performance and emotional 
status of participants.  

The exp.A tested short-term memory, attention, divided 
attention. The psychologist administered questionnaire to 
evaluate general anxiety and depression states. Seven 
participants were excluded from the study due to the 
following reasons: (I) excessive usage of smoke; (II) high 
score in anxiety and depression at questionnaires, 
obtaining scores over the cut off; (III) low performance at 
short memory tests, under the cut off; (IV) one participant 
decided to drop out to the study.  

Finally, the remaining ten participants (5 females and 5 
males), included in the overall study, had no specific 
health problems, no use of psychoactive drugs, no vision 
problems, no head trauma history, no under 
psychotherapy intervention, no excessive usage of smoke 
and/or alcohol and/or drugs. This screening step lasted a 
twenty minutes. 

 The volunteer which performed both experimental step 1 
and 2, were equally divided between males and females in 
two groups: group A, without stress factors and group B, 
with stress (see Table 1). 

Table 1: Terminology 

 

 

 

 

 

 

 

 

 

3.2 Tools included into step 1 and 2 

When starting testing step 1 and 2, participants came 
back, in two different days, to the department of the 
University. For each step, exp.B wore participants with 
EEG equipment. Then, exp.A administered STAI State 
form (Spielberger, 1983) to evaluate anxiety state in that 
specific moments and the Rosemberg inventory 
(Blascovich, and Tomaka, 1993) to evaluate participants’ 
self-esteem with the instruction to fill in the inventory 
considering that specific moments, both as pre- and post- 
tests. The experimental test in step 1 was a long-version of 
the Stroop test (Stroop, 1935), while the experimental test 
in step 2 was an assembly task using Lego Mindstorm. We 
decided to use Lego because one of the aims of the 
present study was to recreate, as much as possible, a 
context like an assembly station. It is not the first time 
that bricks are used to simulate an assembly station in 
Industry 4.0 context (De Vin & Jacobsson, 2017).  

During the LEGO task, participants are required to 
assembly a LEGO prototype using the provided bricks. 
The prototype consists of small bricks, different materials 
(e.g. plastic or rubber objects), different colours and 
pieces that showed some similarities (e.g. similar shape but 
different colour, similar colour but different size). 

Terminology 

Exp A Psychologist 

Exp B Researcher 

Exp C Researcher 

Group A without stress factors 

Group B with stress factors 
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 During tests, exp.B gave information about errors. At the 
end of the two experimental tests, participants filled in a 
rating scale of the experience in Likert scale -1/7- (see 
Table 2). Finally, exp.C came in the room to put 
participants into a relaxing state. Each testing session 
lasted a twenty minutes. 

Due to the experimental LEGO model, we decided to 
include also the Stroop task because it was often used in 
different contexts as a challenging task (Mazloumi et al., 
2014). 

With regards of EEG methods, we report the 
specifications of the hardware used to carry out the stress 
assessment. Signals were recorded at 256 samples/s using 
the low cost, comfortable, wearable, fully open hardware 
and software device Olimex EEG-SMT. A device, made 
out of off-the-shelf components and with optimized 
metrological and real-time performance, is employed. An 
innovation was set up by a particular kind of dry 
electrodes, where the contact surface is extended by pins 
of conductive material, furthermore, dry electrodes allow 
to avoid the inconvenience of electrolytic gel in everyday 
use. The data recorded during all the test with a 
differential single-channel digitizer, with an EEG 
amplifier and an Atmel ATmega16 Alf and Vegard 
Reduced Instruction Set Computer processor 
microcontroller. Universal serial bus is used for both data 
communication and powering. A right-leg driver [driven 
right led (circuit) (DRL)] signal increases the common-
mode noise rejection of the differential signals. 

Table 2: Comparison of Group A and B 

 

3.3 Experimental procedure of step 1 and 2 

Group B performed test 1 and 2 in a stressed situation, 
while group A not. According to different authors 
(Matthews et al., 2002; Matthews et al., 2006; Matthews, et 
al., 1990; Matthews et al., 1999; Zeidner, 1998; Lazarus & 
Folkman, 1984), there are specific factors that identify a 
stressful situation. In the present study we decided to 
consider only possible stressful factors that workers can 
deal with in an assembly station job during an interaction 
with machines. Specifically, the considered factors were: 
time, competition and high workload. All the information we 
gave were thought to simulate an assembly station 
context. Considering timing, we gave few minutes (3 
minutes) to complete the task; considering workload, to 
group B was requested to complete longer and challenging 

tasks that was not feasible to complete in the timing 
asked, while to group A was showed a shorter task that 
was possible to complete in 3 minutes; analysing the 
competition, groups had different fake information 
regarding performance of others; finally, considering 
competition, we gave information about their online 
mistakes to give them directions about their performance. 
In the group B, it was not feasible to participants to 
complete tasks, while in the group A, tasks and 
information regarding others’ performance were feasible 
to achieve (see Table 2 and Table 3). 

In all experiments, a single channel was used connecting 
two active dry electrodes to the positive and negative 
input of the EEG device, placed on Fp1 and Fp2 points 
according to 10-20 placement standard, and a passive 
electrode for common mode noise rejection, set on the 
earlobe, using a clip, in contact with skin where no brain 
potential is measured. The Fp2 electrode has the 
peculiarity of silver spring loaded pins soldered on it. 
Table used 

Table 3: Questions used during the rating scale. 

 

4. Statistical Analysis 

Data acquired from parametric STAI and Rosemberg 
tests, a posteriori questions and tasks performance were 
normalized in order to compare different scales acquired 
during the testing session (index: performance, anxiety, 
self-esteem, perceived stress, motivation). Using this 
normalization, we were able to make a single stress index 
(parametric stress index) used to evaluate the general 
stressed induced to participants, as the sum of the 
normalized indexes (see Table 4).  

We analysed this index using Minitab 17. We used one-
way ANOVA to evaluate stress index on groups, on 
Stroop/Lego tasks and on EEG stress index. We used a 
one-way ANOVA to evaluate motivation index on Stroop 
and Lego tasks. We used two-way ANOVA to analyse 
stress index on groups and Stroop/Lego tasks. 
Significances level set at D=.05. 

To analyse EEG stress index, we used the power within 
the alpha frequency band (8–12 Hz). The feature 
extraction codes were written in MATLAB R2018b. The 
data recorded during all the test with a differential single-
channel digitizer, sampling at a maximum real-time rate of 
256 Sa/s. Once the encephalographic signal is acquired, it 
has been divided in 3 phases of 3 minutes each, according 
to the experimental parametric protocol. 
The threshold is chosen, for the first denoising, as +/-250 
µV and then, the signal is transformed in the frequency 
domain, using spectral analysis Fast Fourier Transform 

Stroop/Lego task 
Group A Group B 

Questionnaires (Pre-test) Questionnaires (Pre-test)
  

Experimental 
Task (Stroop/Lego) 

Experimental
Task (Stroop/Lego) 

Low time pressure High time pressure 
Low workload  High workload  
Low competition High competition 
  
Questionnaire (Post-test) Questionnaire (Post-test) 
a posteriori questions a posteriori questions 

A posteriori questions Evaluation
How much did you feel motivated 
during the execution of the task? Motivation 

How much did you feel stressed 
during the testing session experience? 

Perceived 
stress 
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(FFT). This algorithm uses the in-built Matlab FFT 
instruction to identify the EEG frequency components of 
alpha frequency band. The mean value of FFT amplitude 
of alpha band has been evaluated every 512 samples, 
representing 2 seconds of EEG registration. 

The representative mean values for each period of 3 
minutes have been calculated. Then, the difference 
between the mean value of first phase and the second 
phase (representing the Stoop or Lego test), and the 
difference between the third phase and the second have 
been calculated. Finally, the mean value of the two latter 
differences has been found that symbolize an EEG stress 
index 

 

Table 4: Result and classification 

 

5. Results 

The One-way ANOVA evidenced a significant difference 
between groups in Stroop task, indicating that Groups B 
was more stressed compared to Group A (F=7,49; 
p=.026). The One-way ANOVA did not reach a 
significance between groups in Lego task, but it showed a 
tendency (p=.071), indicating that Groups B tended to be 
more stressed compared to Group A. Considering 
motivation index, there was no difference between Stroop 
and Lego tasks, meaning that Groups A and B were 
equally motivated during both tasks.  

While restricting ourselves to stress index, the One-way 
ANOVA did not show any significance of gender, the 
Two-way ANOVA showed a significant difference 
between groups (F=11,79; p=.003) and no interactions 
among tasks and groups, indicating that Group B showed 
more stress compared to Group A in both tasks (see Fig. 
1). 

Group A Group B

 
Figure 1: ANOVA analysis of parametric stress index 

between groups. 

We also found a significance difference in motivation 
between groups in Stroop task (F=14,52; p=.005) and a 
tendency in Lego task (F=1.11; p=.323), indicating that 
Group B was less motivated that Group A.  

EEG stress index did not show any significance between 
groups. We speculated that this lack of significance could 
be related with motivation difference between groups, 
meaning that during tasks participants in Group B became 
demotivated. To evaluate this hypothesis, we decided to 
compare parametric stress index and EEG stress index 
only on participants in Group A during Stroop task. The 
indexes, at the present, cannot be compared using 
statistical analysis, then we decided to compare the 
ranking from the highest to the lowest values of indexes. 
At a first observation, the ranking of Group A seems to 
follow a similar trend, suggesting that the lack of 
significance between groups could be linked to a change 
of encephalographic signal in Group B (see Table 4). 

 

6. Discussion 

To our opinion, the analyses on this pilot study disclosed 
important aspects in relation between high workload tasks 
and stressing work context. At a first analysis, the lack of 
significance of increase of anxiety, decrease of self-esteem, 
performance and perceived stress should evidence that 
Group B, the one that should feel more stressed, felt 
stressed as well as Group A, the one that should feel less 
stressed. But, the significance difference between groups 
on motivation brought us to think that it is possible that 
participants in a more stressed situation implemented 
coping strategies due to the excess of felt stress. More in 
detail, our hypothesis is that during the task, Group B felt 
so stressed from the stressing environment (time pressure, 
competition, workload) that reversed their motivation in 
demotivation. This coping strategy defined a series of 
consequences, so after the demotivation process, they 
could feel more relaxed, explaining why we did not find 
any significance on anxiety index. We can conclude that 
participants in Group B felt more stressed than Group A 
and so they developed a coping strategy to face with this 
feeling.  

In order to assess workers’ levels of stress during 
manufacturing activities, we analysed if stress induced by 
Stroop task was similar to stress induced by Lego task. 
The analysis on Stroop stress index and Lego stress index 
in this pilot sample evidenced that both tasks, in a similar 
context, induced a similar amount of stress. This implies 
that it could be indifferent using Stroop task or Lego task 
to evaluate stress index. 

A second aim of this study was to validate EEG 
methodology to use it in real-time during manufacturing 
activities. With this goal, we tried to find a similar stress 
index (EEG stress index) to evaluate if it is possible to 
compare participant’s parametric stress index with EEG 
stress index. At present, we were not able to compare 
statistically these indexes, probably related to the 
demotivation coping strategy implemented by Group B, 
that is, it is possible that the frequency band analysed in 
this pilot could not perceive a change in encephalographic 

Parametric EEG 
Parametric 
Stress index ID Group A ID Group A EEG stress 

index 
1,3796093  5 12 1,017709 
0,69132907  12 5 0,74907 
0,54383451  4 17 0,02133 
0,13626087  17 4 -0,03636 
‐0,0598737  15 15 -0,12816 
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signal due to a demotivation process. In any case, 
considering just Group A, that is, the participants who did 
not show any demotivation process, we noted that using 
parametric stress index and EEG index the rankings were 
almost comparable, suggesting the use of coping strategy 
by Group B. 

7. Conclusions 

This study was a first attempt to identify a real-time 
methodology evaluating stress levels (second aim) in 
workers during manufacturing activity (first aim). In an 
assembly station, the ability to detect in real time 
incumbent stress situation can be adopted, for instance, to 
dynamically tune the response time of COBOT or to 
provide the operator with customize task assembly 
instructions by means of augmented reality devices. To 
achieve these aims, we asked participants to perform two 
tasks, that are a cognitive task already used to induce 
stress (Mazloumi, et al., 2014), and a task developed to 
simulate activities performed in a manufactory context. 
Owing to the absence, to our knowledge, of Lego task 
used to induce stress in participants, we needed to analyse 
if a cognitive task and a Lego task would induce a similar 
level of stress in identical context. Our results from this 
first pilot study evidenced that Lego and Stroop tasks 
induce a similar level of stress. Even if we did not find any 
significance in performance between groups during Lego 
task, our results could imply that in a long-term situation, 
workers could demotivate affecting not only their health 
but also the quality of job.  Future works could be 
developed considering only Lego task features.  

In order to propose a real-time methodology to assess the 
specific moment in which workers start to increase their 
stress levels, we analysed alpha frequency band. Due to 
coping strategies implemented by participants in Group B, 
we did not be able to validate this real-time methodology. 
However, we are confident that this impossibility is linked 
to demotivation process, because of comparable ranking 
of Group A using parametric and EEG stress indexes.  

8. Future developments 

Considering current data, we intend to go through with 
this work emphasising two relevant issues. 

Our first aim in the near future is to validate EEG 
methodology to find a comparable stress index, 
controlling levels of motivation and comparing different 
levels of stress without the implementation of coping 
strategies, so analysing level of stress without a subsequent 
relaxing phase due to the demotivation.  

The second aim is to evaluate the specific moment in 
which the stress context became so hard that participants 
implement coping strategy to deal with an excess of 
perceived stress. 
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