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ABSTRACT This systematic review provides a comprehensive analysis of studies that use electroen-
cephalography (EEG) and functional near-infrared spectroscopy (fNIRS) to investigate how acute stress
affects decision-making processes. The primary goal of this systematic review was to examine the influence
of acute stress on decision making in challenging or stressful situations. Furthermore, we aimed to identify
the specific brain regions affected by acute stress and explore the feature extraction and classification
methods employed to enhance the detection of decision making under pressure. Five academic databases
were carefully searched and 27 papers that satisfied the inclusion criteria were found. Overall, the
results indicate the potential utility of EEG and fNIRS as techniques for identifying acute stress during
decision-making and for gaining knowledge about the brain mechanisms underlying stress reactions.
However, the varied methods employed in these studies and the small sample sizes highlight the need
for additional studies to develop more standardized approaches for acute stress effects in decision-making
tasks. The implications of the findings for the development of stress induction and technology in the
decision-making process are also explained.

INDEX TERMS Acute stress, electroencephalography (EEG), functional near-infrared spectroscopy
(fNIRS), decision making.

I. INTRODUCTION

In recent years, stress has become a major concern, as it
is affecting different groups of people. The COVID-19
pandemic has caused a rise of 25% in the prevalence of
anxiety and depression worldwide, according to scientific
research report published by the World Health Organization
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(WHO). The executive summary of this report listed the most
impacted groups and outlined how the pandemic affected
people’s abilities to seek mental health care [1]. A study
conducted in Malaysia during the COVID-19 lockdown in
April 2020 found that of 716 adults, 70% reported stress, 76%
reported anxiety, 42.3% reported depression, 29% actively
handled stress, and 40% used humor as an escape from
depression [2]. The implementation of movement control
orders (MCOs) in response to the COVID-19 pandemic
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seriously impacted the mental health of working adults in the
United Kingdom. According to data analysis from the Office
of National Statistics, the prevalence of moderate-to-severe
depression among working adults increased from 5.5%—7.5%
before the pandemic to 18.0%—-19.7% during the pandemic.
In contrast, the depression rate among non-working adults
did not fluctuate significantly, from 24.8% before the
pandemic to 26.6% during the pandemic [3]. A study
by researchers from three different universities surveyed
500 college students and found that their mean scores for
depression, anxiety, and stress were 15.08, 18.24, and 19.02,
respectively. The frequencies of depression, anxiety, and
stress among the university students were 75%, 88.4%, and
84.4%, respectively. The findings of the study showed that
the prevalence of depression ranged from normal (25%) to
extremely severe (8.6%), that of anxiety ranged from normal
(11.6%) to extremely severe (46.8%), and stress ranged
from normal (15.6%) to severe (13.2%) [4], [5]. Stress is a
major public health issue that can have a significant impact
on both individuals and society. It can lead to increased
healthcare costs, decreased productivity. The development of
generalized, efficient, and robust emotion detection systems
or stress detection systems is a promising area of research
that has the potential to significantly impact the way we
understand and manage stress [6]. These systems could help
to identify people who are experiencing stress and provide
them with the support they need. It could also help to prevent
stress from becoming a more serious problem [7]. Acute
stress can be conceptualized as the outcome of a cognitive
evaluation or interpretation of a psychosocial stressor that
exceeds an individual’s coping capacity [8]. psychological
stress was originally defined by pioneering theoretician,
Hans Selye, as ‘“‘the non-specific response of the body
to any demand for change” [9]. stress is also utilized in
various fields, such as mechanical systems and materials.
Special controllers, like optimal controllers, are employed to
regulate stress in these systems [10]. In humans the stress
response is initiated when the amygdala perceives a threat
through sensory input, resulting in increased activity of the
amygdala [11], and activation of the hypothalamic—pituitary—
adrenal (HPA) axis, a major hormonal system involved in the
response to stress [12], [13], [14], [15]. The HPA axis plays
a crucial role in preserving the homeostatic equilibrium by
transmitting the central stress response to peripheral body
systems [10]. In the long term, excessive activation of the
HPA leads to an increase in heart rate and blood pressure [12].
The detection of acute stress among individuals can be
accomplished using physiological signals acquired through
various methods such as electrocardiograms (ECG) and
galvanic skin responses (GSR). The integration of machine
learning techniques and wearable technology in healthcare
has the potential to significantly benefit society [16], [17].
Neurophysiological devices that utilize techniques such as
electromyography (EMG), electroencephalography (EEG),
electrocorticography (ECoG), and evoked potentials (EP)
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have been used to gain a deeper understanding of accurate
and unblemished information in psychiatry. Other commonly
used physiological sensors to study psychological responses
include heart rate variability (HRV), functional magnetic
resonance imaging (fMRI), and functional near-infrared
spectroscopy (fNIRS) are also used to study the psycholog-
ical response. Data from electrophysiological (e.g., EEG)
and hemodynamic (e.g., HRV, fNIRS) sources may be
pre-processed to extract relevant features such as stress level
and cognitive load. To achieve better signal classification,
the support vector machine (SVM) and K-nearest neighbor
(KNN) algorithms are among the most commonly used
machine learning methods for the classification purposes.
Acute stress can have a significant impact on decision-
making, including risk-taking. Although acute stress can
sometimes lead to increased risk taking, it can also lead
to more risk-averse decisions [18]. Recent review papers
have shown that stress can alter decision-making. This
is because stress affects the neural regions of the brain
that are responsible for decision-making, such as the hip-
pocampus, prefrontal cortex (PFC), ventrolateral prefrontal
lobe, orbitofrontal cortex, anterior cingulate cortex, ventral
striatum, and mesolimbic dopaminergic system [18], [19],
[20]. In everyday life, we must weigh the importance of
making quick decisions against the need for caution. This is
known as the speed—accuracy trade-off [21]. When we are
under stress, it is more likely that we make quick decisions,
even if they are not appropriate. Previous research has
demonstrated that exposure to acute psychosocial stress can
influence ethical decision making; however, little is known
about possible gender-based differences or the impact of
personality on this phenomenon. A recent study found that
stress increases arousal and negative emotions and negatively
affects decision-making in different ways for men and women
[22]. Additionally, other studies have examined the effects of
stress in three phases, anticipation, reactivity, and recovery.
Here, stress was induced by applying acute laboratory-based
physiological stressors to healthy adults [23]. The impact
of psychological stress and cortisol on decision-making
in both healthy individuals and those with stress-related
disorders can lead to negative outcomes that affect healthcare
workers’ attention, cognition, and clinical decision-making.
This can have significant detrimental effects [24]. Decision
making is an important process that is often conducted
under stressful conditions. For example, in resuscitation
situations, decision making is essential for saving lives [25].
Adolescents are particularly sensitive to stress when making
decisions, which can lead to risky choices. The relationship
between acute stress and decision-making is bidirectional.
Thus, acute stress can affect the quality of decisions, and
the decision-making process can evoke acute stress [22].
Previous studies have shown that acute stress can influence
decision-making and risk-taking. However, the effect of acute
stress on decision making varies depending on the context.
For example, when decisions provide little or no probabilistic
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information (i.e., are ambiguous), stressed females may be
more risk-averse and males may be more risk-seeking [26],
[27], [28]. In addition to acute stress, other factors can
influence decision-making. These factors include intuition,
personal traits, and relationships. Perception also plays a role
in decision making, as it can affect self-esteem, confidence,
self-worth, value, and equity [29]. Despite the extensive
research on the psychological impacts of stress, there remains
acrucial gap in understanding the specific neurophysiological
responses to acute stress during decision-making processes.
This gap highlights the need for a systematic review that not
only synthesizes the existing literature on the impact of acute
stress on decision-making but also examines the potential
of neurophysiological techniques, such as EEG and fNIRS,
to provide insights into the brain mechanisms affected by
stress. Addressing this gap is essential for developing targeted
interventions that can mitigate the adverse effects of stress on
decision-making, particularly in high-stress situations such
as those experienced during the COVID-19 pandemic. Thus,
this review aims to bridge this gap, offering a comprehensive
analysis that could inform future research directions and
intervention strategies. Answering the following questions
was the main aim of this systematic review:

« How does acute stress affect decision-making in various
stressful conditions?

« Would EEG and fNIRS be able to detect the effect
of acute stress on decision making, and what are the
available validation methods?

o What is the latest computational method used to extract
and classify EEG and fNIRS data?

The answers will help readers broaden their understanding
of current research on the subject, providing a comprehensive
summary of the numerous emerging experiments, issues,
and themes. The remainder of this paper is divided into
six sections. The background of acute stress, decision-
making, acute stress induction techniques, and physiological
measurements is covered in the following section. The third
section outlines the methods used to carry out the systematic
review processes. The results are presented in the fourth
section, and a discussion is reported in the fifth section. The
limitations and future direction are presented in the sixth
section, and finally the conclusion of this systematic review
is presented.

Il. BACKGROUND

A. ACUTE STRESS

Selye, a pioneer in stress research, first conceptualized stress
as “‘the non-specific response of the body to any demand for
change” [30]. Acute stress can affect cognition in several
ways, acting rapidly via catecholamines, and more slowly via
glucocorticoids. Catecholamines act through beta-adrenergic
receptors and the availability of glucose. They produce
rapid changes in cognition such as increased attention
and arousal. Glucocorticoids elicit biphasic modulation of
synaptic plasticity over time and induce enduring alterations
in dendritic structures that persist for weeks. They can have
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both positive and negative effects on cognition depending on
the dose and duration of exposure. Prolonged stress exposure
can lead to neuronal loss, particularly in the hippocampus.
The hippocampus is an important brain region involved
in memory formation. Recent investigations have indicated
that cognitive impairments related to glucocorticoids and
stress, particularly those affecting declarative memory, are
likely linked to their impact on the hippocampus. Declarative
memory is a type of memory that involves the conscious
recollection of facts and events. The acute effects of
stress on emotionally laden memories are hypothesized
to involve other structures such as the amygdala. The
amygdala is an important brain region for emotional pro-
cessing [31]. Acute stress is a fundamental construct in
biology and is broadly used in various applications, such as
the psychological, physiological, social, and environmental
domains. Within fMRI settings, numerous paradigms have
been developed for the patterns triggered by acute stress.
However, the existence of a global brain activation pattern
specifically linked to psychosocial stress remains uncertain
[32]. Originally defined by Selye [9], the concept of
stress transcended its former confinement to the acute
activation of the hypothalamic—pituitary—adrenal (HPA) axis
and subsequent sympathoadrenal responses to homeostatic
disturbances. Contemporary understanding acknowledges
that stress responses extend even to lower organisms and
individual tissues and cells [33]. Notably, as the concept
of homeostasis has been refined, the notion of stress has
undergone concomitant specification. For instance, oxidative
stress pertains specifically to disruptions in redox signaling
and control [34], whereas endoplasmic reticulum stress
denotes the strain induced by the accumulation of unfolded
proteins in the endoplasmic reticulum [35]. Broadening
the concept of homeostasis has facilitated the pervasive
incorporation of stress into various aspects of our culture,
making it a fundamental principle in the fields of biology,
medicine, and neuroscience. Its versatile applications have
been utilized in the examination of psychological, physio-
logical, social, and environmental phenomena. Subsequently,
after extensive research, Selye proposed a dichotomous
categorization of stress into ““eustress,” signifying beneficial
stress, and distress, representing harmful stress [36] Despite
this refinement, many researchers continue to adhere to
Selye’s “General Adaptation Syndrome” (GAS) framework
to define stress and interpret it as a potential threat to health.
The continuing divergence in conceptual interpretations in
scientific discourse highlights the complexity of stress as a
multidimensional phenomenon.

B. DECISION MAKING

Decision making is a complex process involving the collab-
oration of several brain systems. The PFC, amygdala, and
basal ganglia are important in decision-making [37]. The PFC
gathers and evaluates information, the amygdala processes
emotions, and the basal ganglia executes decisions [27], [38].
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For example, when you see someone waiting to cross
the street, you quickly identify whether it is your spouse,
boss, or a stranger, and respond accordingly. However, in a
rainstorm, it is more difficult to gather information about
a person owing to increased noise, and a longer period
of observation is required before deciding on a course of
action. This occurs because noise can make it more difficult
for the PFC to identify a person and can also increase the
emotional salience of the situation, which can lead to a fear
response from the amygdala. Decision-making is a complex
subject that has been extensively explored in various branches
of psychology. It encompasses a broad range of choices,
drawing inferences to select the most advantageous option,
and spans the continuum from uncertainty to certainty [18].
Men tend to exhibit riskier decision-making than women
in real-life situations, and the role of stress in influencing
this sex difference remains a topic of ongoing debate [39].
During adolescence, peer influence plays a critical role in
shaping decision-making, impacting health-compromising
risky behaviors, and positive psychosocial outcomes such as
learning, exploration, and prosocial behavior [40].

C. STRESS INDUCTION AND DECISION-MAKING
METHODS

The Trier Social Stress Test (TSST) is a well-established
laboratory-based stress protocol used for more than three
decades to elicit acute stress responses in participants. This
test comprises a 5-min simulated job interview, followed
by a 5-min mental arithmetic task, both conducted under
evaluative conditions. Extensive research has confirmed that
the TSST effectively activates the hypothalamic—pituitary—
adrenocortical (HPA) axis and other stress-mediating systems
[41]. In recent years, various adaptations of the TSST have
emerged, broadening its applicability. These adaptations
include the ““placebo TSST” [42], the “friendly TSST” [43]
and the group version (TSST-G), which was developed to
accommodate stress induction in a collective setting [44].
In addition, a virtual reality version (TSST-VR) was created
by incorporating immersive technology to simulate stress-
inducing scenarios [45]. Researchers have also adapted
the TSST to be used with children and have explored its
implementation online, resulting in an Internet-delivered
TSST (iTSST). The iTSST demonstrated efficacy in inducing
acute stress responses in participants, as evidenced by the
observed decrease in the root mean square of successive
difference (RMSSD) and an increase in heart rate in various
tasks, from resting to delivering a speech [46], [47]. Another
way of inducing stress is the Montreal Imaging Stress Task
(MIST), which is used to study the effects of stress on
decision-making. The participants in the MIST face a series
of financial decisions involving potential gains and losses.
Each decision has a fixed probability of success or failure,
and the participants are asked to choose the option they
believe would result in the greatest financial gain [48].
One decision-making approach that has been studied in the
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context of MIST is reference-dependent decision-making,
which involves using a reference point or benchmark to
evaluate options. For example, some studies have found that
individuals tend to be more risk averse when the reference
point is a loss and more risk seeking when the reference point
is a gain. This suggests that reference points can influence
how individuals weigh the potential risks and rewards of
different options, and how they make decisions in stressful
situations [49]. The effects of acute stress on cognitive
and emotional functions were investigated using the cold
pressor test as a psychological induction technique. The test
involves immersing one hand of the participant in cold water
(typically around 5-10 °C) for a set period, usually 1-3 min.
Cold water serves as the physical stressor, and participants’
physiological and psychological responses to the stressor
were measured [50]. The Stroop induction task is acommonly
used cognitive task that involves presenting individuals with
a list of words that are printed in colors that do not match
the words themselves (e.g., the word “red” printed in blue
ink). This task requires individuals to name the color of the
ink rather than the word itself. This task can be modified
to induce stress in individuals by adding time pressure or
other stressors, leading to a variety of effects on decision
making [51]. According to other research, stress may make
people more cautious in their decision-making because they
may select safer alternatives to relieve their stress [52].

D. OBJECTIVE AND SUBJECTIVE MEASUREMENT
EEG is a common choice for brain—-machine interface appli-
cations because it is relatively affordable, has high temporal
resolution, and is compatible with a variety of devices. EEG
has several advantages over other brainwave measurement
techniques, such as ECoG and magnetoencephalography
(MEGQG). First, EEG is noninvasive, which means that it does
not require electrode insertion into the brain [53]. Second,
EEG has a high temporal resolution, which means that it
can be used to measure changes in brain activity over very
short periods. Third, EEG is compatible with a variety of
devices, which means that it can be used in a wide range
of brain—machine interface applications [54]. However, EEG
has some limitations. First, EEG has relatively limited spatial
resolution, which means that it cannot be used to precisely
localize brain activity. Second, EEG is susceptible to various
artifacts such as muscle activity and eye movement. These
artifacts make it difficult to interpret EEG data.

fNIRS is a relatively new technique that uses light from
the near-infrared range to measure changes in the levels of
oxygenated and deoxygenated hemoglobin in the brain [55].
Although it has been used for studying brain blood flow for
over 20 years, its use in brain—computer interfaces (BClIs)
are relatively recent, dating back only a few years [56]. The
feasibility of fNIRS for BCIs has been demonstrated [57],
[58]. The motor cortex and PFC are good candidates for
fNIRS-BCI applications. The motor cortex allows for the
natural control of external devices through the BCI. The
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PFC is also a suitable option because it contains fewer
motion-related artifacts and signal weakening caused by hair
movement [59].

Ill. REVIEW METHOD

A. SEARCH METHOD

This systematic review followed the Preferred Reporting
Items for Systematic Reviews and Meta-Analyses (PRISMA)
guidelines [60], [61] also followed the PRISMA checklist
to ensure a comprehensive and transparent reporting of the
synthesis process. the included studies were searched for
English-language literature on the effect of acute stress
on decision-making. The search terms included combina-
tions of subject headings (/) and keywords (*“”*) [(“Acute
stress’” OR “‘stress*”” OR ““mental stress’”) AND (““decision
making” OR “Decision’””) AND (“functional near-infrared
spectroscopy” OR “FNIRS” OR “electroencephalog*”
OR “EEG”)]. The process is presented in Figure 1. The
search was conducted using PubMed, PsycINFO, IEEE, Web
of Science, and Scopus. Only full-text articles published
between 2014 and 2023 were included.

B. STUDY SELECTION CRITERIA

In this systematic review, all the acquired articles underwent
a two-step screening process, starting with a review of the
title and abstract, followed by a thorough examination of
the full text. Any disagreements regarding the inclusion
and exclusion criteria were independently examined by
two authors (A.A and N.K) and then resolved through
consensus discussions. The studies selected for inclusion
in this review focused on unmedicated healthy adolescents
and adults, aged 15 years and older, with no history of
neurological or psychiatric disorders. These individuals were
subjected to acute laboratory psychological stressors, and
their brain activity was measured using EEG or fNIRS.
Additionally, studies investigating specific populations (e.g.,
psychiatric patients) or interventions (e.g., pharmacological
interventions, meditation) were considered for inclusion if
they featured a control group that met the criteria, and
the data for the control group were reported separately.
To maintain the academic rigor of this review, certain types
of publications were excluded, including review articles,
meta-analyses, conference proceedings, editorials, letters,
case reports, and non-peer-reviewed articles. Furthermore,
conference abstracts were excluded from this review. The
timeframe for inclusion was limited to articles published
between 2014 and 2023, with the final date of inclusion being
August 31. Table 1 summarises the inclusion and exclusion
criteria for this systematic review.

C. DATA EXTRACTION

The primary author extracted and double-checked data from
the included articles. The extracted variables encompassed
various aspects, including population demographics. This
involved recording information such as sample size, mean
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TABLE 1. Summary of inclusion and exclusion criteria.

Criteria Inclusion Exclusion

Publication 2014 - 2023 Articles published before 2014 or
Year after August 31, 2023

Subjects Unmedicated healthy | Subjects with a history of neuro-

adolescents and adults,
aged 15 and older
Acute laboratory psy-
chological stressors

logical or psychiatric disorders
Interventions Pharmacological interventions,
meditation (unless with a control
group meeting the criteria)

Measurement | EEG or fNIRS Studies not utilizing EEG or

Methods fNIRS

Study Type Full-text articles Review articles, conference pro-
ceedings, editorials, letters, case
reports, non-peer reviewed arti-
cles, conference abstracts

Specific Pop- | Studies with specific | Studies without a relevant control

ulations populations (e.g., psy- | group
chiatric patients) if fea-
turing a control group
that meets criteria

Data Studies where data for
Reported the control group were
reported separately

Studies not reporting data for con-
trol groups separately

age, and the inclusion and exclusion criteria used in partic-
ipant selection. The experimental category covered details
related to the study design, stressors and decision-making
tasks, objective and subjective measurement methods, and
data analyses. In addition, the control condition implemented,
the cover story presented to participants, and any specific
timing considerations contemplated during the study were
recorded. Information about the number of channels used
in EEG and fNIRS and placement positions of the fNIRS
optodes and EEG electrodes was obtained. The specifications
for the EEG analysis included documenting the low pass
frequency, high pass frequency, and the procedures employed
for artifact removal during the EEG data analysis. Various
physiological measurements were collected including alpha-
amylase, cortisol, heart rate, HRV, electrodermal skin activity
(EDA), blood pressure, respiratory rate (RR), and responses
to state questionnaires. Additionally, the significant changes
observed in these studies were recorded. Through this
comprehensive data acquisition process, this review aims to
provide a comprehensive analysis of the relevant studies’
methodologies and results in the context of psychosocial
stressors and brain activity measured using EEG and fNIRS.

IV. RESULTS

In total, 588 studies were initially identified. Among these,
248 papers were excluded based on criteria such as full-text
availability in English language and relevance to human
subjects. After removing duplicate entries using Microsoft
Excel, the resulting count of distinct articles was 192.
Subsequently, a thorough assessment of titles and abstracts
led to the elimination of 133 additional papers. The remaining
59 studies were evaluated against the inclusion and exclusion
criteria. Upon closer examination of the full texts, 39 papers
were excluded, resulting in the final selection of 27 papers for
research analysis. Figure 2 shows the number of publications
by year between 2014 and 2023. This section explains
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FIGURE 1. Flow of information in accordance with the preferred reporting
items for systematic review and meta-analysis (PRISMA) guidelines.

the experimental design, followed by the physiological and
subjective measurement methods, and finally, data analysis
and processing techniques. The experiment design comprises
the study population and stressor techniques used to induce
acute stress. The physiological measurement methods include
all neurophysiological and imaging devices, such as EEG
and fNIRS. The subjective measurement methods include
the questionnaire and other self-assessment concepts. Data
analysis comprises pre-processing and feature extraction,
followed by machine learning and classification techniques.

A. RISK OF BIAS ASSESSMENT OF THE INCLUDED
STUDIES

In the evaluation risk of bias, the Cochrane risk of bias
tool [62] and the revised tool for assessing risk of bias
in randomized trials (ROB 2.0) [63] were employed, both
of which are specifically designed for the examination of
bias risk. The studies were independently examined by two
authors (A.A and N.K) across five principal domains where
bias might manifest. Following individual assessments,
discussions were held to reach a consensus on the findings.
This rigorous examination process entailed the review of
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FIGURE 2. Included studies by year of publication, from 2014 to 2023
(August).

27 articles, among which 2 were identified as having a high
risk of bias and 9 as presenting some concerns. It is noted
that articles assessed to have a low risk of bias were not
included in the summary table, a practice consistent with
other systematic reviews [25]. Table 3 shows the risk of bias
for the studies identified as having a high risk and those with
some concerns.

B. EXPERIMENT DESIGN

After including 27 studies in this systematic review, different
types of experimental designs and different setups were
identified. In this section, we explain the mainstream task
categories and setups. In a stressor task experiment, the goal
is to expose participants to a stressor to study the effects of
stress on various outcomes such as brain activity, cognitive
function, and performance. The design of the experiment
depends on the specific research questions being asked and
the outcomes in which the researchers are interested. The
design of a stressor task experiment could include various
components, such as personality testing, cognitive tasks,
and other performance measures. Additionally, the study
may involve multiple stages, such as data collection, pre-
processing, and analysis, to ensure that the results are reliable
and accurate. Table 2 summarizes the characteristics of the
included studies.

C. STRESSORS AND DECISION-MAKING TASKS

A stressor task is an activity that causes both stress and
anxiety. Stressor tasks can vary greatly in nature and intensity,
but some common examples include meeting tight deadlines,
giving presentations, taking tests, and dealing with difficult or
demanding people. Stressor tasks can be triggered by external
circumstances or events, or they may arise from within an
individual because of personal goals or expectations. Coping
with stressors often involves finding ways to manage and
reduce the stress and anxiety they create through techniques
such as time management, relaxation, or seeking support
from others. In a study [70] the subjects had to perform mental
arithmetic, auditory monitoring, visual monitoring, and
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TABLE 2. Study population, measurement methods, and machine learning algorithms of recent studies.

Study Participants | Age Stressor &  Decision- | Measurement | Analysis Method Area of Interests
Making Task Methods
[64],2023 | 198 35+20 | Lucky Door EEG Block-Sparse Bayesian learning (SBL) & | Para hippocampal &
Robust Linear Regression & T-test & | entorhinal
ANOVA & Tukey—Kramer post-hoc & lin-
ear mixed models
[65],2023 | 67 20-70 go/mo-go & N-Back & | fNIRS Binomial logistic regression & Spearman’s | Frontotemporal
Verbal Fluency rho & U-Test

[66],2022 | 24 19—24 | TSST BART fNIRS JCCB-FSC Sparse & 3rd order band-pass | Prefrontal Cortex

filter & modified Beer-Lambert

[67],2022 | 5 21—23 | Surgical endoscope simu- | fNIRS Low-Pass Filter & ANOVA Prefrontal Cortex

lator

[68],2022 | 51 15—39 | TSST P-TSST Lexical- | EEG & | Post-Hoc Tests & ANOVA & T-Test Corpus Callosum

decision task salivary
Alpha
amylases
[69],2022 | 33 / VR Simulation for Electri- | fNIRS Bandpass filter & Beer-Lambert Law & | Dorsolateral
cal Construction Shapiro-Wilk’s normality test & General | Prefrontal  Cortex
Linear Model (GLM) (DLPFC) &
Prefrontal Cortex
[70],2022 | 20 29+5 Mental Arithmetic Immer- | EEG & SC & | REBLINCA Method & Multi-channel | Parietal Lobes
sive driving simulator NASA-task Wiener Filter (MWF) & Band-pass filter-
load index ing

[71],2022 | 85 21—-60 | perceptual decision- | EEG & ERP Band-pass filter & ICA & Event-Related | Parietal-Occipital

making scenario & BART Potential (ERP)

[72],2021 | 20 18 —30 | Fish police EEG & Pulse | Welch’s power spectral density estimation | Cerebral Cortex
Rate  Mea- | & Arterial Pulse Variance Measurements
surements

[73],2021 | 39 30+3 | Sound Clips FNIRS & | Butterworth band-pass filter & Modified | PFC & Temporal
HRV Beer-Lambert Law & Sliding Window | Lobes

Correlation SWC & Dynamic FC & RF
[74],2021 | 84 2142 Iowa Gambling Task | fNIRS & | T-Test & ANOVA & MDL Prefrontal Cortex &
(IGT) & TSST_G salivary Left Temporal Lobe
Alpha-
Amylases
(sAA)

[75],2021 | 83 19—29 | BART TSST EEG & | Ocular artefact reduction & Low-pass | Frontal lobe & Pari-
salivary filter & Bonferroni test & ANOVA & | etal lobe & Occipi-
alpha- PANAS tal lobe & Temporal
amylases lobe
& HR

[76],2021 | 27 23+5 Newsvendor Problem | FNIRS Band-pass filter & GLM DLPFC &

(NP) orbitofrontal cortex
(OFC) & Frontal
Polar Area (FPA)
[77],2020 | 20 25+ 2 | Mathematical questions & | fNIRS & | Band bass filter & Independent compo- | prefrontal  cortex
Montreal Imaging Stress | HRV nent analysis (ICA) & Contingent Nega- | (PFC)
Task (MIST) tive Variation (CNN) & SVM & DNN &
RF
[78],2020 | 16 / VR factory shutdown fNIRS & Eye | Approximate Entropy (ApEn) & Beer | L/RDLPFC & L/R
tracker Lambert law & Bnd-pass filter & Kurtosis | Premotor Cortex &
wavelet & DT & RF & KNN & LR & NB | L/R Primary Motor
Cortex
[79],2020 | 15 32412 | Go/No-Go game EEG Zero-Phase Shift Butterworth Filter & | Frontopolar &L/R
Passband & Hanning Window & Notch | Anterior Frontal
Filter & L/R  Temporal
Parietal

[80],2019 | 81 22+1 Moral questions fNIRS & Sur- | Modified Beer-Lambert DLPFC
vey

[81],2019 | 41 18 —55 | Driving situation EEG ERSP & ERP & ICA & PLV & ANOVA & | Frontal & Temporal

(GLM-fit) & Low-Pass Filter & Parietal & Occip-
ital Lobe

[82],2018 | 40 25 Virtual Group Setting EEG & Sur- | FFT & Spectral Power Across & | PFC
vey Bonferroni-Corrected & Low  Pass

Filter & Hanning Window

[83],2018 | 50 19—39 | linguistic ambiguity in En- | EEG & ECG | Bandpass Filter & FFT Based Welch’s Pe- | Parieto-Occipital

glish (foreign) sentences & HRV riodogram & ICA

[84],2017 | 4 35+ 9 Indoor & outdoor Physical | EEG & ECG | Expectation Maximization (EM) & SVM | Frontal & Temporal

activity &BP&RR & | & RM & DT & Parietal & Occip-
SpO2 ital Lobe
[85],2017 | 36 37£11 | Stroop test & Mini-Mental | EEG & | Butterworth IIR Bandpass filter & Fast | Frontal Parietal
State Exam MMSE Fourier Transform & Principal component
analysis (PCA)
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TABLE 2. (Continued.) Study population, measurement methods, and machine learning algorithms of recent studies.

[86],2017 | 100 25—92 | Balloon Analog Risk Task | fNIRS Band-Pass Filter & Spectral Decomposi- | Middle Frontal
(BART) tion & GLM-Fitting & ANOVA Gyrus (MFG) &
DLPFC
[87],2016 | 11 / Balloon Analog Risk Task | FNIRS & | Bandpass Filter & Modified Beerlambert | PFC
(BART) EEG & HR & | Law & Spatially Resolved Spectroscopy
Bp & sAA (SRS) & F-Test & Bonferoni Post-hoc Test
& Tukey’s Correction & GLM & ANOVA
[88],2015 | 17 23 £ 3 | Imagination of Risky Sce- | EEG & Blood | High/Low Pass filter & Fast Fourier Trans- | Frontopolar &
narios Pressure form & Correlation/Mediation and Mod- | Occipital & Parietal
eration analysis & Likelihood ratio test & | Lobe
ANOVA
[89],2014 | 25 17—25 | Random Dot Motion Task | EEG Post-Hoc Tests & Band-Pass & Law Pass | Frontal & Temporal
Filtering & Linear Mixed Effects (LME) & | & Parietal & Occip-
General Additive Models (GAMs) ital Lobe
[90],2014 | 61 18 —40 | Gambling task EEG & EOG Post-Hoc Tests & Bonferroni & ANOVA Frontocentral &
Temporal & Parietal
& Occipital Lobe

TABLE 3. Summary of the risk of bias assessment of the included studies.

Study Risk of bias aris- | Risk of bias due | Missing outcome | Risk of bias in | Risk of bias in | Final risk of bias
ing from the ran- | to deviations | data measurement of | selection of the | assessment
domisation pro- | from the the outcome reported result
cess intended

interventions

[67],2022 | Low Low Low Some Low Some Concern
[70],2022 | Low Some Low Low Low Some Concern
[72],2021 | Low Low Some Low Low Some Concern
[76],2021 | Low Low Low Some Low Some Concern
[78],2020 | Low Low Low Some Low Some Concern
[79],2020 | Low Some Low Low Low Some Concern
[81],2019 | Low Low Some Low Low Some Concern
[82],2018 | Low Low Low Some Low Some Concern
[83],2018 | Low Low Low Some Some High Risk

[84],2017 | Some Low Some Some Low High Risk

[87],2016 | Low Low Some Low Low Some Concern
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FIGURE 3. Stressor and decision-making tasks.

phone number entry tasks all at the same time and separately
to observe the different outcomes [68], [74], To mitigate the
impact of the order, participants were randomly allocated
to different sessions, with 50% experiencing the affective
stimuli during one instance [73], Figure 3 shows some of the
most commonly used decision-making tasks.

1) TRIER SOCIAL STRESS TEST (TSST)
TSST is a standardized laboratory stressor task used to
induce psychological stress in research participants [66],
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[68], [74], [75]. It was designed to simulate the stressors
that people encounter in their daily lives, such as public
speaking or job interviews. Over the years, the TSST has
been developed and modified, and different versions are
now available. The placebo-TSST is used as a control
condition in research studies that aim to investigate the
effects of stress on various outcomes, such as physiological
responses or cognitive performance. By comparing the effects
of the TSST with those of the placebo-TSST, researchers
can determine whether the observed effects are specifically
due to the stressor task or whether they are due to other
factors [68]. The Trier Social Stress Test for Groups (TSST-
G) is a variant of the TSST designed to be administered
to groups of participants rather than to individuals. It is
similar to the standard TSST in that it comprises three
stages: preparation, speech, and mental arithmetic. However,
in the TSST-G, the speech and mental arithmetic tasks are
group-oriented, and the evaluators provide feedback to the
group rather than to individual members [91]. The TSST-G
is often used in research on group dynamics and social
support, as well as in studies on the effects of stress on group
performance and cohesiveness. It is a useful tool for studying
how group members cope with stress and support each
other in stressful situations [74]. Other variants of the TSST
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include the online version of the TSST and the virtual reality
TSST.

The TSST consists of three stages, as follows. Preparation:
Participants are given a speech, which they can prepare during
5 min. Participants are told that they will have to deliver the
speech in front of a panel of evaluators. Speech: Participants
are asked to deliver their prepared speech for 5 min in front
of a panel of evaluators who were trained to be critical and
unsupportive. Mental arithmetic: Participants are then asked
to perform a mental arithmetic task (usually subtracting in
steps of 17) in front of the evaluators (10 min), who continue
to be critical and unsupportive. The TSST is a widely used
stressor task because it is relatively easy to administer, and it
has been shown to reliably induce stress in a large proportion
of participants. It is often used in research on stress, anxiety,
and other psychological phenomena.

2) BALLOON ANALOGUE RISK TASK (BART)

BART is a psychological assessment used to gauge
human risk-taking tendencies and decision-making aptitudes
[87],This task employed a virtual balloon displayed on a
computer screen that participants could inflate by pressing
a button. When the button is pressed, the balloon expands
incrementally, leading to a monetary gain for the participant.
However, there is a risk involved because if the balloon
bursts, all the accumulated earnings will be forfeited [66].
A modified version of the BART using the same experimental
materials was introduced by Fein and Chang [92]. The
distance between the participant’ seat and computer screen
were 100 cm. Each trial of the modified BART began
with a fixed red point displayed for 1,000 ms, followed
by the simulation of a red balloon (with dimensions
of 3.0 * 3.5 visual angles). The current number of rounds
and related scores are shown below the balloon. Participants
can select either the “F” or “J” key on the keyboard when
the request ‘““please decide” appears inside the balloon. This
provides them with the opportunity to inflate the balloon or
wrap up the trial early and gather the final scores. Crucial
assignments (inflate/cash out) are distributed evenly among
the participants and the decision time is unlimited. The
number of pumps reflects the risk-taking behavior of a
participant. The BART task used [71] to represent the intrinsic
factors that could affect the participants’ hazard recognition
strategies. In accordance with the methodology outlined
in [86], the data collection process is divided into four phases:
tallying the total counts of balloons resulting in winnings and
losses, calculating the average -adjusted pumps/inflations per
balloon (excluding loss-associated balloons), and mining the
average -adjusted pumps/inflations per balloon (excluding
win-associated balloons).

3) IOWA GAMBLING TASK (IGT)

The IGT is a crucial psychological method for assessing a
person’s ability to make decisions. The IGT is an engaging
evaluation created by Antonio Damasio and his colleagues
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at the University of Iowa in the 1990s. The participants use
four card decks, named A, B, C, and D. These decks contain
a mix of cards that can result in profits or losses of money.
Participants are given the task of choosing a card from one
of these decks, and then they are given feedback detailing
the financial results of their decisions [93]. The study [74]
used fNIRS in conjunction with the IGT to determine how
acute stress affected the choices made by female dyads.
In this method, participants are given a deck of cards labeled
A, B, C, and D. The participants are required to choose a
card from the deck for each trial. The dyad members were
told that the awards would be split equally. Notably, the
findings showed that in the experimental setting, women
experiencing acute stress showed a heightened tendency to
make logical decisions. Researchers can learn from this study
about how stressed dyads may develop enhanced cooperation
and increased brain-to-brain connections. In [90],participants
performed a gambling task under both control and stress
conditions. The task involved choosing between two options,
one of which was more likely to result in a gain, and the
other in a loss. The participants were instructed to maximize
their gains and minimize their losses. This task was designed
to measure feedback processing in the brain, specifically
feedback-related negativity (FRN) and feedback-related
changes in theta and beta oscillatory powers.

4) THE N-BACK RECALL TASK

The N-back task is a cognitive task used to assess the working
memory. Working memory capacity refers to the cognitive
ability to store and manipulate information temporarily, in the
short-term memory. It is often used as a measure of the
executive function, which is a set of cognitive processes
involved in controlling and coordinating other cognitive
processes, such as planning, problem-solving, and decision-
making. In the 3-back recall test, participants are presented
with a series of stimuli (e.g., letters or numbers) on a
computer screen and asked to recall the stimulus presented
three stimuli before [94]. For example, if the stimuli presented
as “A B CDE,” the participant would be asked to recall the
letter “B” on the third trial. In a recent study, participants
were asked to judge whether the present shape resembled
that displayed at a specific position earlier in the sequence
after being given a series of randomly generated shapes.
After a 2.5-sec break, the shapes reappeared in black on a
grey background for 500 ms each one. If the shape matched,
the participants were instructed to swiftly hit a particular
key; otherwise, no action was required. For analysis, data on
response speed and accuracy (measured in milliseconds) were
collected [65].

5) THE LEXICAL DECISION TASK (LDT)

In the LDT, participants are presented with a string of letters
and asked to determine whether the string forms a word or
a non-word as quickly as possible. This task is often used
to study various aspects of language processing including
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reading and lexical access. Stress is not typically a factor
in a lexical decision task [95],because the task does not
involve any emotional or physical demands on the participant.
However, it is possible that the level of stress or anxiety of
the participants could affect their performance on the task
performance, as these factors can have an impact on cognitive
function and attention. In a study [68], participants were
required to determine whether a given stimulus was a real
word or a nonword; the stimuli consisted of 80 German
nouns and 80 combinations of letters that were pronounceable
but without meaning. In another study [83], participants
completed an English language test in which they had to
answer 106 statements, 52 of which had many alternative
meanings. The participants clicked the left or right button on a
computer mouse to indicate whether the sentences presented
on a screen can be comprehended in a single way or a variety
of ways. Based on their research, they hypothesized that
stressful conditions might also affect the synchronization of
brain waves in the frontal and temporal areas, particularly
in the theta and alpha frequency ranges. The relationship
between resting HRV and brain oscillatory activity during
cognitive control was highlighted by this condition, along
with any potential sex differences in this interaction.

6) THE MONTREAL IMAGING STRESS TASK (MIST)

The MIST is a standardized experimental stressor used in
research studies to induce stress in healthy individuals [77].
It is designed as a controlled and standardized method
of exposing individuals to stressors that can be used to
study the effects of stress on various aspects of physiology,
cognition, and behavior. The MIST consists of a series of
tasks designed to be cognitively and emotionally challenging.
These tasks may include public speaking (e.g., the TSST
task), mental arithmetic, or difficult computer tasks [96].
The MIST also included a control condition in which
individuals were asked to perform a simple task that was
not stressful. The MIST has been used in several research
studies to examine the consequences of acute stress on
decision-making and various aspects of physiology and
behavior, including cardiovascular function, cognition, and
emotion. It has also been used to study the effectiveness of
different stress-reduction interventions, such as mindfulness
training or relaxation techniques, in reducing the negative
effects of stress. A study by [79], used a stress go/no-go
task, a type of cognitive task used to measure attention,
impulsivity, and response inhibition. Firefighters were asked
to complete a job in a laboratory setting while wearing
firefighting gear and while not wearing it (the decision was
random), at a temperature of 25 to 26 °C. Following the
exercise, the participants completed a go/no-go task. Notably,
when subjects wore firefighting gear, there was a noticeable
rise in incorrect answers, whereas no such change was
observed in the absence of gear. Additionally, an examination
of frontal EEG data indicated a reduction in theta power
when comparing the values before and after the exercise,
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specifically when participants wore firefighting gear; this
change was not observed in the absence of firefighter gear.

7) STROOP COLOR WORD TEST (SCWT)

The SCWT is a task used in psychology research to measure
an individual’s ability to process and inhibit conflicting
information. It is often used to assess cognitive control, which
is the ability to regulate thoughts, emotions, and behaviors
to achieve a specific goal [85]. In the SCWT, participants
are presented with a list of words printed in different colors
(Stroop [110]), [97], some of which match the color of the
ink, for example, the word green written in green ink, while
others do not (e.g., the word green written in yellow ink).
In a study conducted by [98], the brain waves of tennis
players were recorded while they rested for 60 s. They
then participated in a single SCWT practice session. The
official test protocol consisted of the following steps: the
SCWT, mental arithmetic, and mental arithmetic, followed
by a blank screen with the participants in a calm resting
state. Data on the brainwaves of 25 regularly trained players
were collected. Data from one subject were eliminated
owing to insufficient information, leaving 4433 records
from the remaining individuals. Additional stress-related
characteristics were included in the analysis and classified as
high, medium (mid), or low stress levels in accordance with
the experiment.

8) MENTAL ARITHMETIC TASK (MA)

The MA is one of the most common tasks used in
psychological research to measure an individual’s ability to
perform basic arithmetic calculations quickly and accurately.
It is often used as an indicator of how quickly cognitive tasks
are processed, that is, the speed at which an individual can
perform mental tasks. To complete the MA, each participant
is presented with a series of arithmetic problems and asked to
solve them as quickly as possible. These problems involve
both simpler calculations, such as addition, subtraction,
multiplication, and division, and more complex calculations,
such as finding squares or square roots. A time limit for
completing the task is typically given to the participants,
and their performance is scored based on the number of
problems that they could solve correctly within the time
limit. In the MA test used in [98], addition, subtraction,
multiplication, and division were displayed with numbers
ranging from 1 to 1000, appearing at intervals of 5 s. In [70]
the MA was combined with other tasks for multitasking
purposes, and as the MA difficulty increased, the quantity of
digits (ranging from 1 to 3) and the number of carryover digits
(ranging from O to 2) progressively increased. In a related
study [77], [96] the MA was employed for a task lasting 30 s
involving the solution of mathematical questions.

9) DILEMMA SCENARIO
A dilemma scenario involves two or more operations, each
of which has its own advantages and disadvantages. These
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situations can cause stress because they require attention
to make decisions, often under pressure, and with limited
information. Dilemma scenarios can be challenging because
they often involve trade-offs and difficult choices, and it
can be difficult to determine which option is the “best”
one. The train and footbridge conundrum were used in early
research [80], [81]. In this dilemma, a choice must be made
as to whether to pull the lever to swerve the train away
from five people on the track. By pulling the lever, the
train is steered to a footbridge with one person present. The
pedestrian is saved if the lever is not lifted, but then the five
people on the track are in danger. The second study examined
how decision-making is affected by time constraints and
tracked the brain activity of morally responsible people as
they addressed ethical dilemmas. The conclusions covered
the moral decisions of 43 participants Under the conditions
of time constraints, 4 of 21 subjects made moral choices.
Conversely, when given ample decision time, 11 participants
(50%) made morally aligned choices. The results were
analyzed using chi-square tests, which revealed a marginally
significant relationship between time constraints and decision
making (p = 0.056) [80].

10) VIRTUAL AND MIXED REALITY (VR & MR)

Virtual reality (VR) has the potential to be a useful tool
for studying the effects of acute stress on decision making.
Researchers can create scenarios that simulate real-life
stressors in virtual reality environments. Several studies have
found that VR can successfully mimic real-life stressors
and elicit physiological responses like those observed in
real-world situations. This allows researchers to study the
effects of acute stress on decision making in a controlled and
repeatable manner. In [69], a 3D model created using Maya
(2020.4) was employed to simulate a suburban environment.
Five VR trackers were used to track the body movements of
the subjects and synchronize them with a virtual avatar in
real time. The subjects wore the VR headset and experienced
the virtual environment as if they were avatars. The virtual
environment included a simulated arc flash with scenery and
auditory representations as well as wind and other effects
to increase the subjects’ sense of presence. A study [78],
created actual industrial shutdown maintenance activities,
a VR task. They created a VR platform that included eye
tracking and neuroimaging capabilities. Another study [82]
measured the conformist judgement, a task involving percep-
tual decision-making in a virtual group situation. The study
revealed two separate conditions that might discriminate
between impacts on adjustment. These were likely influenced
by social variables and effects that were less precise and
likely caused by low-level factors, such as priming. In [67],
the authors created a surgical endoscope simulator using
Visual Studio C++ (Microsoft, Redmond, WA, USA) and
OpenGL (Khronos Group, Beaverton, WA, USA). A single-
port surgery robotic endoscope can be maneuvered using the
simulator’s manipulators, targets, and viewpoints. At these
gain settings, the results of the experiment showed a
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considerable decrease in brain activity connected to stress.
This implies that assessing brain activity may be useful in
identifying factors pertaining to the operator’s emotional
state.

11) OUTDOOR TASKS

Some evidence suggests that being outdoors can have a
positive effect on decision-making and cognitive function.
A health condition monitoring model with four primary
stages was used in [84]. First, information was gathered
from the environment and biosensors. Second, SVM was
used to filter the sensor data and evaluate the indices.
Third, using the decision tree method, a risk assessment was
performed to forecast mental stress levels. Using the expec-
tation maximization (EM) method, a procedure for selecting
wellness-related information was devised. It was found that
walking in a natural environment improves the performance
in creative problem-solving tasks, compared with walking
in an urban environment or sitting quietly indoors. Other
research found that nature exposure can improve attention,
memory, and the overall cognitive function [99].

12) THE NEWSVENDOR PROBLEM (NP)

The NP is a classic decision-making task first introduced by
Edgeworth in 1881 in the field of operations management.
It involves a decision-maker who must determine how much
of a certain product to order and at what price to sell it.
The decision maker faces uncertainty about the demand
for the product as well as the cost of holding an unsold
inventory [100]. In the NP [101],a news vendor must choose
the number of newspapers to buy each day at the wholesale
price and then sell them at the retail price. The NP served
as inspiration for the experimental technique. In [76] five
essential characteristics of the NP were determined: (1) the
demand is uncertain, but follows a known distribution; (2)
decisions must be made for each time period; (3) there is a
cost associated with ordering too many items; (4) the quantity
of items ordered in each instance is referred to as the order
quantity, which the participants decide for their inventory
in each trial; and (5) each trial is independent. The NP
model states that the order quantity (q) exceeds the unknown
demand (D), and the resulting profit () can be determined
as a function of q and D using Equation 1 [102].

I(g. D) = pmin(q, D)—cq ey

The orbitofrontal cortex (OFC) and frontopolar cortex
(FPA) together with the dorsolateral prefrontal cortex
(DLPFC) are highly activated by the NP. In addition, the right
DLPFC is deactivated, whereas the left DLPFC is activated in
more difficult NP circumstances [76].

13) MUSIC TASK

Vocalization, or music, is used as a broad method of
expression to convey concepts such as harmony, melody,
and rhythm. Its diversity makes it difficult to define, but it
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can be divided into systemizing and empathizing with music
based on understanding and sharing others’ feelings, which
are frequently expressed through lyrics, music, or video
clips [103]. An auditory monitoring task was proposed
in [70]. The performance in this exercise was measured
by computing the average count of each response. When
measuring the reaction time, the gap between the two stimuli
was set to five units. Equation 2 shows the determined
reaction time, which is defined as the amount of time between
the display of a sound and the subject pushing the ““Press me”’
button.

(100(5 — ReactionTime))/5 2)

Low rhymes were selected for the baby rhythm song and
loud rhymes for pop punk tuning. The baby rhythm song
belongs to empathizing and is known for its calming qualities,
whereas pop-punk is classified as systemizing because
of its intense character [104]. Ten sound clips from the
International Affective Digitized Sounds system (IADS) that
were emotionally evocative (negative valence: 2.147 0.473;
high arousal: 7.388 0.494) were presented alongside ten
neutral sound clips in [73].

14) VISUAL TASK

Decision making can be particularly affected by tasks
that involve visual processing. A stressful situation can
lead to changes in cognitive processing, including attention
and perception, which can affect an individual’s ability to
accurately interpret and make decisions based on visual
information. Visual monitoring tasks were proposed in [70]
and [105]. The experiment used the Computer Vision Lab
Walking Pedestrian dataset to provide live video feeds for
seven different visual search tasks. These tasks involve a
variety of noise stimuli delivered through headphones while
being performed in different environments. In [106] four
basic emotional states were assessed: happiness, relaxation,
boredom, and stress. Information was acquired through
random convenience sampling, which involved recruiting
31 participants of various ages. Candy Crush, PubG, and
Asphalt Nitro were among the selected games. The findings
revealed that the classifiers most accurately recognized
happiness, followed by boredom and relaxation/stress.

D. SUBJECTIVE ANALYSIS

Subjective measures of stress involve asking individuals
to report their own stress levels and sources of stress in
their life. These measures include self-report questionnaires,
interviews, and diaries in which individuals write about their
stress experiences. Subjective measures are useful, because
they allow individuals to report their unique experiences
and perceptions of stress. However, they can also be
affected by bias and may not always accurately reflect an
individual’s true stress level [107]. Participants often undergo
baseline subjective stress assessments first and then a saliva
sample is collected for further examination. A series of
visual analog scales that evaluate the subjective perception
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of stress and the subjective experience evaluation scale
are used to assess subjective stress [68]. The Big Five
Personality Assessment, which comprises 50 questions, may
be administered in conjunction with inquiries concerning
the demographic profile of the participants as well as their
proficiency in each stress-inducing task [74], [83], [106].
At the end of each stressor task, participants are asked
whether they experienced stress during the task [72].which
can be realized filling out a form containing certain questions,
for instance, an electronic version of the NASA Task
Load Index (NASA-TLX) [70], [96]. Cognitive performance
can be evaluated using the Mini-Mental State Examination
(MMSE) or Cognistat. Cognistat employs either question-
and-answer or command-based tasks to measure the cognitive
abilities of individuals, and the assessment generally requires
approximately 20—30 min to complete [85].

1) PHYSIOLOGICAL MEASUREMENTS

Salivary alpha-amylase is naturally produced and present
in the body, specifically in the salivary glands and saliva,
and is crucial for the digestion of complex carbohydrates.
It is a useful physiological marker of stress and sympathetic
nervous system activity, making it a valuable diagnostic
tool. The measurement of salivary alpha-amylase levels can
provide information on various physiological processes in the
body [108]. EEG signals can be captured at various sampling
frequencies (e.g., 64 and 250Hz), although 250Hz is more
commonly used for clinical and research purposes. According
to the international 10/20 system, electrode placements
for the 19 channels are categorized as anterior frontal,
frontal, central, parietal, temporal, and occipital. Electrode
impedance should be kept below 5k2 for good signal quality.
Up to 10k2 may be acceptable [70], [73], [75], [98]. For
fNIRS recordings, different equipment and configurations
have been used, including ten transmitter optodes and eight
receiver optodes, a dual-wavelength system, a 52-channel
probe, and 23 channels in the PFC region. Depending on the
study, the sampling rates varied from 8 to 10 Hz, and the
system was equipped with different light wavelengths.
The detectors of the fNIRS probe were placed on the subject’s
forehead in accordance with the international 10/20 scheme
[73], [74], [76], [77], [80], Figure 4 shows the physiological
measurement used by different studies.

E. DATA ANALYSIS

1) PRE-PROCESSING AND FEATURE EXTRACTION
Pre-processing is a crucial step in ensuring the quality of
recorded signals and extracting meaningful information. EEG
data require several pre-processing steps, including filtering,
artifact removal, referencing, and segmentation to remove
noise and artifacts and obtain reliable and interpretable
signals. By contrast, fNIRS data processing mainly involves
the removal of motion artifacts, baseline correction, and
signal aging to obtain robust and reliable hemodynamic
responses. The sample size for earlier EEG research was
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FIGURE 4. Physiological measurement related to recent publication in
decision making and stress effects.

calculated using a power analysis that took into account
a-error probability of 0.05 and a power of 0.95 [68], [98],
[106]. These studies examined the effects of stress on
hemispheric asymmetries and extracted features from the
time, frequency, and wavelet domains. Latency-to-amplitude
ratios, peak-to-peak signal values, peak-to-peak time win-
dows, peak-to-peak slopes, signal power, mean signal values,
kurtosis, mobility, complexity, power spectral densities, band
power, entropy, and energy were among the properties
included [87]. To facilitate the transition from time domain to
frequency domain, they used a short-term Fourier transform
with a Hamming window [79], [82], [83], [85], [87]. These
studies filtered the electrodermal activity (EDA) through a
MATLAB pipeline by downsampling it from 64 to 8 Hz and
filtering it with a Butterworth low-pass filter. They applied a
fifth-order Butterworth bandpass filter between 2 and 30 Hz
to the EEG input. They then calculated the global field
power (GFP) for a particular EEG frequency range of interest,
which was the beta high range spanning from 21 to 26 Hz.
They first identified and rectified blink artifacts. Additionally,
a band-pass filtering procedure encompassing 0.1-35 Hz was
applied to the EEG signals. The commitment of the stimuli
in each trial was synchronized with the segmentation of
these signals into epochs. For analysis, they used Welch’s
power spectral density estimation method to determine the
EEG power in the theta band (4-7 Hz) and separately in
the alpha band (8-13 Hz). In addition, they calculated the
approximate entropy of gaze transitions (ApEn) as a feature
to evaluate the participants’ overall attentional patterns in the
virtual environment. They applied both high-pass and low-
pass filters to the continuous data, limiting the frequency
range from 0.5 to 30 Hz, in order to analyze event-related
potentials (ERPs). Independent component analysis (ICA)
and the multiple artefact rejection algorithm (MARA) were
applied within the EEGLAB framework to reduce artefacts.
Statistical analysis was performed using SPSS 24, and a
signal quality index (SQI) assessment was carried out at
several stages of the process [81], [84], [96], [109], Figure 5
shows some of the most used pre-processing methods for
EEG raw data.
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FIGURE 5. EEG Raw data pre-processing and filtering methods.
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FIGURE 6. FNIRS raw data pre-processing and filtering.

The near-infrared light that penetrates biological tissue
allows the use of near-infrared spectroscopy (NIRS), which
measures the absorption of light by the neurovascular system
to determine the oxygenation status. Bandpass filters are
applied to address physiological noise and the modified
Beer—Lambert law is used to convert the recorded optical
density data into relative concentrations of oxy-Hb and
deoxy-Hb [69], [73], [80]. Various methods, including
Butterworth filters and polynomial baseline fitting, have been
employed to eliminate the high-frequency noise and polyno-
mial baseline fitting [74]. In addition, different mathematical
models have been used for further data analysis, such as
wavelet transform coherence, graph theory analysis, and
general linear models [76]. The fNIRS signals underwent
preprocessing using ICA denoising and bandpass filtering.
Different filters, including low- and high-pass Butterworth
filters, were used to eliminate noise components and artifacts.
The cerebral hemodynamic data collected by the fNIRS
device were filtered using a bandpass filter, and motion
artifacts were corrected using kurtosis wavelet algorithms
and spline interpolation. The modified Beer—Lambert law
was then used to calculate the changes in oxygenated
and deoxygenated hemoglobin levels. Finally, the PMDS
was applied to the fNIRS probe to optimize the signal-to-
noise ratio during recording [77], [78], Figure 6 shows the
pre-processing mechanism used to filter and analyze the
fNIRS data.
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2) STATISTICAL ANALYSIS

A variety of statistical techniques, including analysis of vari-
ance (ANOVA), regression, and correlation tests, including
the Mann—Whitney U-test, logistic regression, and Spear-
man’s rho, were used in [65]. These techniques were used to
compare groups, examine correlations, forecast results, test
cognitive function, and measure brain activity. T-tests and
chi-square tests were used to compare demographic data,
and statistical analyses were performed using R software,
Jamovi software, and MATLAB. Using repeated-measures
ANOVA, the effects of stress were evaluated [66]. Using the
Homer software (Homer3), a MATLAB-based toolbox, data
preprocessing and analysis were performed [69]. Because
of the non-normal distribution of the generated data, non-
parametric statistical tests were used. The Friedman test
was used to compare the continuous measures of SCL and
neuromeric activity. Wilcoxon signed-rank tests were used
to identify the differences between the high- and low-stress
scenarios, whereas Dunn’s test was used for post-hoc analy-
sis. For each network-measuring index, a one-way ANOVA
was used to evaluate the statistical differences among the
four connection states. For multiple comparison analyses,
a false discovery rate (FDR) correction was used, employing
FDR-corrected p = 0.05 at the required level [73]. G¥*Power
3.1.9 software was used to perform an a priori power analysis
to determine the sample size [75]. The Positive and Negative
Affect Schedule (PANAS) was used to measure emotional
alterations. A mixed three-way ANOVA was used to confirm
that the TSST was effective in eliciting acute psychosocial
stress reactions [76]. Significant differences between high-
and low-margin groups were determined using two-sample
t-tests. Using repeated-measures ANOVA testing for HbO2
signals, prefrontal brain activation prior to moral and immoral
decisions was examined [80]. Bonferroni-corrected pairwise
comparisons demonstrated that conformity is higher in
experimental situations than in control situations [82]. The
significance level for each two-sided statistical test was set
at 0.05. SAS and STATISTICA software’s JMP 11 were
used for statistical analysis and the values were displayed
as mean £ SE [105]. Each independent variable’s unique
impact on the dependent variable’s prediction was measured.
The F-test was used to evaluate the regression model’s
statistical significance, and the beta coefficient was used
to evaluate the individual effects of each predictor [87].
A two-sample t-test was used for each PANAS scale to
compare scores between the two groups, with a signifi-
cance threshold of p < 0.05 [76]. A Pearson correlation
coefficient was used, with the significance level set at
p < 0.05, to investigate the relationship between task time
and prefrontal brain activation [70]. Using a mixed ANOVA
with time (pre- and post-intervention) as the within-subjects
component and the intervention group as the between-
subjects factor, the effects of the intervention on depression,
anxiety, and stress scores were examined. The Bonferroni
procedure was used to correct post hoc comparisons for
multiple comparisons, and the significance level was set at
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p < 0.05 [74]. Intraclass correlation coefficients (ICC), used
to assess measure reliability, showed acceptable reliability
for risk-related thoughts, risk perception, risk-taking, and
stress. A 5-point scale was used to rate feelings, a 10-point
scale was used to rate risk perception, a S5-point scale
was used to rate risk taking, and a 10-point scale was
used to rate stress. Individuals’ risk propensity and trait
anxiety were evaluated [88]. Event-related potential (ERP)
and time—frequency analyses were used to examine brain
activity during a gambling task. They specifically focused on
FCz channel data, which is in line with earlier frontocentral
electrode research [90]. Repeated-measures ANOVAs were
used to analyze the effects of stress, feedback valence,
and magnitude on EEG responses, along with Bonferroni-
adjusted post-hoc tests for multiple comparisons. ANOVA
was used in exploratory analysis to investigate theta-band
phase synchrony (ISPS) between the medial and lateral
prefrontal locations.

3) CLASSIFICATION TECHNIQUES

In the context of fNIRS analysis, initial data preprocessing
is required to clean and extract appropriate information such
as changes in hemoglobin concentration. The next step is to
carefully select these qualities using statistical approaches to
simplify the data and increase their importance. Applying
classification methods, such as logistic regression, SVM,
random forest (RF), and neural networks, that make use of
these features to identify various circumstances or states is
the next stage. Insights into the underlying brain activity
were obtained by evaluating the model’s performance using
metrics and interpreting influential features. This continuous
procedure guarantees improvements in precision and com-
prehension. A recent study used logistic regression analysis
as a classification method to predict relapse in alcohol use
disorder (AUD) patients six months after discharge [65].
Logistic regression analysis revealed that lower oxygenated
hemoglobin in the right frontotemporal region and greater
gambling thoughts were associated with an increased risk of
relapse in patients with AUD. The odds ratio for lower oxy-
genated hemoglobin in the right frontotemporal region was
0.161, indicating a decreased likelihood of relapse, whereas
the odds ratio for greater gambling thoughts was 7.04,
indicating an increased likelihood of relapse. These findings
suggest that decreased activation in the right frontotemporal
region during emotional go/no-go tasks and risk preference
in patients with AUD can serve as predictive markers of
AUD relapse. In another study, a general linear model
(GLM) was employed to analyze fNIRS signals, and its
value parameters were adjusted for better performance [69].
By considering the correlations between channels corre-
sponding to the brain, the JCCB-FSC method combines
feature selection and classifier modelling into a sparse model.
The JCCB-FSC method was developed using intra- and
inter-channel regularizers to investigate possible channel
correlations and produce distinguishing features [66]. The
SVM achieved 88.7% accuracy, RF achieved 91.8% accuracy,
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FIGURE 7. Statistical analysis methods used by most of the recent studies.

KNN achieved 87.5% accuracy, linear discriminant analysis
(LDA) achieved 87.9% accuracy, and JCCB-FSC achieved
a notably high accuracy of 96.1%. The results showed the
effectiveness of these algorithms in categorizing the fNIRS
data, with JCCB-FSC showing the highest accuracy among
the techniques. This study proposed a method based on the
CNN approach to assess stress induced by the MIST. The
proposed deep learning system has two primary components.
A one-dimensional CNN is used in the first section to
create instructive activation maps. In the second section, the
probability of stress existence is predicted using a stack of
completely connected deep layers [77]. The dense neural
network (DNN) approach scored 95.11, SVM scored 93.67%,
and RF scored 95.61%. Compared with the scores obtained
using the CNN method, the CNN approach out-performed all
other methods in terms of accuracy, precision, recall, and F1-
score, according to the results. The accuracy of the trained
model (98.69%) was significantly higher than that of the other
models. Another study used supervised machine learning
classification models to estimate individual task performance
based on fNIRS data in a review session. The models were
validated using k-fold cross-validation. The RF classification
model achieved the best average classification accuracy
of 80.38% in classifying participants’ task performance,
compared with Decision Tree DT (79.23% accuracy), logical
regression (79.61%), KNN (79.23%), and Naive Bayes
(78.5%). [78]. classification models were developed using
12 selected features, including the peak and average Hbo
features from different brain regions. The fNIRS data in the
review session, along with gaze movement patterns, were
significantly correlated with task performance. This study
demonstrated that neurophysiological features such as fNIRS
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data and gaze movement patterns can be used to develop a
task performance assessment model under different training
scenarios. These findings provide empirical evidence for the
use of neurophysiological measures to estimate and predict
task performance during industrial training. Fuzzy logic
and SVM algorithms enabled the classification of biosensor
datasets. The decision tree model and RF algorithm were
used to categorize the level of mental stress from health
metrics [84]. The mental stress ratio (MSR) was determined
based on the evaluation of health indicators, including EEG,
BP, HR, and RR. The expectation step (E-step) and the
maximized step (M-step) constitute the mental stress ratio
EM model.

V. DISCUSSION

These studies have discussed various facets of the complex
relationship between stress and decision-making. They
revealed that stress can heighten cortical excitability and
reduce response caution, leading to faster but less accurate
decisions, while also highlighting sex differences in stress
responses [86]. Emotional imagery was found to influence
risk perception and behavior, with vivid negative risk images
moderating the relationship between risk perception and
actual behavior [88]. Exogenous cortisol administration
increases risk-taking behavior, emphasizing its role in moti-
vated decision-making [87]. Age has been shown to affect
risk taking, as older adults exhibit distinct activation patterns
in risk-related tasks. The impact of stress on cognitive
performance in professional contexts such as nursing varies
with lifestyle factors and electroencephalographic vari-
ables [73], [86]. Heart rate variability and brain oscillatory
activity demonstrated potential sex-related differences in the
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FIGURE 8. Classification algorithms were used to investigate the effects of acute stress on decision-making.

response to stress, underscoring the need to consider both
physiological and psychological factors [73], [83]. Frontal
cortical asymmetry is associated with chronic avoidance
orientation and susceptibility to social influence, shedding
light on the neural basis of social conformity [82]. Individual
differences in moral decision-making have been linked to
neural markers, while time constraints have been found to
overload the moral brain [80], [81]. Stress has also been
shown to impact decision making at various high pressure
professions, including firefighting and construction [69],
[79]. Innovative neurophysiological measures have been
proposed for real-time stress monitoring in occupational
settings to enhance safety and performance. These col-
lective findings provide a comprehensive understanding of
how stress influences human decision making in diverse
contexts [70], [71]. Understanding the impact of stress
on decision-making is a crucial area of research with
significant implications for various aspects of human life.
One prominent aspect explored in these studies is the
influence of stress on cognitive processes and decision-
making outcomes. Contingent negative variation (CNV)
has emerged as a focal point in understanding the role
of stress in decision-making. A CNV is a slow cortical
potential that occurs when individuals are warned of an
upcoming task [89]. Studies have suggested that the CNV
reflects heightened cortical excitability and adjustments in
response to caution under stressful conditions. This height-
ened cortical excitability is associated with faster but less
accurate decision-making, as individuals prioritize speed over
accuracy in stressful situations. Moreover, the influence of
stress on decision-making appears to be influenced by gender.
While stress was found to impair performance monitoring
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in both men and women, the effects on feedback processing
varied between the sexes [83]. Men showed greater early
beta-band power increases in response to stress than women.
These findings highlight the need to consider sex-specific
responses when studying the impact of stress on decision
making and cognitive processes. Emotional imagery and its
role in influencing risk perception and behavior are key
themes. The intensity of negative risk consequences imagined
by individuals is associated with a reduced willingness to
take risks. This relationship is mediated by feelings of stress
and the perception of risk. Additionally, the presence of
vivid negative risk images moderated the connection between
risk perception and actual risk-taking behavior [88]. These
findings underscore the significant influence of emotional
states and mental imagery on decision-making under stressful
conditions. The impact of exogenous cortisol administration
on decision-making behaviors was also investigated. Cor-
tisol, a stress hormone, was found to increase risk-taking
behaviors [87]. This suggests that stress-induced changes
in cortisol levels can influence motivated decision making,
particularly when risky choices offer potentially significant
rewards. However, this shift in risk-taking behavior does
not necessarily lead to improved physical performance,
highlighting the complexity of the effects of cortisol on
behavior [83]. Age-related differences in decision making
were also explored. Compared with younger adults, older
adults exhibit distinct activation patterns in the PFC during
risk-related tasks. These findings suggest that age plays a
crucial role in the shaping of risk-related decisions and
cognitive processes [86]. HRV and brain oscillatory activity
have emerged as potential markers of individual differences
in stress responses. Low HRV is associated with stronger
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theta/alpha desynchronization in women, whereas men with
low and high HRV exhibit comparable theta/alpha activity
[73]. Additionally, trait anxiety scores influenced power
in different brain regions, indicating potentially related
differences in responses to stress-provoking situations [83].
Frontal cortical asymmetry has been linked to chronic
avoidance orientation and susceptibility to social influ-
ence [82]. Individuals displaying stronger right-sided frontal
activation during resting-state sessions exhibited chronic
avoidance orientation in socially adjusted behavior [65]. This
trait is positively associated with susceptibility to social
influence, highlighting the intricate interplay between brain
activity and social behavior. Individual differences in moral
decision-making have been explored, revealing the neural
markers associated with variations in moral choices [80].
Alpha event-related spectral perturbations and delta—theta
phase-locking coherence play central roles in mediating
these differences [81]. Additionally, late alpha activity and
delta/theta inter-trial coherence correlate with reaction time
and emotional distress perception [69]. Time constraints and
their impact on moral competency during decision-making
were investigated. These studies highlight how stress can
impair cognitive control, increase the risk of misperception,
and alter safety behaviors, underscoring the critical impor-
tance of stress management and decision-making training
in such contexts. Innovative neurophysiological measures
have been proposed for real-time stress monitoring in
occupational settings, which offer potential solutions to
enhance safety and performance [67]. Lightweight EEG and
fNIRS were suggested as tools for real-time, out-of-the-lab
stress assessment.

VI. LIMITATION AND FUTURE DIRECTION

The study of stress and decision-making can benefit from
using neuroimaging methods such as EEG and fNIRS;
however, these methods are not without their drawbacks.
Owing to their low depth and wavelength sensitivity and
consequently poor spatial resolution, fNIRS cannot detect
neurovascular changes in an invasive manner. Despite its low
spatial accuracy and a propensity for motion artifacts, EEG
possesses high temporal precision for measuring electrical
activity in the brain. fNIRS combines these advantages and
delivers better temporal resolution than fMRI. Researchers
must consider these limitations when evaluating the data,
particularly in terms of geographical precision. Future
research in the fields of cognitive processes, decision making,
and stress responses should prioritize several key areas. These
include identifying the neural source of CNV, particularly
in the pre-supplementary motor area (pre-SMA) and further
exploring the neurobiological framework to explain the
related phenomena. Understanding the sex-specific effects
on feedback processing and stress responses is crucial,
necessitating a deep dive into neural mechanisms and
considering factors such as personality traits, hormones,
and genetics. Integrating methods to measure the impact
of affect-laden imagery on risk perception and behavior
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is essential, combining questionnaires with experimental
tasks for validation and ecological validity. Comprehensive
longitudinal studies are needed to assess the enduring effects
of stress on cognitive performance, especially in high-stress
situations such as nursing. Strategies to mitigate the impact of
rapid heat stress on cognitive function and decision-making,
accounting for user characteristics, and employing larger
sample sizes require further exploration. Additionally, future
research should focus on the role of stress in group decision-
making, emphasizing the dynamic functional connectivity,
while improving research methods for enhanced accuracy and
reliability in uncovering the complex relationships between
stress, decision-making, and cognitive processes.

VIl. CONCLUSION

In conclusion, this systematic review has systematically
explored the intricate relationship between acute stress and
its impact on decision-making researched over the past
decade, with a primary focus on physiological measurements.
We initiated this review with a comprehensive introduc-
tion, providing the context for decision-making and acute
stress, followed by an examination of various physiological
measurement and objective assessment methods. Stressors
and decision-making tasks were thoroughly analyzed. The
studies included in this systematic review were rigorously
selected, and included articles in English language with
strong impact factors. Our attention then shifted towards an
in-depth analysis of EEG and fNIRS data, encompassing
key aspects such as data preprocessing, feature extraction,
feature selection, and the application of machine learning
algorithms for classification. In summary, these studies pro-
vide a holistic understanding of the multifaceted relationship
between stress and decision-making across diverse contexts.
These investigations revealed the complex interplay between
factors such as cortical excitability, sex differences, emo-
tional imagery, cortisol levels, age-related variations, and
individual traits in shaping decision outcomes under stress.
Furthermore, the research emphasizes the importance of
innovative neurophysiological measures for understanding
and managing stress across various domains. As we con-
clude, it is evident that this systematic review contributes
significantly to the comprehension of how stress intricately
influences human decision-making. The knowledge gleaned
from this review provides valuable insights for researchers
and professionals seeking to better understand and address
the impact of stress on decision-making processes. Further
research in this domain can build upon these findings by
focusing on refining experimental designs and advancing our
understanding of the dynamic interplay between acute stress
and decision-making.

AUTHOR CONTRIBUTIONS

Naufal M. Saad and Frédéric Merienne were instrumental
in developing the initial concept and designing the research
framework. Abdualrhman Abdalhadi played a key role in
formulating the search queries, conducting the literature

VOLUME 12, 2024



A. Abdalhadi et al.: Study of the Acute Stress Effects on Decision Making

IEEE Access

search, and composing significant portions of the manuscript.
Mohd Zuki Yusoff provided support in the review process,
whereas Nitin Koundal and Maged S. Al-Quraishi were
responsible for editing the manuscript. The remaining
sections of the paper received equal contributions from all
authors. Furthermore, all authors have thoroughly reviewed
and given their consent to the final version of the manuscript.

REFERENCES

(1]

(2]

(3]

[5]

[6

[7]

[8]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

COVID. Pandemic Triggers 25% Increase in Prevalence of Anxiety
and Depression Worldwide 2022. Accessed: Apr. 24, 2023. [Online].
Available: https://www.who.int/news/item/02-03-2022-covid-19-
pandemic-triggers-25-increase-inprevalence-of-anxiety-and-depression-
worldwide

A. S. Bahar Moni, S. Abdullah, M. F. I. L. Bin Abdullah, M. S. Kabir,
S. M. Alif, F. Sultana, M. Salehin, S. M. S. Islam, W. Cross,
and M. A. Rahman, ‘““Psychological distress, fear and coping among
malaysians during the COVID-19 pandemic,” PLoS One, vol. 16, no. 9,
Sep. 2021, Art. no. €0257304.

J. Robinson, “Rate of depression in great Britain doubled during COVID-
19 pandemic, ONS figures reveal,” Pharmaceutical J., vol. 1, pp. 1-8,
2020.

S. Asif, A. Muddassar, T. Z. Shahzad, M. Raouf, and T. Pervaiz, “Fre-
quency of depression, anxiety and stress Among University Students,”
Pakistan J. Med. Sci., vol. 36, no. 5, p. 971, Jun. 2020.

J. Bakker, M. Pechenizkiy, and N. Sidorova, “What’s your current stress
level? Detection of stress patterns from GSR sensor data,” in Proc. IEEE
11th Int. Conf. Data Mining Workshops, Dec. 2011, pp. 573-580.

A. Abdalhadi, N. Bencheva, N. M. Saad, M. S. Al-Quraishi, and
N. Koundal, “Study the effect of acute stress on decision making using
function near infrared spectroscopy (fNIRS),” in Proc. 22nd Asia Simul.
Conf. Singapore: Springer, 2023, pp. 452-463.

M. A. Hasnul, N. A. A. Aziz, S. Alelyani, M. Mohana, and A. A. Aziz,
“Electrocardiogram-based emotion recognition systems and their appli-
cations in healthcare—A review,” Sensors, vol. 21, no. 15, p. 5015,
Jul. 2021.

N. Koundal, N. Bencheva, M. N. M. Saad, I. Elamvazuthi,
M. S. Al-Quraishi, and A. Abdalhadi, ‘“Investigating the effect of
nested interruptions and levels of cognitive demand on mental states,” in
Proc. 32nd Int. Scientific Conf. Electron. (ET), Sep. 2023, pp. 1-6.

H. Selye, “A syndrome produced by diverse nocuous agents,” Nature,
vol. 138, no. 3479, p. 32, Jul. 1936.

A. Abdalhadi, H. Wahid, and D. H. Burhanuddin, “An optimal
proportional integral derivative tuning for a magnetic levitation system
using metamodeling approach,” Indonesian J. Electr. Eng. Comput. Sci.,
vol. 25, no. 3, pp. 1356-1366, Mar. 2022.

B. K. Holzel, J. Carmody, K. C. Evans, E. A. Hoge, J. A. Dusek,
L. Morgan, R. K. Pitman, and S. W. Lazar, “Stress reduction correlates
with structural changes in the amygdala,” Social Cognit. Affect.
Neurosci., vol. 5, no. 1, pp. 11-17, Mar. 2010.

S. M. Smith and W. W. Vale, “The role of the hypothalamic-pituitary-
adrenal axis in neuroendocrine responses to stress,” Dialogues Clin.
Neurosci., vol. 8, no. 4, pp. 383-395, Dec. 2006.

M. A. C. Stephens and G. Wand, “Stress and the HPA axis: Role
of glucocorticoids in alcohol dependence,” Alcohol Res., Current Rev.,
vol. 34, no. 4, p. 468, 2012.

N. D. Goncharova, *“Stress responsiveness of the hypothalamic-pituitary-
adrenal axis: Age-related features of the vasopressinergic regulation,”
Frontiers Endocrinol., vol. 4, p. 26, Aug. 2013.

J. A. Hinds and E. R. Sanchez, “The role of the hypothalamus-pituitary-
adrenal (HPA) axis in test-induced anxiety: Assessments, physiological
responses, and molecular details,” Stresses, vol. 2, no. 1, pp. 146-155,
Mar. 2022.

S. Sriramprakash, V. D. Prasanna, and O. V. R. Murthy, *“Stress detection
in working people,” Proc. Comput. Sci., vol. 115, pp. 359-366, Jan. 2017.
S. S. Panicker and P. Gayathri, ““A survey of machine learning techniques
in physiology based mental stress detection systems,” Biocybern.
Biomed. Eng., vol. 39, no. 2, pp. 444-469, Apr. 2019.

K. Starcke and M. Brand, “Decision making under stress: A selective
review,” Neurosci. Biobehavioral Rev., vol. 36, no. 4, pp. 1228-1248,
Apr. 2012.

VOLUME 12, 2024

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]
[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

S.S.Moghadam, F. S. Khodadad, and V. Khazaeinezhad, *“An algorithmic
model of decision making in the human brain,” Basic Clin. Neurosci. J.,
vol. 10, no. 5, pp. 443-450, Nov. 2019.

Z.Guo, J. Chen, S. Liu, Y. Li, B. Sun, and Z. Gao, “Brain areas activated
by uncertain reward-based decision-making in healthy volunteers,”
Neural Regener. Res., vol. 8, no. 35, p. 3344, 2013.

P. Cassey, A. Heathcote, and S. D. Brown, “Brain and behavior in
decision-making,” PLoS Comput. Biol., vol. 10, no. 7, Jul. 2014,
Art. no. e1003700.

S. E. Wemm and E. Wulfert, “Effects of acute stress on decision making,”
Appl. Psychophysiol. Biofeedback, vol. 42, no. 1, pp. 1-12, Mar. 2017.
G. Vanhollebeke, S. De Smet, R. De Raedt, C. Backen, P. van
Mierlo, and M.-A. Vanderhasselt, “The neural correlates of psychosocial
stress: A systematic review and meta-analysis of spectral analysis
EEG studies,” Neurobiol. Stress, vol. 18, May 2022, Art. no. 100452.
[Online]. Available: https://www.sciencedirect.com/science/article/pii/
$2352289522000273

A. Duque, I. Cano-Lépez, and S. Puig-Pérez, “Effects of psychological
stress and cortisol on decision making and modulating factors: A
systematic review,” Eur. J. Neurosci., vol. 56, no. 2, pp. 3889-3920,
Jul. 2022.

C. J. Groombridge, Y. Kim, A. Maini, D. V. Smit, and M. C. Fitzgerald,
“Stress and decision-making in resuscitation: A systematic review,”’
Resuscitation, vol. 144, pp. 115-122, Nov. 2019.

N. Singer, M. Sommer, S. Wiist, and B. M. Kudielka, “Effects
of gender and personality on everyday moral decision-making after
acute stress exposure,” Psychoneuroendocrinology, vol. 124, Feb. 2021,
Art. no. 105084.

A. J. Porcelli and M. R. Delgado, “Stress and decision making: Effects
on valuation, learning, and risk-taking,” Current Opinion Behav. Sci.,
vol. 14, pp. 33-39, Apr. 2017.

G. Charness and U. Gneezy, ‘““Strong evidence for gender differences in
risk taking,” J. Econ. Behav. Org., vol. 83, no. 1, pp. 50-58, Jun. 2012.
L. Morris, “The process of decision-making by stressed social workers:
To stay or leave the workplace,” Int. Rev. Psychiatry, vol. 17, no. 5,
pp. 347-354, Oct. 2005.

H. Selye, “The stress syndrome,” AJN Amer. J. Nursing, vol. 65, no. 3,
pp. 97-99, 1965.

B. S. McEwen and R. M. Sapolsky, “Stress and cognitive function,”
Current Opinion Neurobiol., vol. 5, no. 2, pp. 205-216, 1995.

G. Berretz, J. Packheiser, R. Kumsta, O. T. Wolf, and S. Ocklenburg,
“The brain under stress—A systematic review and activation likelihood
estimation meta-analysis of changes in BOLD signal associated with
acute stress exposure,” Neurosci. Biobehavioral Rev., vol. 124, pp. 89-99,
May 2021.
D. Kiiltz,
J. Experim. Zool. A, Ecol. Integrative Physiol., vol.
pp. 359-378, Jul. 2020.

H. Sies, “On the history of oxidative stress: Concept and some aspects
of current development,” Current Opinion Toxicol., vol. 7, pp. 122-126,
Feb. 2018.

I. L. Lemmer, N. Willemsen, N. Hilal, and A. Bartelt, “A guide to
understanding endoplasmic reticulum stress in metabolic disorders,” Mol.
Metabolism, vol. 47, May 2021, Art. no. 101169.

H. Selye, “Confusion and controversy in the stress field,” J. Human
Stress, vol. 1, no. 2, pp. 3744, Jun. 1975.

M. J. Frank, M. X. Cohen, and A. G. Sanfey, “Multiple systems in
decision making: A neurocomputational perspective,” Current Directions
Psychol. Sci., vol. 18, no. 2, pp. 73-77, Apr. 2009.

N. Tottenham and A. Galvan, “Stress and the adolescent brain:
Amygdala-prefrontal cortex circuitry and ventral striatum as develop-
mental targets,” Neurosci. Biobehavioral Rev., vol. 70, pp.217-227,
Nov. 2016.

A. J. Dreyer, D. Stephen, R. Human, T. L. Swanepoel, L. Adams,
A.O’Neill, W. J. Jacobs, and K. G. F. Thomas, ‘“Risky decision
making under stressful conditions: Men and women with smaller
cortisol elevations make riskier social and economic decisions,”” Frontiers
Psychol., vol. 13, Feb. 2022, Art. no. 810031.

J. van Hoorn, A. J. Fuligni, E. A. Crone, and A. Galvan, “Peer influence
effects on risk-taking and prosocial decision-making in adolescence:
Insights from neuroimaging studies,” Current Opinion Behav. Sci.,
vol. 10, pp. 59-64, Aug. 2016.

“Evolution of cellular stress response mechanisms,”
333, no. 6,

53471



IEEE Access

A. Abdalhadi et al.: Study of the Acute Stress Effects on Decision Making

[41]

[42]

[43]

[44]

[45]

[40]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

53472

C. Kirschbaum, K.-M. Pirke, and D. H. Hellhammer, “The ‘trier
social stress test'—A tool for investigating psychobiological stress
responses in a laboratory setting,” Neuropsychobiology, vol. 28, nos. 1-2,
pp. 76-81, 1993.

S. Het, N. Rohleder, D. Schoofs, C. Kirschbaum, and O. T. Wolf,
“Neuroendocrine and psychometric evaluation of a placebo version of
the ‘trier social stress test,”” Psychoneuroendocrinology, vol. 34, no. 7,
pp. 1075-1086, Aug. 2009.

U. S. Wiemers, D. Schoofs, and O. T. Wolf, “A friendly version
of the trier social stress test does not activate the HPA axis in
healthy men and women,” Stress, vol. 16, no. 2, pp.254-260,
Mar. 2013.

B. von Dawans, C. Kirschbaum, and M. Heinrichs, ““The trier social stress
test for groups (TSST-G): A new research tool for controlled simultaneous
social stress exposure in a group format,” Psychoneuroendocrinology,
vol. 36, no. 4, pp. 514-522, May 2011.

P. Zimmer, C. C. Wu, and G. Domes, ‘“Same same but different?
Replicating the real surroundings in a virtual trier social stress
test (TSST-VR) does not enhance presence or the psychophysi-
ological stress response,” Physiol. Behav., vol. 212, Dec. 2019,
Art. no. 112690.

M. R. Gunnar, B. M. Reid, B. Donzella, Z. R. Miller, S. Gardow,
N. C. Tsakonas, K. M. Thomas, M. Deloseph, and J. J. Bendezd,
“Validation of an online version of the trier social stress test in a
study of adolescents,” Psychoneuroendocrinology, vol. 125, Mar. 2021,
Art. no. 105111.

D. E. Eagle, J. A. Rash, L. Tice, and R. J. Proeschold-Bell, “Evaluation
of a remote, Internet-delivered version of the trier social stress test,” Int.
J. Psychophysiol., vol. 165, pp. 137-144, Jul. 2021.

K. Dedovic, R. Renwick, N. K. Mahani, V. Engert, S. J. Lupien,
and J. C. Pruessner, “The Montreal imaging stress task: Using
functional imaging to investigate the effects of perceiving and processing
psychosocial stress in the human brain,” J. Psychiatry Neurosci., vol. 30,
no. 5, pp. 319-325, 2005.

J. D. C. Velozo, T. Vaessen, J. Pruessner, I. van Diest, S. Claes, and
I. Myin-Germeys, ‘“The repeated Montreal imaging stress test (rMIST):
Testing habituation, sensitization, and anticipation effects to repeated
stress induction,” Psychoneuroendocrinology, vol. 128, Jun. 2021,
Art. no. 105217.

M. Buckert, C. Schwieren, B. M. Kudielka, and C. J. Fiebach, “Acute
stress affects risk taking but not ambiguity aversion,” Frontiers Neurosci.,
vol. 8, p. 82, May 2014.

V. Flaudias and P.-M. Llorca, “A brief review of three manipulations
of the Stroop task focusing on the automaticity of semantic access,”
Psychologica Belgica, vol. 54, no. 2, pp. 199-221, 2014.

F. Scarpina and S. Tagini, ““The Stroop color and word test,” Frontiers
Psychol., vol. 8, p. 557, Apr. 2017.

M. AL-Quraishi, I. Elamvazuthi, S. Daud, S. Parasuraman, and
A. Borboni, “EEG-based control for upper and lower limb exoskeletons
and prostheses: A systematic review,” Sensors, vol. 18, no. 10, p. 3342,
Oct. 2018.

M. I. Al-Hiyali, A. J. Ishak, H. R. Harun, S. A. Ahmad, and
W. A. W. Sulaiman, “Examination of prefrontal cortex activity after
EEG-neurofeedback stimulation in overweight cases,” Int. J. Integr. Eng.,
vol. 11, no. 3, Sep. 2019, Accessed: Apr. 12, 2024. [Online]. Available:
https://publisher.uthm.edu.my/ojs/index.php/ijie/article/view/4536

M. S. AL-Quraishi, I. Elamvazuthi, T. B. Tang, M. Al-Qurishi, S. H. Adil,
and M. Ebrahim, “Bimodal data fusion of simultaneous measurements of
EEG and fNIRS during lower limb movements,” Brain Sci., vol. 11, no. 6,
p- 713, May 2021.

A. Villringer, J. Planck, C. Hock, L. Schleinkofer, and U. Dirnagl, “Near
infrared spectroscopy (NIRS): A new tool to study hemodynamic changes
during activation of brain function in human adults,” Neurosci. Lett.,
vol. 154, nos. 1-2, pp. 101-104, May 1993.

F. F. Jobsis, “Noninvasive, infrared monitoring of cerebral and myocar-
dial oxygen sufficiency and circulatory parameters,” Science, vol. 198,
no. 4323, pp. 1264-1267, Dec. 1977.

S. Coyle, T. Ward, C. Markham, and G. McDarby, “On the suit-
ability of near-infrared (NIR) systems for next-generation brain—
computer interfaces,” Physiolog. Meas., vol. 25, no. 4, pp. 815-822,
Aug. 2004.

N. Naseer and K.-S. Hong, “FNIRS-based brain—-computer interfaces:
A review,” Frontiers Human Neurosci., vol. 9, p. 3, Jan. 2015.

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

[74]

[75]

[76]

[77]

[78]

A. Liberati, D. G. Altman, J. Tetzlaff, C. Mulrow, P. C. Ggtzsche,
J. P. Toannidis, M. Clarke, P. J. Devereaux, J. Kleijnen, and D. Moher,
“The PRISMA statement for reporting systematic reviews and meta-
analyses of studies that evaluate health care interventions: Explanation
and elaboration,” Ann. Internal Med., vol. 151, no. 4, p. 65, Aug. 2009.
S. Pahlevan-Sharif, P. Mura, and S. N. R. Wijesinghe, “A systematic
review of systematic reviews in tourism,” J. Hospitality Tourism
Manage., vol. 39, pp. 158-165, Jun. 2019.

K. Hannes, ““Not knowing’ does not necessarily mean there is no
plan: Redesigning the concept of ‘being systematic,”” Cochrane Methods
Suppl., vol. 10, pp. 38-40, Sep. 2016.

J. A. Sterne et al., “RoB 2: A revised tool for assessing risk of bias in
randomised trials,” Brit. Med. J., vol. 366, 2019. [Online]. Available:
https://www.bmj.com/content/366/bm;j.14898, doi: 10.1136/bm;.14898.
P. P. Balasubramani, J. Diaz-Delgado, G. Grennan, F. Alim,
M. Zafar-Khan, V. Maric, D. Ramanathan, and J. Mishra, “Distinct
neural activations correlate with maximization of reward magnitude
versus frequency,” Cerebral Cortex, vol. 33, no. 10, pp. 6038-6050,
May 2023.

J. Sasaki, T. Matsubara, C. Chen, Y. Fujii, Y. Fujita, M. Nakamuta,
K. Nitta, K. Egashira, T. Hashimoto, and S. Nakagawa, ‘Prefrontal
activity during the emotional go/no-go task and computational markers
of risk-based decision-making predict future relapse in alcohol use
disorder,” Frontiers Psychiatry, vol. 13, Jan. 2023, Art. no. 1048152.

M. Huang, X. Zhang, X. Chen, Y. Mai, X. Wu, J. Zhao, and Q. Feng,
“Joint-channel-connectivity-based feature selection and classification on
fNIRS for stress detection in decision-making,” IEEE Trans. Neural Syst.
Rehabil. Eng., vol. 30, pp. 1858-1869, 2022.

S. Miura, T. Kaneko, K. Kawamura, Y. Kobayashi, and M. G. Fujie,
“Brain activation measurement for motion gain decision of surgical
endoscope manipulation,” Int. J. Med. Robot. Comput. Assist. Surgery,
vol. 18, no. 2, p. 2371, Apr. 2022.

G. Berretz, J. Packheiser, O. T. Wolf, and S. Ocklenburg, “Improved inter-
hemispheric connectivity after stress during lexical decision making,”
Behavioural Brain Res., vol. 418, Feb. 2022, Art. no. 113648.

S. Pooladvand and S. Hasanzadeh, ‘“Neurophysiological evaluation of
workers’ decision dynamics under time pressure and increased mental
demand,” Autom. Construct., vol. 141, Sep. 2022, Art. no. 104437.

N. Sciaraffa, G. Di Flumeri, D. Germano, A. Giorgi, A. Di Florio,
G. Borghini, A. Vozzi, V. Ronca, R. Varga, M. van Gasteren, F. Babiloni,
and P. Arico, “Validation of a light EEG-based measure for real-time
stress monitoring during realistic driving,” Brain Sci., vol. 12, no. 3,
p. 304, Feb. 2022.

J. Chen, Q. Xu, D. Fang, D. Zhang, and P.-C. Liao, “Perceptual decision-
making ‘in the wild’: How risk propensity and injury exposure experience
influence the neural signatures of occupational hazard recognition,” Int.
J. Psychophysiol., vol. 177, pp. 92-102, Jul. 2022.

Y. Sun and R. Sekuler, “Decision-making and multisensory combination
under time stress,” Perception, vol. 50, no. 7, pp. 627-645, Jul. 2021.

T. B. Tang, J. S. Chong, M. Kiguchi, T. Funane, and C.-K. Lu,
“Detection of emotional sensitivity using fNIRS based dynamic func-
tional connectivity,” IEEE Trans. Neural Syst. Rehabil. Eng., vol. 29,
pp- 894-904, 2021.

H. Zhao, Y. Li, Y. Wang, X. Wang, Y. Kan, T. Yang, W. Hu, and
H. Duan, “Acute stress makes women’s group decisions more rational:
A functional near-infrared spectroscopy (fNIRS)-based hyperscanning
study,” J. Neurosci., Psychol., Econ., vol. 14, no. 1, pp. 20-35, Mar. 2021.
P. Wang, R. Gu, J. Zhang, X. Sun, and L. Zhang, “Males with low risk-
taking propensity overestimate risk under acute psychological stress,”
Stress, vol. 24, no. 6, pp. 898-910, Nov. 2021.

H. Wanniarachchi, Y. Lang, X. Wang, T. Pruitt, S. Nerur, K.-Y. Chen, and
H. Liu, “Alterations of cerebral hemodynamics and network properties
induced by newsvendor problem in the human prefrontal cortex,”
Frontiers Human Neurosci., vol. 14, Jan. 2021, Art. no. 598502.

N. Hakimi, A. Jodeiri, M. Mirbagheri, and S. K. Setarehdan, ‘“Proposing
a convolutional neural network for stress assessment by means of derived
heart rate from functional near infrared spectroscopy,” Comput. Biol.
Med., vol. 121, Jun. 2020, Art. no. 103810.

Y. Shi, Y. Zhu, R. K. Mehta, and J. Du, “A neurophysiological
approach to assess training outcome under stress: A virtual reality
experiment of industrial shutdown maintenance using functional near-
infrared spectroscopy (fNIRS),” Adv. Eng. Informat., vol. 46, Oct. 2020,
Art. no. 101153.

VOLUME 12, 2024


http://dx.doi.org/10.1136/bmj.l4898

A. Abdalhadi et al.: Study of the Acute Stress Effects on Decision Making

IEEE Access

[79]

[80]

[81]

[82]

[83]

[84]

[85]

[86]

[87]

[88]

[89]

[90]

[91]

[92]

[93]

[94]

[95]

[96]

[97]

[98]

[99]

[100]

[101]

C. J. Coehoorn, L. A. Stuart-Hill, W. Abimbola, J. P. Neary, and
O. E. Krigolson, “Firefighter neural function and decision-making
following rapid heat stress,” Fire Saf. J., vol. 118, Dec. 2020,
Art. no. 103240.

E.-J. Lee and J. H. Yun, ‘“Moral incompetency under time constraint,”
J. Bus. Res., vol. 99, pp. 438445, Jun. 2019.

A. Wolff, J. Gomez-Pilar, T. Nakao, and G. Northoff, “Interindividual
neural differences in moral decision-making are mediated by alpha power
and delta/theta phase coherence,” Sci. Rep., vol. 9, no. 1, p. 4432,
Mar. 2019.

R. Schnuerch and S. Pfattheicher, “Motivated malleability: Frontal
cortical asymmetry predicts the susceptibility to social influence,” Social
Neurosci., vol. 13, no. 4, pp. 480-494, Jul. 2018.

M. Liou, J.-F. Hsieh, J. Evans, I.-W. Su, S. Nayak, J.-D. Lee, and
A. N. Savostyanov, “Resting heart rate variability in young women is a
predictor of EEG reactions to linguistic ambiguity in sentences,” Brain
Res., vol. 1701, pp. 1-17, Dec. 2018.

Y. Jung and Y. I. Yoon, “Multi-level assessment model for wellness
service based on human mental stress level,” Multimedia Tools Appl.,
vol. 76, no. 9, pp. 11305-11317, May 2017.

T. Lees and S. Lal, “Stress and its impact on the neurocognitive
performance of Australian nurses,” Stress Health, vol. 33, no. 1,
pp. 45-54, Feb. 2017.

L. Li, M. Cazzell, L. Zeng, and H. Liu, “Are there gender differences
in young vs. aging brains under risk decision-making? An optical brain
imaging study,” Brain Imag. Behav., vol. 11, no. 4, pp. 1085-1098,
Aug. 2017.

C. V. Robertson, M. A. Immink, and F. E. Marino, “Exogenous cortisol
administration; effects on risk taking behavior, exercise performance,
and physiological and neurophysiological responses,” Frontiers Physiol.,
vol. 7, p. 640, Dec. 2016.

J. Traczyk, A. Sobkow, and T. Zaleskiewicz, “Affect-laden imagery and
risk taking: The mediating role of stress and risk perception,” PLoS One,
vol. 10, no. 3, Mar. 2015, Art. no. e0122226.

U. Boehm, L. van Maanen, B. Forstmann, and H. van Rijn, “Trial-by-
trial fluctuations in CNV amplitude reflect anticipatory adjustment of
response caution,” Neurolmage, vol. 96, pp. 95-105, Aug. 2014.

S. Banis, L. Geerligs, and M. M. Lorist, “Acute stress modulates feedback
processing in men and women: Differential effects on the feedback-
related negativity and theta and beta power,” PLoS One, vol. 9, no. 4,
Apr. 2014, Art. no. €95690.

C. Kirschbaum, S. Wiist, and D. Hellhammer, ““Consistent sex differences
in cortisol responses to psychological stress,” Psychosomatic Med.,
vol. 54, no. 6, pp. 648-657, Nov. 1992.

G. Fein and M. Chang, “Smaller feedback ERN amplitudes during the
BART are associated with a greater family history density of alcohol
problems in treatment-Naive alcoholics,” Drug Alcohol Dependence,
vol. 92, nos. 1-3, pp. 141-148, Jan. 2008.

A. Bechara, H. Damasio, and A. R. Damasio, ‘“Emotion, decision
making and the orbitofrontal cortex,” Cerebral Cortex, vol. 10, no. 3,
pp. 295-307, Mar. 2000.

W. K. Kirchner, “Age differences in short-term retention of rapidly chang-
ing information,” J. Experim. Psychol., vol. 55, no. 4, pp. 352-358, 1958.
J. M. Gilchrist and P. M. Allen, “Lexical decisions in adults with low
and high susceptibility to pattern-related visual stress: A preliminary
investigation,” Frontiers Psychol., vol. 6, p. 449, Apr. 2015.

F. Al-Shargie, T. B. Tang, and M. Kiguchi, “Stress assessment based
on decision fusion of EEG and fNIRS signals,” IEEE Access, vol. 5,
pp. 19889-19896, 2017.

T. G. P. Coll, “Studies of interference in serial verbal reactions,”
J. Experim. Psychol., Gen., vol. 121, no. 1, pp. 15-23, 1992.

Y.-H. Tsai, S.-K. Wu, S.-S. Yu, and M.-H. Tsai, “Analyzing brain waves
of table tennis players with machine learning for stress classification,”
Appl. Sci., vol. 12, no. 16, p. 8052, Aug. 2022.

S. Grassini, A. Revonsuo, S. Castellotti, I. Petrizzo, V. Benedetti, and
M. Koivisto, “Processing of natural scenery is associated with lower
attentional and cognitive load compared with urban ones,” J. Environ.
Psychol., vol. 62, pp. 1-11, Apr. 2019.

A. Sharma and S. Nandi, ““A review of behavioral decision making in the
newsvendor problem,” Oper. Supply Chain Manag., Int. J., vol. 11, no. 4,
pp. 200-213, Aug. 2018.

H. Gaspars-Wieloch, “Newsvendor problem under complete uncertainty:
A case of innovative products,” Central Eur. J. Oper. Res., vol. 25, no. 3,
pp. 561-585, Sep. 2017.

VOLUME 12, 2024

[102]

[103]

[104]

[105]

[106]

[107]

[108]

[109]

[110]

M. E. Schweitzer and G. P. Cachon, “Decision bias in the newsvendor
problem with a known demand distribution: Experimental evidence,”
Manage. Sci., vol. 46, no. 3, pp. 404—-420, Mar. 2000.

F. Waddington, C. Hartman, Y. de Bruijn, M. Lappenschaar,
A. Oerlemans, J. Buitelaar, B. Franke, and N. Rommelse, ‘Visual
and auditory emotion recognition problems as familial cross-disorder
phenomenon in ASD and ADHD,” Eur. Neuropsychopharmacol.,
vol. 28, no. 9, pp. 994-1005, Sep. 2018.

Z. L. Zahari, M. Mustafa, and R. Abdubrani, ‘“The multimodal parameter
enhancement of electroencephalogram signal for music application,”
IAES Int. J. Artif. Intell., vol. 11, no. 2, p. 414, Jun. 2022.

R. Gabbard, M. Fendley, I. A. Dar, R. Warren, and N. H. Kashou, “Uti-
lizing functional near-infrared spectroscopy for prediction of cognitive
workload in noisy work environments,” Neurophotonics, vol. 4, no. 4,
Aug. 2017, Art. no. 041406.

A. Khan and S. Rasool, “Game induced emotion analysis using
electroencephalography,” Comput. Biol. Med., vol. 145, Jun. 2022,
Art. no. 105441.

V. Ventre, R. Martino, and F. Maturo, “Subjective perception of time and
decision inconsistency in interval effect,” Qual. Quantity, vol. 57, no. 5,
pp. 4855-4880, Oct. 2023.

R. van den Bos, R. Taris, B. Scheppink, L. de Haan, and J. C. Verster,
“Salivary cortisol and alpha-amylase levels during an assessment
procedure correlate differently with risk-taking measures in male and
female police recruits,” Frontiers Behav. Neurosci., vol. 7, p.219,
Jun. 2014.

A. N. Patel, M. D. Howard, S. M. Roach, A. P. Jones, N. B. Bryant,
C. S. H. Robinson, V. P. Clark, and P. K. Pilly, ““Mental state assessment
and validation using personalized physiological biometrics,” Frontiers
Human Neurosci., vol. 12, p. 221, Jun. 2018.

J. R. Stroop, ““Studies of interference in serial verbal reactions,” J. Exp.
Psychol., Gen., vol. 121, no. 1, pp. 15-23, 1992, doi: 10.1037/0096-
3445.121.1.15.

ABDUALRHMAN ABDALHADI received the
B.S. degree from Asia Pacific University of
Technology & Innovation (APU) and the M.S.
degree in mechatronic and automatic control from
Universiti Teknologi Malaysia, Malaysia, in 2021.
He is currently pursuing the Ph.D. degree with
Universiti Teknologi PETRONAS (UTP), with a
focus on automatic control and neuro signal pro-
cessing. He is also working on brain physiological
signal, virtual reality, and user experience under

the Centre for Intelligent Signal and Imaging Research, UTP. His research
interests include virtual reality, neuro signal processing, and control systems.

NITIN KOUNDAL received the B.Tech. degree
from Punjab Technical University (PTU) and
the MLE. degree in mechanical engineering from
NITTTR Chandigarh (Panjab University), India,
in 2019. He is currently pursuing the Ph.D. degree
with the Centre for Intelligent Signal and Imag-
ing Research, Universiti Teknologi PETRONAS
(UTP), Malaysia. His research interests include
biomedical signal processing, rehabilitation device
design, finite element analysis, and additive
manufacturing.

MOHD ZUKI YUSOFF (Member, IEEE) received
the B.Sc. degree in electrical engineering from
Syracuse University, in 1988, the M.Sc. degree
in communications, in networks, and in software
from the University of Surrey, in 2001, and the
Ph.D. degree in electrical and electronic engineer-
ing from Universiti Teknologi PETRONAS (UTP),
Malaysia, in 2010. He is currently an Associate
Professor with UTP. He has international publi-
cations and holds patents. His research interests

include transport safety and telecommunications. He is a member of the Tau
Beta Pi and the Eta Kappa Nu.

53473


http://dx.doi.org/10.1037/0096-3445.121.1.15
http://dx.doi.org/10.1037/0096-3445.121.1.15

IEEE Access

A. Abdalhadi et al.: Study of the Acute Stress Effects on Decision Making

MAGED S. AL-QURAISHI (Member, IEEE)
received the B.Sc. degree in biomedical engi-
neering from Baghdad University, Iraq, in 2005,
the M.Sc. degree in biomedical engineering from
Universiti Putra Malaysia, in 2015, and the Ph.D.
degree from Universiti Teknologi PETRONAS,
Malaysia, in 2021. He is currently a Postdoctoral
Fellow with the Smart Mobility and Logistics
Center, KFUPM. He has published several articles
in refereed journals (IEEE, Springer, and MDPI).

His research interests include biomedical signal processing, neuroengineer-
ing, machine learning, deep learning, instrumentation, and rehabilitation

robotics.

FREDERIC MERIENNE (Member, IEEE)
received the Ph.D. degree from the National
Polytechnical Institute of Grenoble, in 1996.
He has been a Professor with the Arts et Metiers
and the Director of the Le2i Laboratory Research
Team, Image Institute, since 2004. He has
authored many scientific articles in virtual reality
and related disciplines. His research interests
include virtual immersion linked with engineering,
cultural heritage, and health applications. He is

involved in dlfferent projects with industrial partners, and initiated
international collaborative projects in the area of virtual reality with
universities in the USA, Australia, Colombia, and Malaysia.

53474

< 7,

research interests include neuro signal processing, medical imaging, and
communication.

NAUFAL M. SAAD (Member, IEEE) received the
master’s degree from Ecole Nationale Supérieure
d’Ingénieurs de Limoges, France, and the Ph.D.
degree in telecommunication from Université
de Limoges, France, in 2005. He is currently
an Associate Professor with the Electrical and
Electronic Engineering Department, Universiti
Teknologi PETRONAS (UTP), Malaysia, where
he is also a Research Member with the Centre
for Intelligent Signal and Imaging Research. His

VOLUME 12, 2024



