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ABSTRACT Stress resilience is recognized as an important occupational prerequisite for air traffic con-
trollers (ATCs). A system for input/output multimodal stress resilience assessment based on physiological
features has been developed and applied in the ATC selection process on 40 ATC candidates, as well as
on 40 age/sex-matched control subjects. The input stimulation paradigm includes acoustic startle stimuli
and their prepulse and fear-potentiated modulations, airblasts, and semantically relevant aversive images
and sounds. The output physiological features include resting heart rate variability and respiratory sinus
arrhythmia, cardiac allostasis, electromyogram- and electrodermal activity-based acoustic startle response
features, like startle reactivity and startle habituation, and acoustic startle modulation-related features, like
fear-potentiated startle, prepulse inhibition of the startle response, and discrimination of startle responses in
danger versus safety experimental conditions. Variability of each feature is assessed and illustrated in 8-D
physiological resilience space. Statistically significant differences (p < 0.05) between the two groups have
been obtained for the three most relevant of eight applied features; specifically, ATC candidates exhibited
significantly higher resting respiratory sinus arrhythmia, lower startle reactivity, and more pronounced
cardiac allostasis than the control group. The observed feature variability justifies future research efforts
toward augmenting the traditional ATC selection process with the presented stress resilience assessment
approach. The proposed research paradigm can be also applied in selection processes of similarly stressful
occupations such as first responders, airline/military pilots, military personnel, among others.

INDEX TERMS Stress resilience assessment, air traffic controller, startle stimuli, heart rate variability,
respiratory sinus arrhythmia.

I. INTRODUCTION
Air Traffic Controller (ATC) is a highly demanding and
stressful occupation that relies on high levels of complex cog-
nitive performance and individual psychological resilience.
Potential risks of losing human lives, high workloads and
heavy time pressures all contribute to ATCs high-stress occu-
pational environment [1] that can cause long-lasting mental
health, neurobehavioral, immune and operational decrements
in low-resilient individuals [2]–[5]. Prolonged occupational
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exposure to such environments can cause fatal operational
errors in inadequately selected, trained, and resilient individ-
uals. Furthermore, a job analysis of ATCs [6] revealed high
importance of adjustment, self-control, stress tolerance, and
adaptability/flexibility in ATC occupation, all of which are
related to resilient functioning under stress. Therefore, stress
resilience [7], [8] should be one of the most important criteria
during ATC selection process.

The most important sources of operational stressors for
ATCs are high peaks of traffic load, time pressure, a variety of
emergencies, conflicts in the application of rules, the poten-
tial failure of equipment, shift schedules-night work, lack of
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sleep etc. [3], [9]. These stress-eliciting factors, as well as
overlapping fatigue factors like workload, shift length, break
frequency, circadian rhythms, sleep disorders etc. [10], can
affect the job satisfaction and the general health of ATCs. This
can lead, in case of cognitive overload and time pressure, to a
loss of situational awareness [11]. Information intensive work
environments, traffic jams, multitasking activities, rapidly
changing workload, lack of sleep, fatigue, and other factors
may cause long-lasting neurobehavioral decrements or even
severe mental health disorders [3]. Idiosyncratic factors such
as age, biological, genetic and personality traits, lifestyle,
work experience, motivation, physical and mental health, etc.
contribute to the complex aetiology of these stress-related
health disorders. Exposure to high levels of stress also impairs
the performance of tasks that require complex cognitive abil-
ities and flexible thinking [12], as well as precision [13],
but it can improve the performance of simpler and/or well-
rehearsed tasks [14], [15]. Early detection and prevention of
stress-related neurobehavioral decrements remain challeng-
ing due to substantial individual differences in resilience and
the associated psychophysiological factors.

Even though stress has long been recognized as an inherent
part of the ATC profession [16], [17], a review of contem-
porary literature [18] emphasizes that stress in ATC has
been neglected by researchers in comparison with other
human factors like situational awareness [19], [20] and work-
load [21]–[26]. While there is no direct method to assess
resilience to stress, there are a number of psychometric instru-
ments that measure constructs related to stress resilience,
such as scales of hardiness, locus of control, optimism, self-
efficacy, as well as a variety of comprehensive physiological
measurements [27]–[29] that can be used to create a compre-
hensive psychophysiological stress response profile.

Different indicators of peripheral physiological activity,
such as cardiovascular, electrodermal, and electromyographic
activity, have long been used as indicators of primary emo-
tions [30], [31] and conscious manipulation of these signals is
much harder than speech or facial emotional expressions [32].
From these signals a wide range of physiological features
can be computed through time/frequency analysis, entropy,
geometric analysis, sub-band spectra, multi scale entropy
domains, or various decomposition methods. Finding the
dominant set of physiological features, that are the most rele-
vant for differentiating resilient from vulnerable individuals,
has been a main objective of our research [33]–[40]. These
research results are used to augment and objectivize the ATC
selection process.

This article proposes methodology for stress resilience
assessment based on comprehensive physiological features
in the selection of ATCs. Accordingly, multimodal phys-
iological measurements were conducted with the group
of 40 candidates in the final stages of the ATC selection
process and age/sex-matched control group of our 40 stu-
dents. Between-group comparative analysis is presented for
eight physiological features for stress resilience assessment
according to the relevant references given in Table 1 in

the next section. The main contribution of the paper is the
proposed methodology for elicitation and computation of
selected physiological features, which is empirically evalu-
ated based on features that statistically differentiate experi-
mental and control group.

II. BACKGROUND OF PHYSIOLOGICAL FEATURES FOR
STRESS RESILIENCE ASSESSMENT
This section summarises the background research publica-
tions regarding physiological features of stress resilience,
which represents the scientific basis for our research in this
paper. Table 1 presents the relevant research findings and
structures these findings according to specific physiological
features of stress resilience that we have identified in the
scientific literature: root mean square of successive differ-
ences (RMSSD), respiratory sinus arrhythmia (RSA), cardiac
allostasis (CA), startle reactivity (SR), startle habituation
(SH), prepulse inhibition (PPI), fear-potentiated startle (FPS)
and danger vs. safety discrimination (DSD). Accordingly,
these features are used in scientifically grounded stress
resilience assessments conducted with our two groups of
participants in the subsequent sections of this paper. Prospec-
tive studies of stress resilience, which are regarded as par-
ticularly valuable in stress resilience research [41], [42], are
highlighted in the table by asterisks.

III. METHODS
Design and development of comprehensive methods for
ATC candidates’ selection should reflect the full spectrum
of realistic occupational operational demands and relevant
stimuli for stress resilience assessment. Low-cost wear-
able micro-sensors for measurements of the individual’s
multimodal physiological, acoustic, linguistic, facial, ocu-
lomotor, functional near-infrared spectroscopy (fNIRS) and
EEG reactions [35], [64] have the potential to be used
in the selection of resilient ATCs. Accordingly, the lab-
oratory version of Input/Output Multimodal System for
Stress Resilience Assessment (IOMS-SRA) enables mea-
surements and analysis of multimodal responses to specific
stressful stimuli, related to physiological, facial, acoustic,
linguistic, oculomotor and electroencephalographic (EEG)
features [34], [36], [37], [65]. This approach is illustrated by
Fig. 1.

A. STUDY PARTICIPANTS
This research complied with the American Psychological
Association Code of Ethics and had been approved by
the Croatian Air Traffic Control authorities and the Eth-
ical Committee of the University of Zagreb Faculty of
Electrical Engineering and Computing. Signed informed con-
sent was obtained from each individual participating in this
research. The Croatian Air Traffic Control selected 40 indi-
viduals for participation in our experimental procedures from
the pool of more than one thousand applicants, according to:
educational level and age; cognitive, perceptual and physical
abilities, vocational/avocational interests, personality traits
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TABLE 1. Summary of physiological features relevant for stress resilience assessment.
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FIGURE 1. The laboratory version of IOMS-SRA (presented illustration was partially assembled from public domain/free sources:
https://publicdomainvectors.org, http://www.stockunlimited.com).

and behavioural tendencies; First European Air Traffic Con-
troller Selection Test (FEAST) and Dynamic Air Traffic
Controller Radar Test (DART), developed and managed
by EUROCONTROL (http://feast-info.eurocontrol.int/); psy-
chological interview regarding abilities to handle the
ATC occupational demands; performance on simulated
exercises related to air traffic management etc. At the
beginning of our protocol, each ATC candidate filled
out several standardised psychological questionnaires rele-
vant for resilience assessment: Connor-Davidson Resilience
Scale [66], Anxiety Sensitivity Index [67] and Core
Self-Evaluations Scale [68]. Later on, candidates underwent
proposed stimulation paradigm while their peripheral phys-
iology was continuously recorded, including ECG, EDA,
respiration, and eyeblink EMG signals. Due to psychologi-
cal questionnaires’ susceptibility to bias [28] and potentially
fake self-report results caused by candidates competing for
attractive job and salary, this research was mainly focused on
comprehensive multimodal physiological measurements and
analysis as the primary tools in the objectivization of stress
resilience assessment. The control group participants were
40 5th-year electrical engineering and computing students.
These participants underwent the same experimental protocol
as ATC candidates.

The actual number of ATC candidates and control partic-
ipants whose data are presented in this paper were 38 ATC
candidates (33 male, 5 female, median age 24) and 36 con-
trol participants (30 male, 6 female, median age 23.5),

respectively. Specifically, data from 2 ATC candidates had
to be excluded from the analysis due to data recording fault.
Data from 4 control group participants had to be excluded
from the analysis for the following reasons: 1 participant
reported an anxiety disorder; 1 participant could not finish
the experiment due to high levels of discomfort; and, 2 par-
ticipants were excluded due to data recording fault.

Wilcoxon-Mann-Whitney two-sample rank-sum test
showed no significant difference between these two groups
in age (medianATC = 24, medianCTRL = 23.5, ranksum =
1390, p = 0.6632, effect size r = 0.05). Fisher’s exact text
showed no significant difference between the two groups in
male/female composition (p = 0.7510, OR = 0.7576).

B. STIMULATION PARADIGM
Both groups underwent the same stimulation paradigm,
with controlled lighting and temperature in the room. The
stimulation paradigm for stress resilience assessment has
been designed to elicit physiological response features sum-
marised in Table 1, and included the following blocks:

• Resting block. This block lasts 3 minutes and is pri-
marily used for computation of resting cardiac activity
features (HRV and respiratory sinus arrhythmia).

• Block of auditory startle (AS) stimuli. This 2-minute
block of 8 white-noise AS stimuli (duration 40 ms,
loudness 108 dB, according to [63], [69]) is particu-
larly important for computation of electromyographic
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(EMG)- and electrodermal activity (EDA)-based mea-
sures of the AS response habituation.

• Block of prepulse inhibition of AS. This 3-minute
block contains 4 referent (pulse-alone) AS stimuli and
8 prepulse-inhibited AS stimuli, mixed in pseudoran-
dom order. Prepulse-inhibited AS stimuli are preceded
by 25-ms acoustic prepulses (75 dB, 1000 Hz, 4 ms
rise/fall times) with 120-ms lead intervals [59].

• Block of fear-potentiated AS stimuli. This 5-minute
block is divided into 4 phases, where the candidates
are alternately confronted either with words ‘‘danger’’,
written in red, or words for ‘‘no danger’’, written in
blue, on a screen in front of them. Throughout the
‘‘danger’’ and ‘‘no danger’’ phases, typical acoustic
40-ms 108-dB white-noise startle stimuli are deliv-
ered (8 under instructed danger, and 8 under instructed
safety, in total), for assessment of the fear-potentiated
startle response and danger vs. safety discrimination.
Besides the AS stimuli, 4 unpleasant composite stimuli
(2 in each of the 2 ‘‘danger’’ phases), are delivered
as well. Composite stimuli are combinations of aver-
sive 250-ms airblasts, loud unpleasant sounds and aver-
sive pictures [37], and cause a relatively strong cardiac
and EDA response. Hence, ECG data from this block
(specifically the ‘‘danger’’ phases) is used for the assess-
ment of cardiac reaction to laboratory stress, as part of
cardiac allostatic response analysis.

• Recovery block. This block lasts 2 minutes and is
important for the coupled analysis of cardiac reaction
(from the previous block) and cardiac recovery from
laboratory stress.

In all blocks, intervals between successive stimuli were
15±2 seconds.

Fig. 2 shows a schematic view of the stimulation paradigm
timeline that was used in our experiment. AS stimuli and
sound components of the composite stimuli were delivered
binaurally through headphones (Sennheiser PC 360 G4ME).
Airblasts were directed at the back of the neck. Visual com-
ponents of the composite stimuli and ‘‘danger’’/’’no dan-
ger’’ instructions were presented on a screen that was black
otherwise. Just before their enrolment in the experiment, an
experimenter verbally explained the study procedures to each
participant.

C. DATA COLLECTION PROCEDURES
BIOPAC MP150 system with all accompanying modality-
specific modules was used for collecting the ECG, EMG,
EDA and respiratory data, at a sampling frequency
of 1000 Hz. Gazepoint GP3 HD eye-tracker was used for
spontaneous blink detection, collecting data at a frequency
of 150 Hz. Synchronisation of the stimulus delivery and
data acquisition hardware was performed by our IOMS-SRA
software. A more detailed description of the hardware side of
our laboratory system can be found in [37].

The eyeblink component of the AS response was measured
by EMG recordings of the right orbicularis oculi muscle

with two disposable electrodes (EL504 from BIOPAC) pre-
coated with electrolyte gel. One electrode was positioned
right below the eye, and the other was positioned below
the lateral canthus. The electrodes were considered suc-
cessfully placed when the eyeblink EMG response contour
was clearly distinguishable from the baseline EMG activ-
ity during real-time raw data visualization. ECG electrodes
(EL503 from BIOPAC) were placed on both wrists and above
the right ankle (Einthoven’s triangle) and Lead I was mea-
sured. EDA was measured as conductance between the two
isotonic gel electrodes (EL507 from BIOPAC) placed on
the index and ring finger of the nondominant hand. Respi-
ration was measured by respiratory belt placed around the
participant’s chest (approx. at the height of the diaphragm).
The electrodes were considered successfully placed if QRS
complexes in the ECG and SCRs in the skin conductance
signals were easily visible. Visual inspection of signals after
electrode placement, lasting one minute, additionally helped
the participants’ signals to settle to a basal rest level before
the start of the paradigm.

D. DATA PROCESSING AND ANALYSIS PROCEDURES
ECGwas processed using a highly robust automatic heartbeat
detection algorithm [70] and aMATLAB-based tool for man-
ual checking and correction of detected heartbeats, result-
ing with an inter-beat interval (IBI) time series on a 1-ms
precision scale. Such highly precise detection of heartbeats
was critical for accurate assessment of the fluctuations in
the obtained IBI time series, known as heart rate variability
(HRV). In general, changes in HRV have been shown to relate
to stress [71], as well as anxiety, depression, PTSD, fatigue
etc., all of which produce autonomic imbalance [72]. While
an array of time-domain, frequency-domain and nonlinear
measures can be generally used to assess HRV [71], [72],
we focused on HRV assessment via RMSSD and RSA fea-
tures due to resilience-relevant literature presented in Table 1.

AS response magnitudes were quantified using both the
EMG and EDA data. The eyeblink EMG startle response
magnitude was measured via peak amplitude of response
in the accordingly preprocessed EMG signal, in line with
the recommendations from [73]. Specifically, the raw EMG
signal was preprocessed by a high-order FIR band-pass fil-
ter (28–500 Hz), rectified, smoothed using a 10 Hz low-
pass filter, and baseline-corrected. All startle responses were
manually checked and excluded from the analysis if there
were any artifacts or high levels of noise present in the signal
at the time of AS probe delivery. The EDA-based startle
measure was integral (area under curve) of the sudomotor
nerve activity (SMNA) response, calculated on a time win-
dow of 6 seconds after delivery of AS stimulus. The SMNA
signal (or the EDA driver signal) was estimated from filtered
EDA data using a state-of-the-art EDA processing approach
cvxEDA [74], and is interpreted as sympathetic activity esti-
mate.

From the processed physiological signals, the 8 selected
features (Table 1) were computed for each ATC candidate and
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FIGURE 2. A schematic overview of the stimulation paradigm that was used in the experiment.

each control group participant. Description of computation
methods for each feature is given immediately before the
presentation of the corresponding results in the following
section.

All statistical analyses were performed in MATLAB
R2017b. Between-group comparisons of each of the
8 selected features were performed by Wilcoxon-Mann-
Whitney two-sample rank-sum tests, and the differences were
considered significant when p < 0.05. In order to check that
various startle conditions used in the stimulation paradigm
show expected amplifications/attenuations of AS responses
across all participants, one-sample t-tests were used.

IV. RESULTS
A. HEART RATE (HR) RELATED FEATURES
RMSSD and RSA features were calculated from the respi-
ratory and ECG data collected during the first 3 minutes

of the paradigm (resting period), what is comparable with
recommended minimal window durations for resting HRV
assessment [75]. Cardiac allostasis feature was calculated by
analysis of cardiac stress reaction and recovery conducted
over relevant segments of ECG data.

Root Mean Square of the Successive Differences
(RMSSD) is very sensitive to high-frequency oscillations in
the cardiac IBI signal, so even rare occurrences of heart-
beats that might not be of sine node origin, or ectopic beats,
can induce high levels of noise in the RMSSD feature,
and masquerade as vagally-mediated HRV [72]. To address
the problem, we have implemented a robust version of the
RMSSD feature that rejects outliers in the IBI successive
differences series through a semi-automatic procedure that
is based on percentile thresholding and manual inspection.
Such removal of ectopic beats before RMSSD computation is
in line with recommendations in [76]. Fig. 3 shows boxplot
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FIGURE 3. Boxplot of RMSSD feature during the 3 minutes of rest for ATC candidates vs. control group (middle); illustration of ATC
candidate with the lowest and highest RMSSD (left); illustration of control group participant with the lowest and highest RMSSD (right).

of RMSSD feature for ATC candidates vs. control group,
as well as illustrations of two most distinct ATC candidates
and control group participants concerning RMSSD. Higher
RMSSD values should indicate higher resilience according
to Table 1. Wilcoxon-Mann-Whitney two-sample rank-sum
test shows no significant difference between the two groups
(medianATC = 0.0304, medianCTRL = 0.0302, ranksum =
1376, p = 0.5999, effect size r = −0.06).
Respiratory Sinus Arrhythmia (RSA) assessment usu-

ally includes simple measures like the high-frequency
HRV [77] (ignoring respiratory activity) or descriptive statis-
tics such as range (peak-to-trough differences in IBI times
determined on a breath-by-breath basis). Methodological
issues of RSA assessment have thus been a field of extensive
discussion and research in the past years [46], [78]–[80].
In our work, similarly to [80], we have integrated 4 dif-
ferent RSA estimation methods that are methodologically
motivated by the definition of RSA in the context of signal
processing—coupling between respiratory effort and cardiac
rhythm [81].

The 4 resulting RSA-related features that are obtained from
the processed ECG and respiratory data acquired during the
first 3 minutes of rest are:
• Mean peak-to-trough difference in IBI times determined
on a breath-by-breath basis. For each respiratory cycle,
we determine the difference between the longest IBI
interval during expiration and shortest IBI interval dur-
ing inspiration.

• Correlation between uniformly resampled (10Hz)
baseline-corrected IBI time series and respiratory effort
signal in the time domain (Spearman’s correlation coef-
ficient was used). The phase shift between the two
signals is estimated via cross-correlation and taken into
account.

• Relative HRV power spectral density (PSD) esti-
mate around the breathing frequency (±0.015Hz). The
breathing frequency is assessed via a maximum value
in the PSD estimate of the respiratory effort signal.
HRV PSD estimation was done using the Lomb-Scargle
periodogram, as recently suggested by [82], without
resampling.

• Correlation between the uniformly resampled HRV PSD
estimate and respiratory PSD estimate (Spearman’s cor-
relation coefficient was used).

These 4 methods combined provide a relatively robust
and complete description of the cardiac-respiratory coupling
referred to as respiratory sinus arrhythmia. A final measure of
RSA for each participant/candidate is the linear combination
of the 4 differently calculated RSA features that corresponds
to the first PCA axis. The first PCA axis explains 67.45% of
the total variance in the 4 RSA-related features.

Fig. 4 shows boxplot of RSA feature for ATC candidates
vs. control group, as well as illustrations of two most distinct
ATC candidates and control group participants concerning
RSA. Higher RSA values should indicate higher resilience
according to Table 1. Wilcoxon-Mann-Whitney two-sample
rank-sum test shows significant difference between the two
groups (medianATC = 0.3570, medianCTRL = −0.0481,
ranksum = 1632, p = 0.0255, effect size r = 0.26). Further-
more, values of RSA feature in ATC group are overall higher
than in the control group, as demonstrated by the respective
distributions depicted in the boxplot.

Cardiac Allostasis (CA) is considered to represent vig-
orous cardiac reaction, coupled by successful recovery after
laboratory stress. Similarly to [45], we measured cardiac
reaction by the reduction in mean IBI time, and RMSSD,
from baseline to ‘‘danger’’, and cardiac recovery by the
increase in mean IBI and RMSSD, from ‘‘danger’’ to
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FIGURE 4. Boxplot of RSA feature during the 3 minutes of rest for ATC candidates vs. control group (middle); illustration of ATC candidate with
the lowest and highest RSA (left); illustration of control group participant with the lowest and highest RSA (right).

recovery, on 1-minute long segments. The baseline values of
IBI and RMSSD are calculated from 3 1-minute long seg-
ments during rest, reaction values of IBI and RMSSD are cal-
culated from 2 1-minute long ‘‘danger’’ segments, and recov-
ery values of IBI and RMSSD are calculated from 2 1-minute
long recovery segments before the end of the paradigm [81].
The main cause of laboratory stress in ‘‘danger’’ phases is
the context of danger/fear coupled with exposure to highly
aversive composite stimuli. Fig. 5 shows boxplot of CA
feature for ATC candidates vs. control group, as well as
illustrations of two most distinct ATC candidates and control
group participants concerning CA. Higher CA values should
indicate higher resilience according to Table 1. Wilcoxon-
Mann-Whitney two-sample rank-sum test shows significant
difference between the two groups (medianATC = 0.0176,

medianCTRL = −0.5903, ranksum= 1669, p= 0.008, effect
size r = 0.31). Furthermore, values of CA feature in ATC
group are overall higher than in the control group, as demon-
strated by the respective distributions depicted in the boxplot.

B. AS RESPONSE RELATED FEATURES
Based on the quantified AS responses, the following features
are calculated:

Startle Reactivity (SR) is assessed by averaging a cer-
tain number of eyeblink EMG startle responses that are first
presented to the candidate, as a part of the baseline proce-
dure [49], [51]. In this paper, the first 4 AS stimuli for the
assessment of SR have been used, as we believe that this is
enough to reduce the measurement noise, but still not enough
for the measure to become very susceptible to the effects of
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FIGURE 5. Boxplot of CA feature for ATC candidates vs. control group (middle); instantaneous HR signals of ATC candidate with the highest and
lowest CA (left); instantaneous HR signals of control group participant with the highest and lowest CA (right).

startle habituation as well. SR is normalised by amplitudes
of EMG responses preceding the spontaneous blinks during
the first 3 minutes of rest phase. Fig. 6 shows the boxplot of
SR feature for ATC candidates vs. control group, as well as
illustrations of two most distinct ATC candidates and control
group participants concerning SR. Lower SR values should
indicate higher resilience according to Table 1. Wilcoxon-
Mann-Whitney two-sample rank-sum test shows significant
difference between the two groups (medianATC = 0.8437,
medianCTRL = 1.4802, ranksum = 1217, p = 0.0248, effect
size r = −0.26). Furthermore, values of SR feature in ATC
group are overall lower than in the control group, as demon-
strated by the respective distributions depicted in the boxplot.

Startle Habituation (SH) is estimated from the first 8 AS
response measurements, in both EMG and EDA modali-
ties. It is known that habituation can in some individu-
als be preceded by a short period of sensitisation [83],
and the effect was observed in our data sample as well.
Therefore, we employ 3 different measures of habituation,
that together provide a more robust estimate of habituation

than a single one [81]. Fig. 7 shows boxplot of SH fea-
ture for ATC candidates vs. control group, as well as illus-
trations of two most distinct ATC candidates and control
group participants concerning SH. Lower values of SH esti-
mate computed in the described way mean stronger habit-
uation, which should indicate higher resilience according
to Table 1. Wilcoxon-Mann-Whitney two-sample rank-sum
test shows no significant difference between the two groups
(medianATC = 0.0901, medianCTRL = −0.2163, ranksum =
1580, p = 0.0947, effect size r = 0.19).
The aim in analysing the startle modulation features was to

quantify the effects of different startle modulation conditions
on magnitude change in the AS response. Prepulse inhibition
and safety conditions tend to inhibit the response, while dan-
ger condition tends to potentiate the response. The 3 startle
modulation features are calculated for both modalities, EMG
and EDA, in the following way:

• Prepulse Inhibition (PPI)is the average startle reflex
magnitude for 8 prepulse inhibited AS stimuli, divided
by the average startle reflex magnitude for 8 referent
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FIGURE 6. Boxplot of SR feature for ATC candidates vs. control group (middle); illustration of ATC candidate with the highest and lowest SR
(left); illustration of control group participant with the highest and lowest SR (right). Value of 1 on y-axis in each illustration corresponds to
the average eyeblink EMG amplitude for the specific candidate, calculated from spontaneous blinks during rest. Time 0 corresponds to the
startle stimulus onset in AS response graph and to the eye-closed moment in graph of spontaneous blinks.

AS stimuli (last 4 AS stimuli from the habituation
block, and 4 pulse-alone AS stimuli from the PPI
block). Lower PPI values computed in the described
way mean stronger prepulse inhibition, which should
indicate higher resilience according to Table 1.

• Fear-Potentiated Startle (FPS)is the average startle
reflex magnitude for 8 fear-potentiated AS stimuli,
divided by the average startle reflex magnitude for 8 ref-
erent AS stimuli (same as in PPI). Lower FPS values
should indicate higher resilience according to Table 1.

• Danger vs. Safety Discrimination (DSD)is the average
startle reflex magnitude for 8 fear-potentiated AS stim-
uli, divided by the average startle reflex magnitude for
8 AS stimuli delivered during the two ‘‘safety’’ blocks.
Higher DSD values should indicate higher resilience
according to Table 1.

The described approaches to computation of startle mod-
ulation features result in a total of 6 features (3 EMG-based
and 3 EDA-based features). Final features that are used as
modality-independent measures of PPI, FPS and DSD are

obtained from factor analysis, identifying the loading esti-
mates of the 3 factors that underly the EMG- and EDA-based
PPI, FPS and DSD features [81]. This approach is, to the
best of our knowledge, the first attempt of calculating
modality-independent estimates of these psychophysiologi-
cal resilience-related AS-modulation-based phenomena.

The EMG and EDA driver signals exhibit expected aggre-
gated responses of all ATC candidates and control group par-
ticipants for all types of startle conditions, as shown in Fig. 8.
Before aggregating, all startle responses were normalised for
each participant by the mean value of the 8 referent AS
response magnitudes. This step resulted with a value of 1 for
both the EMG- and EDA-based aggregated reference startle
response magnitude in Fig. 8. For statistical validation of the
shown behaviour, we have conducted multiple one-sample t-
tests against reference AS response.

Regarding the EMG-based responses (Fig. 8, left), each
group of the average normalised modulated startle responses
amplitudes (PPI, FPS, safety) and the group of average nor-
malised SR startle response amplitudes was compared with
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FIGURE 7. Boxplot of SH feature for ATC candidates vs. control group (middle); illustration of ATC candidate with the highest (dashed
red) and lowest (solid blue) value of SH (left); illustration of control group participant with the highest (dashed red) and lowest (solid
blue) value of SH (right).

the group of average normalised referent startle responses
(M= 1, SD= 0). There was a significant difference between
the SR response amplitudes (M = 1.74, SD = 0.92) and
referent startle responses; t(73) = 6.89, p < 0.001. There
was a significant difference between the PPI response ampli-
tudes (M = 0.12, SD = 0.13) and referent startle responses;
t(73) = -59.69, p<0.001. There was no statistically sig-
nificant difference between the FPS response amplitudes
(M = 1.09, SD = 0.57) and referent startle responses;
t(73) = 1.33, p = 0.1876. There was a significant differ-
ence between the safety AS response amplitudes (M = 0.86,
SD = 0.46) and referent startle responses; t(73) = −2.71, p
< 0.01.

The same statistical analysis was done on the EDA-based
responses. There was a significant difference between the
SR response amplitudes (M = 3.20, SD = 2.35) and ref-
erent startle responses; t(73) = 8.08, p<0.001. There was
a significant difference between the PPI response ampli-
tudes (M = 0.69, SD = 0.36) and referent startle responses;
t(73) = −7.34, p<0.001. There was significant difference
between the FPS response amplitudes (M= 1.56, SD= 2.27)

and referent startle responses; t(73)= 2.11, p= 0.0385. There
was no statistically significant difference between the safety
AS response amplitudes (M = 0.92, SD = 0.88) and referent
startle responses; t(73) = −0.74, p = 0.4616.

Fig. 9 shows boxplot of PPI, FPS and DSD features
obtained from factor analysis, for ATC candidates vs. control
group. Wilcoxon-Mann-Whitney two-sample rank-sum test
shows: no significant PPI difference between the two groups
(medianATC = 0.0030, medianCTRL = 0.2823, ranksum =
1490, p = 0.4855, effect size r = 0.08); no significant FPS
difference between the two groups (medianATC = −0.1015,
medianCTRL = 0.1399, ranksum = 1318, p = 0.2494, effect
size r = −0.13); and, no significant DSD difference between
the two groups (medianATC = −0.0379, medianCTRL =
−0.1179, ranksum= 1454, p= 0.7579, effect size r= 0.04).

C. MULTIDIMENSIONAL PHYSIOLOGICAL
RESILIENCE SPACE
An illustration of aggregated multidimensional physiological
resilience space spanned by the 8 selected features is given
in Fig. 10, which shows themedians, 25th and 75th percentiles
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FIGURE 8. Aggregated responses on all AS stimuli for all study participants: EMG (left), EDA driver (right). As expected, the
highest aggregated startle responses occur for SR and FPS (Danger) conditions, while startle responses in PPI condition are
the lowest on both modalities.

FIGURE 9. Boxplots of PPI (left), FPS (middle) and DSD (right) feature for ATC candidates vs. control group.

for ATC candidates and the control group. Such illustration
concisely presents the already obtained results in a way that
associates higher values on each axis with higher resilience.
Accordingly, in this illustration, the two groups differ the
most profoundly on the axes corresponding to RSA, SR and
CA features.

V. DISCUSSION
Resilience represents complex multidimensional biologi-
cal, cognitive, emotional and behavioural phenomena which
should be assessed by clusters of different multimodal and

multidisciplinary features. In this article, we were focused
on 8 relevant physiological features as tools and means
for stress resilience assessment. In addition to between-
group statistical tests and boxplots of individual features,
we provided illustrations of participants with the high-
est and lowest values of specific features in figures 3-7,
for better insight into between-subject variability. Addition-
ally, these illustrations indicate that our computed features
reflect the stress-resilience-related physiological phenomena,
like RSA, cardiac allostasis, startle reactivity and startle
habituation.
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FIGURE 10. An illustration of multidimensional resilience space spanned by 8 selected physiological
features. Each axis has been separately normalised from 0 (minimum value across all participants) to 1
(maximum value across all participants).

The results obtained from this research are in line with our
expectation that the experimental group of 40 selected ATC
candidates is more resilient than the control group, according
to the 8-dimensional physiological feature space relevant for
stress resilience assessment (Table 1). Specifically, ATC can-
didates as the more resilient group had significantly higher
RSA feature, significantly higher CA feature and signifi-
cantly lower SR feature than the control group. This was the
first time, to the best of our knowledge, that such integrated
physiological assessment has been done in a controlled study
using the experimental group of ATC candidates in the selec-
tion process. Proposed and applied stimulation paradigm is
highly efficient, due to a relatively short period (15 minutes)
in which we were able to elicit and acquire relevant stress
resilience related physiological features.

Our obtained results represent a contribution to the exist-
ing literature along the conclusions put forward in a recent
review of potential biomarkers of resilience to psycholog-
ical stress [28]. Specifically, Walker et al. [28] concluded
that in future experimental protocols, resilience markers
should be assessed during baseline as well as during labo-
ratory stressors. Furthermore, they included HRV among the
most promising candidate markers to assess during baseline,
and startle responses and post-stress cardiovascular recov-
ery among the most promising candidate markers to assess
during laboratory stressors. Our research methods adhered to

these guidelines, and our obtained results expand the existing
empirical evidence base regarding the potential of physiolog-
ical resilience markers identified in [28].

Moreover, our results presented in the multidimensional
physiological resilience space emphasise the importance of
combining different resilience markers ‘‘to enhance predic-
tive power’’, as previously advocated by Walker et al. [28].
Starting from the top of Fig. 10 in counterclockwise order,
RMSSD and RSA features obtained during rest, representing
the resting HRV, are relevant for stress resilience and vul-
nerability [28], [44], [45], [48]; this may be partly related to
the importance of resting HRV for long-term maintenance of
cardiovascular health, as well as physical and mental wellbe-
ing [47], [84]. Accordingly, resting HRV measures may be
regarded as necessary but not sufficient for stress resilience
assessment. Continuing in counterclockwise order on Fig. 10,
SR, PPI, FPS, DSD and SH features are related to AS reflex,
which is an important topic in stress resilience/vulnerability
and PTSD research [49], [51], [54], [55], [58], [60]–[63].
Finally, CA feature is related to allostasis, which is one of the
prominent concepts in the field of stress resilience [28], [45],
[85], [86]. In each of these three categories of features,
ATC candidates were in an expected way different from
the control group, even though several features exhibited no
statistically significant differences between the two groups.
Accordingly, these findings emphasise the importance of
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FIGURE 11. Laboratory version of IOMS-SRA system based on BIOPAC MP150 vs. field-deployable NINscan system for
ambulatory brain and physiologic monitoring in operational environments.

combining resting HRV features, AS-related features and
allostasis-related features, in enhancing the assessment and
prediction of stress resilience. Most useful features for clas-
sification of stress resilience in this paper appear to be
RSA, CA and SR features, which showed statistically signif-
icant discrimination between ATC candidates and the control
group. Therefore, it is reasonable to assume that the sub-
set of these 3 statistically significant features might provide
comparable results in terms of ‘‘predictive power’’, with
regard to the entire set of the 8 proposed features. How-
ever, the research on complex interactions between all these
features and their ‘‘predictive power’’ will be undertaken in
our future work based on appropriate feature selection and
machine learning methods. Along these lines, further empiri-
cal validation of the illustrated multidimensional physiologi-
cal resilience space and its extensions with the most pertinent
bio-neuro-psycho-social features of resilience to stress might
be important steps toward comprehensive multidisciplinary
stress resilience assessment and prediction.

Effect size computation for multiple putative resilience
markers within the same research study, such as performed in
this paper for the 8 proposed physiological features, should
over time accumulate evidence regarding the relative impor-
tance of diverse markers for discrimination between indi-
viduals with different levels of stress resilience. Assessment
of effect sizes has been recognized as a useful aid in the
interpretation of research results [87]–[90]; absolute values
of effect sizes obtained in this paper for the three statisti-
cally significant features, RSA, CA and SR, are all in the
range 0.26-0.31, suggesting that these features had compara-
ble between-group discriminative potential. Such effect sizes
demonstrate the currently limited ability to distinguish the
two non-clinical samples, i.e. ATC candidates as the more
resilient group vs. student controls, based on individual fea-
tures from the set of 8 proposed stress resilience-relevant
physiological features. These findings reinforce the notion [7]
that any single feature except, perhaps, childhood protective
factors, is generally a relatively weak predictor of resilience,
and underscore the need [28] to combine different features in
future assessments and prediction of stress resilience.

The control group, comprised of 5th-year engineering stu-
dents, likely represents a stress resilient cohort, relative to

the generally healthy population of the same age as our
ATC candidates. Relevant literature on this matter, like [91],
suggests that college students appear to have somewhat lower
12-month prevalence of various mental disorders than the
non-student population of the same age. This might partially
explain some of the non-significant results obtained in this
paper. Additionally, it would be informative to see how a
veteran group of ATCs scores in terms of our physiological
features of resilience, in comparison to their sex/age-matched
control group. Furthermore, inclusion of non-pre-screened
ATC candidates and their comparison with finally selected
ATC candidates would be a step forward into the overall
screening process regarding physiologically based criteria for
inclusion/exclusion from the candidate pool. Therefore, in the
follow-up studies, we plan to include cohorts consisting of
non-pre-screened ATC candidates, as well as veteran ATCs.
Inclusion of these cohorts would allow cross-cohort compar-
isons that would (a) contextualise current findings relative to
effects of occupational exposures, and (b) generate data for
developing/refining ATC inclusion/exclusion criteria.

Future work will be focused on the continuation and
organisational sustainability of such experimental stud-
ies as prospective research. Furthermore, in the focus of
future research will be design and development of similar
field-deployable version of laboratory IOMS-SRA system
applicable for integrated ambulatory brain and multimodal
physiological recording, such as NINscan (Fig. 11), that
can be used in a variety of field operational environ-
ments [64], [92], [93].

Presented concept of technologically assisted stress
resilience assessment might also strengthen the quality of
the selection process of ATCs, as well as other stressful
occupations like first responders, civilian and military pilots,
and military personnel.

ACKNOWLEDGMENT
The authors particularly thank the director of the Croatian
Air Traffic Control – Croatia Control, Mr. Vlado Bagarić,
for project leadership, and as Dr. Zoran Jakšić and
Mrs. Marina Delonga, for their assistance in experimental
measurements. The authors also thank anonymous reviewers
for their valuable comments.

42002 VOLUME 7, 2019



K. Ćosić et al.: Stress Resilience Assessment Based on Physiological Features in Selection of ATCs

REFERENCES
[1] J. Vogt and J. Leonhardt, ‘‘Increasing safety by stress management,’’ Saf.

Sci. Monitor, vol. 9, no. 1, pp. 1–15, 2005.
[2] G. Costa. Occupational Stress and Stress Prevention in Air Traffic Control.

International Labour Organization. Geneva, Switzerland. Working Paper
CONDFT/WP.6/1995. Accessed: Nov. 27, 2018. [Online]. Available:
https://www.ilo.org/safework/info/publications/WCMS_250120/lang–en/
index.htm

[3] G. Costa, ‘‘Working and health conditions of Italian air traffic con-
trollers,’’ Int. J. Occupat. Saf. Ergonom., vol. 6, no. 3, pp. 365–382,
2000.

[4] V. R. Ribas et al., ‘‘Hematological and immunological effects of stress of
air traffic controllers in northeastern Brazil,’’ Revista Brasileira Hematolo-
gia Hemoterapia, vol. 33, no. 3, pp. 195–201, 2011.

[5] S. Rodrigues, J. S. Paiva, D. Dias, M. Aleixo, R. M. Filipe, and
J. P. S. Cunha, ‘‘Cognitive impact and psychophysiological effects of
stress using a biomonitoring platform,’’ Int. J. Environ. Res. Public Health,
vol. 15, no. 6, p. 1080, 2018.

[6] A. Suresh, K. Ramachandran, and A. Srivastava, ‘‘Personality based job
analysis of air traffic controller,’’ Indian J. Aerosp. Med., vol. 56, no. 2,
pp. 21–31, 2012.

[7] S. M. Southwick, G. A. Bonanno, A. S. Masten, C. Panter-Brick, and
R. Yehuda, ‘‘Resilience definitions, theory, and challenges: Interdisci-
plinary perspectives,’’ Eur. J. Psychotraumatol., vol. 5, no. 1, 2014,
Art. no. 25338. doi: 10.3402/ejpt.v5.25338.

[8] R. Yehuda, J. D. Flory, S. Southwick, and D. S. Charney, ‘‘Developing an
agenda for translational studies of resilience and vulnerability following
trauma exposure,’’Ann. New York Acad. Sci., vol. 1071, no. 1, pp. 379–396,
2006.

[9] SKYbrary. (May 25, 2016). Stress in Air Traffic Control. [Online].
Available: https://www.skybrary.aero/index.php/Stress_in_Air_Traffic_
Control

[10] I. Tomic and J. Liu, ‘‘Strategies to overcome fatigue in air traffic control
based on stress management,’’ Int. J. Eng. Sci., vol. 6, no. 4, pp. 48–57,
2017.

[11] J. Davies, ‘‘Technical evaluation report,’’ in Proc. AGARD Conf. CP-
575, Neuilly-sur-Seine, France, 1996, pp. T-1–T-11. [Online]. Available:
https://archive.org/details/DTIC_ADA305000

[12] M. A. Staal, A. E. Bolton, R. A. Yaroush, and L. E. Bourne, Jr., ‘‘Cogni-
tive performance and resilience to stress,’’ in Biobehavioral Resilience to
Stress, B. J. Lukey and V. Tepe, Eds. Boca Raton, FL, USA: CRC Press,
2008, pp. 259–300.

[13] J. T. Noteboom, M. Fleshner, and R. M. Enoka, ‘‘Activation of the arousal
response can impair performance on a simple motor task,’’ J. Appl. Phys-
iol., vol. 91, no. 2, pp. 821–831, 2001.

[14] A. F. T. Arnsten, ‘‘Stress signalling pathways that impair prefrontal cortex
structure and function,’’ Nature Rev. Neurosci., vol. 10, no. 6, pp. 410–422,
2009.

[15] R. M. Yerkes and J. D. Dodson, ‘‘The relation of strength of stimulus to
rapidity of habit-formation,’’ J. Comparative Neurology Psychol., vol. 18,
no. 5, pp. 459–482, 2004.

[16] J. M. Finkelman and C. Kirschner, ‘‘An information-processing interpreta-
tion of air traffic control stress,’’ Hum. Factors, J. Hum. Factors Ergonom.
Soc., vol. 22, no. 5, pp. 561–567, 1980.

[17] V. D. Hopkin, ‘‘Stress in air traffic control: Stress in air traffic control
research, association (SATCRA) Bournemouth 8–11 May, 1972,’’ Appl.
Ergonom., vol. 3, no. 3, pp. 184–186, 1972.

[18] J. Langan-Fox, M. J. Sankey, and J. M. Canty, ‘‘Human factors measure-
ment for future air traffic control systems,’’Hum. Factors, J. Hum. Factors
Ergonom. Soc., vol. 51, no. 5, pp. 595–637, 2010.

[19] M. R. Endsley, ‘‘Measurement of situation awareness in dynamic sys-
tems,’’ Hum. Factors, J. Hum. Factors Ergonom. Soc., vol. 37, no. 1,
pp. 65–84, 1995.

[20] E. C. Falkland and M. W. Wiggins, ‘‘Cross-task cue utilisation and situa-
tional awareness in simulated air traffic control,’’ Appl. Ergonom., vol. 74,
pp. 24–30, Jan. 2019.

[21] C. Collet, P. Averty, G. Delhomme, A. Dittmar, and E. Vernet-Maury,
‘‘696 autonomic nervous system estimation of mental workload in air-
traffic controllers,’’ Int. J. Psychophysiol., vol. 30, nos. 1–2, p. 263,
1998.

[22] C. Collet, P. Averty, and A. Dittmar, ‘‘Autonomic nervous system and
subjective ratings of strain in air-traffic control,’’ Appl. Ergonom., vol. 40,
no. 1, pp. 23–32, 2009.

[23] A. Neal, S. Hannah, P. Sanderson, S. Bolland, M. Mooij, and S. Murphy,
‘‘Development and validation of a multilevel model for predicting work-
load under routine and nonroutine conditions in an air traffic management
center,’’ Hum. Factors, J. Hum. Factors Ergonom. Soc., vol. 56, no. 2,
pp. 287–305, 2014.

[24] M. Truschzinski, A. Betella, G. Brunnett, and P. F. M. J. Verschure, ‘‘Emo-
tional and cognitive influences in air traffic controller tasks: An investi-
gation using a virtual environment?’’ Appl. Ergonom., vol. 69, pp. 1–9,
May 2018.

[25] J. Vogt, T. Hagemann, and M. Kastner, ‘‘The impact of workload on
heart rate and blood pressure in en-route and tower air traffic control,’’
J. Psychophysiol., vol. 20, no. 4, pp. 297–314, 2006.

[26] G. F. Wilson and C. A. Russell, ‘‘Operator functional state classification
using multiple psychophysiological features in an air traffic control task,’’
Hum. Factors, J. Hum. Factors Ergonom. Soc., vol. 45, no. 3, pp. 381–389,
2003.

[27] J. T. Cacioppo, L. G. Tassinary, and G. G. Berntson, Eds. Handbook of
Psychophysiology, 2nd ed. New York, NY, USA: Cambridge Univ. Press,
2000.

[28] F. R. Walker, K. Pfingst, L. Carnevali, A. Sgoifo, and E. Nalivaiko, ‘‘In the
search for integrative biomarker of resilience to psychological stress,’’
Neurosci. Biobehav. Rev., vol. 74, pp. 310–320, Mar. 2017.

[29] B. D. Winslow, M. B. Carroll, J. W. Martin, G. Surpris, and
G. L. Chadderdon, ‘‘Identification of resilient individuals and those at
risk for performance deficits under stress,’’ Frontiers Neurosci., vol. 9,
Sep. 2015, Art. no. 328.

[30] P. J. Lang, ‘‘A bio-informational theory of emotional imagery,’’ Psy-
chophysiology, vol. 16, no. 6, pp. 495–512, 1979.

[31] R. S. Lazarus, ‘‘Emotions and adaptation: Conceptual and empirical rela-
tions,’’ in Proc. Nebraska Symp. Motivat., W. J. Arnold, Ed. Lincoln, NE,
USA: Univ. Nebraska Press, 1968, pp. 175–266.

[32] J. Kim and E. André, ‘‘Emotion recognition based on physiological
changes in music listening,’’ IEEE Trans. Pattern Anal. Mach. Intell.,
vol. 30, no. 12, pp. 2067–2083, Dec. 2008.

[33] K. Ćosić, S. Popović, D. Kukolja, M. Horvat, and B. Dropuljić,
‘‘Physiology-driven adaptive virtual reality stimulation for prevention and
treatment of stress related disorders,’’ Cyberpsychol., Behav., Social Netw.,
vol. 13, no. 1, pp. 73–78, 2010.

[34] K. Ćosić et al., ‘‘Virtual reality adaptive stimulation in stress resistance
training,’’ in Proc. RTO-MP-HFM-205 Mental Health Well-Being Across
Mil. Spectr., 2011, pp. 4-1–4-18.

[35] K. Ćosić et al., ‘‘Computer-aided psychotherapy based on multimodal
elicitation, estimation and regulation of emotion,’’ Psychiatria Danubina,
vol. 25, no. 3, pp. 340–346, 2013.

[36] K. Ćosić et al., ‘‘Multimodal paradigm for mental readiness training and
PTSD prevention,’’ inNew Tools to Enhance Posttraumatic Stress Disorder
Diagnosis and Treatment: Invisible Wounds of War, B. K. Wiederhold, Ed.
Amsterdam, The Netherlands: IOS Press, 2013, pp. 102–116.

[37] K. Ćosić, S. Popović, D. Kukolja, B. Dropuljić, D. Ivanec, and
M. Tonković, ‘‘Multimodal analysis of startle type responses,’’ Comput.
Methods Programs Biomed., vol. 129, pp. 186–202, Jun. 2015.

[38] B. Dropuljić, I. Mijić, D. Petrinović, T. Jovanovic, and K. Ćosić, ‘‘Vocal
analysis of acoustic startle responses,’’ IEEE/ACM Trans. Audio, Speech,
Language Process., vol. 26, no. 2, pp. 318–329, Feb. 2018.

[39] D. Kukolja, S. Popović, M. Horvat, B. Kovač, and K. Ćosić, ‘‘Comparative
analysis of emotion estimation methods based on physiological measure-
ments for real-time applications,’’ Int. J. Hum.-Comput. Stud., vol. 72,
nos. 10–11, pp. 717–727, 2014.

[40] S. Popović, M. Horvat, D. Kukolja, B. Dropuljić, and K. Ćosić, ‘‘Stress
inoculation training supported by physiology-driven adaptive virtual
reality stimulation,’’ in Studies in Health Technology and Informat-
ics, vol. 144, B. K. Wiederhold and G. Riva, Eds. Amsterdam, The
Netherlands: IOS Press, 2009, ch. 12, pp. 50–54. [Online]. Available:
http://ebooks.iospress.nl/volumearticle/12190

[41] R. Kalisch, M. B. Müller, and O. Tüscher, ‘‘A conceptual
framework for the neurobiological study of resilience,’’ Behav.
Brain Sci., vol. 38, 2015, Art. no. e92. [Online]. Available:
https://www.cambridge.org/core/journals/behavioral-and-brain-sciences/
article/conceptual-framework-for-the-neurobiological-study-
of-resilience/E07B7728571B9D3F82B1D44DDD134E5F. doi:
10.1017/S0140525X1400082X.

[42] R. Kalisch et al., ‘‘The resilience framework as a strategy to combat stress-
related disorders,’’ Nature Hum. Behav., vol. 1, pp. 784–790, Oct. 2017.

VOLUME 7, 2019 42003



K. Ćosić et al.: Stress Resilience Assessment Based on Physiological Features in Selection of ATCs

[43] J. Penttilä et al., ‘‘Time domain, geometrical and frequency domain analy-
sis of cardiac vagal outflow: Effects of various respiratory patterns,’’ Clin.
Physiol., vol. 21, no. 3, pp. 365–376, 2001.

[44] L. Carnevali, J. F. Thayer, J. F. Brosschot, and C. Ottaviani, ‘‘Heart rate
variability mediates the link between rumination and depressive symp-
toms: A longitudinal study,’’ Int. J. Psychophysiol., vol. 131, pp. 131–138,
Sep. 2018.

[45] G. G. Souza et al., ‘‘Resting vagal control and resilience as predictors of
cardiovascular allostasis in peacekeepers,’’ Int. J. Biol. Stress, vol. 16, no. 4,
pp. 377–383, 2013.

[46] P. Grossman and E. W. Taylor, ‘‘Toward understanding respiratory sinus
arrhythmia: Relations to cardiac vagal tone, evolution and biobehavioral
functions,’’ Biol. Psychol., vol. 74, no. 2, pp. 263–285, 2007.

[47] C. S. Weber et al., ‘‘Low vagal tone is associated with impaired post stress
recovery of cardiovascular, endocrine, and immune markers,’’ Eur. J. Appl.
Physiol., vol. 109, no. 2, pp. 201–211, 2010.

[48] G. G. L. Souza et al., ‘‘Resilience and vagal tone predict cardiac recovery
from acute social stress,’’ Int. J. Biol. Stress, vol. 10, no. 4, pp. 368–374,
2007.

[49] D. E. Bradford, J. T. Kaye, and J. J. Curtin, ‘‘Not just noise: Individual
differences in general startle reactivity predict startle response to uncertain
and certain threat,’’ Psychophysiology, vol. 51, no. 5, pp. 407–411, 2014.

[50] V. Risbrough et al., ‘‘Prospective assessment of psychophysiological risk
factors for PTSD,’’ Eur. J. Psychotraumatol., vol. 3, Sep. 2012. [Online].
Available: https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3442735/. doi:
10.3402/ejpt.v3i0.19473.

[51] E. Poli and A. Angrilli, ‘‘Greater general startle reflex is associated with
greater anxiety levels: A correlational study on 111 young women,’’
Frontiers Behav. Neurosci., vol. 9, Feb. 2015, Art. no. 10. doi: 10.3389/
fnbeh.2015.00010.

[52] L. M. Williams, J. M. Gatt, P. R. Schofield, G. Olivieri, A. Peduto, and
E. Gordon, ‘‘‘Negativity bias’ in risk for depression and anxiety: Brain–
body fear circuitry correlates, 5-HTT-LPR and early life stress,’’ NeuroIm-
age, vol. 47, no. 3, pp. 804–814, 2009.

[53] U. Vaidyanathan, C. J. Patrick, and B. N. Cuthbert, ‘‘Linking dimen-
sional models of internalizing psychopathology to neurobiological sys-
tems: Affect-modulated startle as an indicator of fear and distress disorders
and affiliated traits,’’ Psychol. Bull., vol. 135, no. 6, pp. 909–942, 2009.

[54] N. Pole, T. C. Neylan, C. Otte, C. Henn-Hasse, T. J. Metzler, and
C. R. Marmar, ‘‘Prospective prediction of posttraumatic stress disorder
symptoms using fear potentiated auditory startle responses,’’ Biol. Psychi-
atry, vol. 65, no. 3, pp. 235–240, 2009.

[55] E. Nalivaiko, A. Thomson, E. Aidman, and R. Walker, ‘‘Habituation of
acoustic startle: A new biomarker of psychological resilience,’’ J. Sci. Med.
Sport, vol. 20, p. S52, Nov. 2017. doi: 10.1016/j.jsams.2017.09.163.

[56] L. J. Metzger, S. P. Orr, N. J. Berry, C. E. Ahern, N. B. Lasko, and
R. K. Pitman, ‘‘Physiologic reactivity to startling tones in women with
posttraumatic stress disorder,’’ J. Abnormal Psychol., vol. 108, no. 2,
pp. 347–352, 1999.

[57] T. Jovanovic, S. D. Norrholm, A. J. Sakoman, S. Esterajher, and
D. Kozarić-Kovačić, ‘‘Altered resting psychophysiology and startle
response in Croatian combat veterans with PTSD,’’ Int. J. Psychophysiol.,
vol. 71, no. 3, pp. 264–268, 2009.

[58] V. Risbrough et al., ‘‘88. Identification of psychophysiological markers of
PTSD risk and potential use as intermediate phenotypes,’’ Biol. Psychiatry,
vol. 81, no. 10, p. S37, 2017.

[59] A. Echiverri-Cohen, L. Zoellner, R. Gallop, M. Bedard-Gilligan, J. Jaeger,
and N. Feeny, ‘‘Enhanced prepulse inhibition predicts treatment response
in PTSD,’’ J. Depression Anxiety, vol. 6, no. 4, pp. 1–7, 2017.

[60] C. Grillon, C. A. Morgan, III, M. Davis, and S. M. Southwick, ‘‘Effects of
experimental context and explicit threat cues on acoustic startle in Vietnam
veterans with posttraumatic stress disorder,’’ Biol. Psychiatry, vol. 44,
no. 10, pp. 1027–1036, 1998.

[61] N. Pole, T. C. Neylan, S. R. Best, S. P. Orr, and C. R. Marmar, ‘‘Fear-
potentiated startle and posttraumatic stress symptoms in urban police
officers,’’ Int. Soc. Traumatic Stress Stud., vol. 16, no. 5, pp. 471–479,
2003.

[62] U. Vaidyanathan, C. J. Patrick, and E. M. Bernat, ‘‘Startle reflex poten-
tiation during aversive picture viewing as an indicator of trait fear,’’ Psy-
chophysiology, vol. 46, no. 1, pp. 75–85, 2009.

[63] T. Jovanovic et al., ‘‘Impaired fear inhibition is a biomarker of PTSD but
not depression,’’ Depression Anxiety, vol. 27, no. 3, pp. 244–251, 2010.

[64] G. E. Strangman, V. Ivkovic, and Q. Zhang, ‘‘Wearable brain imaging with
multimodal physiological monitoring,’’ J. Appl. Physiol., vol. 124, no. 3,
pp. 564–572, 2017.

[65] K. Ćosić, S. Popović, B. Kovač, D. Kukolja, D. Ivanec, and T. Jovanovic,
‘‘System for evaluation of cognitive performance under the emotional
stressors,’’ inProc. 6th Int. Conf. Adv. Cogn. Technol. Appl. (COGNITIVE),
H. Lounis and D. Josyula, Eds. Wilmington, DE, USA: IARIA, 2014,
pp. 239–245.

[66] K. M. Connor and J. R. T. Davidson, ‘‘Development of a new resilience
scale: The connor-davidson resilience scale (CD-RISC),’’Depression Anx-
iety, vol. 18, no. 2, pp. 76–82, 2003.

[67] B. J. Deacon, J. S. Abramowitz, C. M. Woods, and D. F. Tolin, ‘‘The
anxiety sensitivity index—Revised: Psychometric properties and factor
structure in two nonclinical samples,’’ Behav. Res. Therapy, vol. 41, no. 12,
pp. 1427–1449, 2003.

[68] T. A. Judge, A. Erez, J. E. Bono, and C. J. Thoresen, ‘‘The core self-
evaluations scale: Development of ameasure,’’Personnel Psychol., vol. 56,
no. 2, pp. 303–331, 2003.

[69] S. D. Norrholm et al., ‘‘Fear extinction in traumatized civilians with post-
traumatic stress disorder: Relation to symptom severity,’’ Biol. Psychiatry,
vol. 69, no. 6, pp. 556–563, 2011.

[70] M. Šarlija, F. Jurišić, and S. Popović, ‘‘A convolutional neural network
based approach to QRS detection,’’ in Proc. 10th Int. Symp. Image Signal
Process. Anal. (ISPA), S. Lončarić, M. Kristian, V. Štruc, and M. Vučić,
Eds. Zagreb, Croatia: Univ. Zagreb, 2017, pp. 121–125.

[71] H.-G. Kim, E.-J. Cheon, D.-S. Bai, Y. H. Lee, and B.-H. Koo, ‘‘Stress
and heart rate variability: A meta-analysis and review of the literature,’’
Psychiatry Invest., vol. 15, no. 3, pp. 235–245, 2018.

[72] F. Shaffer and J. P. Ginsberg, ‘‘An overview of heart rate variability metrics
and norms,’’ Frontiers Public Health, vol. 5, Sep. 2017, Art. no. 258.
doi: 10.3389/fpubh.2017.00258.

[73] T. D. Blumenthal, B. N. Cuthbert, D. L. Filion, S. Hackley, O. V. Lipp, and
A. Van Boxtel, ‘‘Committee report: Guidelines for human startle eyeblink
electromyographic studies,’’ Psychophysiology, vol. 42, no. 1, pp. 1–15,
2005.

[74] A. Greco, G. Valenza, A. Lanata, E. P. Scilingo, and L. Citi, ‘‘cvxEDA:
A convex optimization approach to electrodermal activity processing,’’
IEEE Trans. Biomed. Eng., vol. 63, no. 4, pp. 797–804, Apr. 2016.

[75] N. Bourdillon, L. Schmitt, S. Yazdani, J.-M. Vesin, and G. P. Millet, ‘‘Min-
imal window duration for accurate HRV recording in athletes,’’ Frontiers
Neurosci., vol. 11, Aug. 2017, Art. no. 456. doi: 10.3389/fnins.2017.00456.

[76] N. Lippman, K. M. Stein, and B. B. Lerman, ‘‘Comparison of methods
for removal of ectopy in measurement of heart rate variability,’’ Amer.
J. Physiol.-Heart Circulatory Physiol., vol. 267, no. 1, pp. H411–H418,
1994.

[77] A. Kamkwalala et al., ‘‘Dark-enhanced startle responses and heart rate
variability in a traumatized civilian sample: Putative sex-specific correlates
of posttraumatic stress disorder,’’ Psychosomatic Med., vol. 74, no. 2,
pp. 153–159, 2012.

[78] J. W. Denver, S. F. Reed, and S. W. Porges, ‘‘Methodological issues in
the quantification of respiratory sinus arrhythmia,’’ Biol. Psychol., vol. 74,
no. 2, pp. 286–294, 2007.

[79] G. F. Lewis, S. A. Furman, M. F. McCool, and S. W. Porges, ‘‘Statistical
strategies to quantify respiratory sinus arrhythmia: Are commonly used
metrics equivalent?’’ Biol. Psychol., vol. 89, no. 2, pp. 349–364, 2012.

[80] P. Grossman, J. van Beek, and C. Wientjes, ‘‘A comparison of three
quantification methods for estimation of respiratory sinus arrhythmia,’’
Psychophysiology, vol. 27, no. 6, pp. 702–714, 1990.

[81] M. Šarlija, M. Jagodić, S. Popović, and K. Ćosić, ‘‘Resilience-related
physiological features and allostasis during critical events in a job-specific
serious game,’’ presented at the 4th Int. Symp. Resilience Res., Mainz,
Germany, Sep. 2018.

[82] M. Mestanik et al., ‘‘Respiratory sinus arrhythmia—Testing the method
of choice for evaluation of cardiovagal regulation,’’ Respiratory Physiol.
Neurobiol., vol. 259, pp. 86–92, Jan. 2019.

[83] U. Meincke, G. A. Light, M. A. Geyer, D. L. Braff, and
E. Gouzoulis-Mayfrank, ‘‘Sensitization and habituation of the acoustic
startle reflex in patients with schizophrenia,’’ Psychiatry Res., vol. 126,
no. 1, pp. 51–61, 2004.

[84] A. H. Kemp and D. S. Quintana, ‘‘The relationship between mental and
physical health: Insights from the study of heart rate variability,’’ Int.
J. Psychophysiol., vol. 89, no. 3, pp. 288–296, 2013.

42004 VOLUME 7, 2019



K. Ćosić et al.: Stress Resilience Assessment Based on Physiological Features in Selection of ATCs

[85] I. N. Karatsoreos and B. S. McEwen, ‘‘Psychobiological allostasis: Resis-
tance, resilience and vulnerability,’’ Trends Cogn. Sci., vol. 15, no. 12,
pp. 576–584, 2011.

[86] B. S. McEwen and P. J. Gianaros, ‘‘Stress- and allostasis-induced brain
plasticity,’’ Annu. Rev. Med., vol. 62, pp. 431–445, Feb. 2011.

[87] S. Aarts, M. van den Akker, and B. Winkens, ‘‘The importance of effect
sizes,’’ Eur. J. Gen. Pract., vol. 20, no. 1, pp. 61–64, 2014.

[88] R. Coe, ‘‘It’s the effect size, stupid: What effect size is and why it is
important,’’ presented at the Annu. Conf. Brit. Educ. Res. Assoc., Univ.
Exeter, England, U.K., Sep. 2002.

[89] P. Snyder and S. Lawson, ‘‘Evaluating results using corrected and uncor-
rected effect size estimates,’’ J. Exp. Educ., vol. 61, no. 4, pp. 334–349,
1993.

[90] G. M. Sullivan and R. Feinn, ‘‘Using effect size—Or why the P value is
not enough,’’ J. Graduate Med. Educ., vol. 4, no. 3, pp. 279–282, 2012.

[91] R. P. Auerbach et al., ‘‘Mental disorders among college students in the
World Health OrganizationWorldMental Health Surveys,’’ Psychol. Med.,
vol. 46, no. 14, pp. 2955–2970, 2016.

[92] Q. Zhang, G. E. Strangman, and X. Yan, ‘‘Development of motion resistant
instrumentation for ambulatory near-infrared spectroscopy,’’ Proc. SPIE,
vol. 16, no. 8, 2011, Art. no. 087008.

[93] M. Shelhamer, ‘‘A call for research to assess and promote functional
resilience in astronaut crews,’’ J. Appl. Physiol., vol. 120, no. 4,
pp. 471–472, 2016.

KREŠIMIR ĆOSIĆ received the Dipl.Ing., M.S.,
and Ph.D. degrees in electrical engineering from
the Faculty of Electrical Engineering and Comput-
ing, University of Zagreb, Zagreb, in 1973, 1978,
and 1984, respectively, where he is currently a Pro-
fessor and a FullMember of the CroatianAcademy
of Technical Sciences. He led a series of research
projects financed by industry and different govern-
ment agencies. He published more than 100 papers
in scientific journals and conference proceedings

in the area of modeling and simulation, guidance and control, defense
systems and technologies, interactive simulation systems, virtual reality,
affective computing, and cyber psychology. He was also the Co-Director of a
series of conferences in the framework of NATOScience for Peace programs.

MARKO ŠARLIJA received the B.Sc. and M.Sc.
degrees in electrical engineering and information
technology, in 2014 and 2016, respectively. He is
currently pursuing the Ph.D. degree in computer
science. He is currently a Research and Teach-
ing Assistant with the Faculty of Electrical Engi-
neering and Computing, University of Zagreb.
He has worked most extensively in the area of
physiology-based stress resilience prediction. His
research interests include system theory, physio-

logical signal processing, and affective computing and machine learning
applications, lying at the intersection with psychophysiology and neuro-
science.

VLADIMIR IVKOVIC received the B.A. degree
in psychology, in 1999, the M.Sc. degree in biol-
ogy, in 2005, the M.Sc. degree in space studies,
in 2006, and the Ph.D. degree in neuromotor con-
trol, cognitive science, in 2012. He is currently an
Instructor with the Department of Psychiatry, Har-
vard Medical School and Massachusetts General
Hospital. He has worked extensively with NASA,
Boston Fire Department, and other agencies on the
development of countermeasures for mitigation

of operational and occupational performance decrements and health risks.
His research interests include applying ambulatory brain and physiology
monitoring for assessment of neurophysiologic and neurobehavioral disor-
ders elicited by exposure to extreme operational environments or activities,
including spaceflight, firefighting, and emergency response.

QUAN ZHANG (M’06) was born in Luoyang,
China, in 1972. He received the B.S. and Ph.D.
degrees in biomedical engineering from Xi’an
Jiaotong University, China, in 1993 and 1997,
respectively. He received the Postdoctoral Fellow-
ships with the University of Pennsylvania and also
with the Massachusetts General Hospital (MGH)
&HarvardMedical School (HMS). He is currently
the Director of the NSG Biomedical Engineering
Lab, MGH, and an Instructor in psychology with

HMS. His research interests include the development and applications of
novel wearable functional brain monitoring, neuroimaging, and unobtrusive
blood pressure monitoring technologies.

GARY STRANGMAN received the B.S. degree
in mathematics and chemistry, in 1991, and the
M.S. and Ph.D. degrees in cognitive science,
in 1994 and 1998, respectively. He is currently
an Associate Professor with the Department of
Psychiatry, Harvard Medical School and Mas-
sachusetts General Hospital. He has worked exten-
sively with NASA to develop cognitive and neuro-
physiology tools to support the monitoring, main-
tenance, and enhancement of behavioral health in

spaceflight. His research interests include the intersection of neurophysiol-
ogy and human performance, particularly in extreme environments.

SINIŠA POPOVIĆ received the B.Sc. degree in
mathematics, in 2001 and the M.Sc. and Ph.D.
degrees in computer science, in 2006 and 2011,
respectively. He is currently an Assistant Profes-
sor with the Faculty of Electrical Engineering and
Computing, University of Zagreb. He has mostly
worked on the applications of virtual reality and/or
affective computing methods in psychotherapy of
stress-related disorders and assessment of human
resilience to stress. His research interests include

affective computing, interactive simulation and virtual reality, and their
intersections with psychology and neuroscience.

VOLUME 7, 2019 42005


	INTRODUCTION
	BACKGROUND OF PHYSIOLOGICAL FEATURES FOR STRESS RESILIENCE ASSESSMENT
	METHODS
	STUDY PARTICIPANTS
	STIMULATION PARADIGM
	DATA COLLECTION PROCEDURES
	DATA PROCESSING AND ANALYSIS PROCEDURES

	RESULTS
	HEART RATE (HR) RELATED FEATURES
	AS RESPONSE RELATED FEATURES
	MULTIDIMENSIONAL PHYSIOLOGICAL RESILIENCE SPACE

	DISCUSSION
	REFERENCES
	Biographies
	KREŠIMIR COSIC
	MARKO ŠARLIJA
	VLADIMIR IVKOVIC
	QUAN ZHANG
	GARY STRANGMAN
	SINIŠA POPOVIC


