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HYBRID DECISION SUPPORT SYSTEM FOR ADAPTIVE
ASSESSMENT AND MANAGEMENT OF AIR TRAFFIC
CONTROLLERS’ OCCUPATIONAL STRESS IN REAL-TIME

The subject matter of the article is the occupational stress of air traffic controllers (ATCOs), methodological
approaches to its multilevel assessment, and management mechanisms in the dynamic air traffic control
(ATC) environment. The research focuses on developing an integrated system that combines the Best-Worst
Method (BWM) for determining stressor weights, a multilevel fuzzy inference system (FIS) for stress level
assessment, and a dynamic parameter adaptation module operating in real-time. The goal of the article is to
construct a hybrid decision support system (DSS) for continuous assessment of ATCOs’ operational stress with
generation of personalized intervention recommendations, accounting for the dynamic nature of stressors,
individual ATCO characteristics, and contextual factors of the work environment. The tasks of the article
include: systematization and classification of ATCOs’ professional stressors by their sources, development of
a methodology for dynamic adaptation of stressor weights considering shift phase, traffic level, and individual
ATCO profile; construction of a three-level hierarchical fuzzy inference system for aggregating stressor impacts
through five aggregator components, formalization of the mechanism for generating optimal stress management
recommendations based on predicting future system states. Research methods include: Best-Worst Method
(BWM) for determining baseline stressor weights, fuzzy logic for modeling uncertainty in stress assessment,
gradient descent for system parameter adaptation, and systems analysis for identifying relationships between
components. The obtained results include: a functional DSS model represented as a tuple of components with
formalized relationships; a proposed three-factor model for dynamic stressor weight adaptation; a developed
cyclic system operation algorithm with a 60-second update interval; a defined database structure for storing
system state history. The scientific novelty lies in integrating the BWM method with dynamic adaptation
mechanisms to account for real-time contextual changes, developing a three-level FIS to avoid combinatorial
rule explosion while maintaining assessment accuracy, and formalizing a self-learning module based on
gradient descent for automatic system parameter adjustment according to accumulated experience. The
practical significance of the developed system lies in its applicability for operational monitoring of ATCOs’
conditions, predicting critical situations, and forming justified management decisions regarding workload
distribution and shift organization.

Key words: air traffic controller, occupational stress, decision support system, fuzzy logic, dynamic
adaptation, real-time monitoring.

Formulation of the problem. The growth of air
traffic intensity, increasing complexity of airspace, and
rising flight safety requirements create preconditions
for the accumulation of professional stress, which may
lead to decreased performance efficiency, erroneous
actions, and incidents. Professional stress and fatigue
of air traffic controllers (ATCOs) are constant risk
factors for flight safety when high cognitive demands
of controller work, irregular shifts, and time pressure
are combined. A recent multicenter study funded by
EASA and conducted on a sample of six European
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air navigation service providers showed that 5.6% of
shifts are associated with critical levels of fatigue. The
leading determinants were recognized as night shifts,
complex weather conditions, monotonous traffic situ-
ations, accumulated “sleep debt,” and prolonged work
without breaks [1]. The increase in critical fatigue risk
is statistically associated with the type of shift: night
shifts critically increase risk, morning shifts have sig-
nificantly elevated risks compared to day shifts, while
evening shifts have relatively lower fatigue levels
(probable manifestation of the wake maintenance zone
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effect). Professional environment factors (monotonous
traffic, complex weather conditions and tasks (e.g.,
need for coordination with colleagues) significantly
increase the risk of critical fatigue. An additional day
of rest after a night shift reduces the indicated risk by
~43%, while a 10% increase in “sleep debt” increases
the risk by ~86% [1].

Chronic professional stress leads to emotional
exhaustion and professional burnout. A large survey of
457 Chinese ATCOs showed that 83.59% of respond-
ents have signs of professional burnout. Higher levels
of effort-reward imbalance (ERI) were associated with
more severe burnout, while social support acted as a
protective factor [2]. These findings are consistent with
contemporary cross-industry models: perceived stress
positively correlates with the composite burnout index
in the link burnout questionnaire (LBQ), while self-ef-
ficacy correlates negatively [3].

In civil aviation, the Fatigue Risk Management
System (FRMS) approach dominates, which is
defined in International Civil Aviation Organization
(ICAO) documents as “a data-driven means of con-
tinuously monitoring and managing fatigue-related
safety risks, based upon scientific principles, knowl-
edge and operational experience” [4]. The EU regula-
tory context contains mandatory elements for fatigue
and stress prevention, particularly EU 2015/340
regarding ATCO training and EU 2017/373 for shift
and rest organization. Recent field studies in the EU,
funded by EASA, rely on these standards, combining
schedule analysis, FRMS practices, and field data col-
lection at air navigation service providers (ANSP) [5,
6]. However, existing fatigue/stress management pro-
cedures in the controller environment do not provide
sufficiently refined, personalized, and responsive cor-
rection of workload, breaks, and task distribution in
response to ATCO psychophysiological state dynam-
ics. This creates a need for decision support systems
(DSS) that integrate subjective questionnaires, physi-
ological/behavioral indicators, shift context, and tac-
tical-operational events for adaptive management of
ATCO stress during shifts.

Analysis of recent research and publications.
Review-empirical works confirm the systemic contri-
bution of workload, temporal regimes, and work envi-
ronment (lighting, noise, ergonomics) to increased
stress and deteriorated ATCO performance. Analyti-
cal research in the sphere of job demands-resources
(JD-R) and effort-reward imbalance (ERI) explains
how high cognitive complexity, time pressure, monot-
ony, and limited control cause acute fatigue and, upon
transition to a chronic state, burnout [3]. In a sam-
ple among military ATCOs, it has been shown that
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decision overload, intensive or “inconvenient” shifts,
and unfavorable workplace conditions are associated
with loss of “situational picture” and decreased con-
trol quality [7, 8].

In studies of ATCO stress and fatigue levels, val-
idated questionnaires are systematically applied: the
Perceived Stress Scale (PSS-10), General Self-Ef-
ficacy Scale (GSES), Link Burnout Questionnaire
(LBQ) with subscales of psychophysical exhaustion,
relationship deterioration, professional ineffective-
ness, disappointment, the Job Content Questionnaire
(JCQ) for psychological job assessment, and the
effort-reward imbalance model (ERI). Additionally,
the MBI-GS (Maslach Burnout Inventory-General
Survey) questionnaire is used to identify burnout,
capturing emotional exhaustion, cynicism, and pro-
fessional efficacy [2, 3]. Protocols combining ques-
tionnaires with objective indicators (sleep actigraphy,
behavioral tests) are increasingly applied in projects
developing reliable FRMS.

Field and near-realistic conditions studies have
shown the informativeness of such fatigue assess-
ment metrics in ATCO as the percentage of eyelid
closure time (PERCLOS) [9]. Heart rate variability
(HRV) demonstrates sensitivity to mental workload
changes during air traffic control task simulation. The
relevance of temporal and spectral HRV indicators
has been confirmed, as well as the importance of time
scales for biomarker interpretation [10]. For rapid
detection of cognitive load, EEG studies empha-
size the diagnostic value of indicators in ranges that
include y-waves and the applicability of algorithms
from classical (mRMR feature selection) to deep con-
volutional neural networks (CNNs) models [11, 12].
A separate direction should be identified as non-in-
vasive eye tracking and other biobehavioral predic-
tors of ATCO workload using machine learning (ML)
models [13]. While the aforementioned methods are
actively developing, questions of external validity
and operational acceptability remain open.

The analysis of practical measures has identified
a typical triad of strategies: primary (ATCO shift
design/rostering, workplace ergonomics), secondary
(professional training, coping techniques), tertiary
(rehabilitation and support), however, most interven-
tions remain planned or reactive and are not oriented
toward personalized proactive real-time solutions [8].
EU regulatory requirements coordinate the presence
of procedures and training modules on fatigue and
stress, and EASA thematic reports (2024) state a high
level of process formalization (100% of ANSPs have
procedures), but rather limited regular data collection
regarding sleep/fatigue (~40% - quarterly or annu-
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ally) [5, 11]. Overall, the modern industry is ready for
the implementation of hybrid DSS with multimodal
data (questionnaires, sensors, task context) and algo-
rithmic decision support.

Task statement. The main objective of the article
is to develop and formalize a hybrid decision support
system for adaptive assessment of air traffic control-
lers’ professional stress in real-time with the capabil-
ity of generating personalized recommendations for
management interventions.

Outline of the main material of the study. Our
current research is based on: the functional model of
ATCO stress management (the “white box model”)
and the functional requirements for DSS of auto-
mated occupational stress management system [14];
classification system of key occupational stressors
and system dynamics model of ATCOs’ job stress
components [15].

Considering the multifaceted nature of the ATCOs’
professional stress management problem, the com-
plexity of interrelationships between heterogene-
ous stressors, and the necessity for adaptive system
behavior in real-time [14], it is proposed to represent
the DSS as a structured mathematical model. Such
formalization will allow for clear definition of the
system’s functional modules, their interaction, and
information processing mechanisms at each stage of
decision-making.

Based on our previous research [15], stressors are
classified into six clusters, presented in Fig. 1.

The functional model of DSS is described by the
tuple:

DSS,co =(S,W,F,A,D,R) (1)

where: S — set of stressors (high air traffic intensity,
technical failures, complex weather conditions, etc.):
S={s1,...,8x}; W — dynamic stressor weights; F —
fuzzy inference system; A — adaptation/self-learning
module; D — database of system and ATCO’ state; R —
stress management recommendation mechanism.

According to system dynamics model of ATCOs’
job stress components [15] the level of perceived
overall occupational stress is determined by five
component-aggregators of the model, which accu-
mulate the impact of job stressors of various sources,
the cumulative effect of which can be quantitatively
measured — “level of perceived personal control
over the work situations” (PC), “level of perceived
the teamwork quality” (TW), “level of perceived
job demands” (JD), “level of perceived background
stress” (BS), and “level of perceived stress manage-
ability” (SM).

Let us briefly consider the DSS operating prin-
ciple (Fig. 2). Within a defined time interval (At),
the DSS captures indicators from various sources:
physiology (HR, RR, EDA), air traffic parameters,
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Fig. 1. Occupational stressor clusters of ATCO
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weather conditions, ATCO equipment status. This
“snapshot” of the state forms the observation vector
O.. It is recorded in the database (DB) and sent for
further processing. Next, stressor assessment occurs.
For each stressor, the system obtains an instantaneous
value si(t), transforms it into a comparable score 0(s;)
on a 0-100 scale, and calculates the relative, mutu-
ally comparable contribution — normalized weighted
(stress) driver (NWD;). This allows us to understand
not only “how much” each factor manifested, but
also “how important” it is in the current context. To
ensure this importance corresponds to the actual sit-
uation, weight adaptation is triggered. Base weights
are recalculated into vector W(t) considering three
modifiers that will be discussed later. After updating,
weights are normalized, and the result is stored in
DB — this makes the system’s behavior context-sensi-
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nal model of DSS

tive but controlled. Updated contributions NWD and
weights W(t) are fed into the multilevel FIS. After
defuzzification, scalar S, €[1.7] is determined (scale
from “low” to “critical”). At the top of the hierarchy,
the integral indicator S,,.,., (t) is formed. To transition
from “fuzzy” description to a specific value of overall
stress level, the system performs defuzzification: from
Sean (1), S_crisp is determined on the scale [1...7] —
professional stress level: from low to critical. Based
on the determined professional stress level of the
ATCO, the recommendation optimizer selects action
R* that best reduces deviation from the desired level
(goal) considering priority, expected effectiveness,
and cost C(R). As a result of this module’s function-
ing, the supervisor receives clearly formulated inter-
vention options: operational (immediately), tactical
(for the duration of the controller shift), or strategic
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Fig. 3 Real-time monitoring and intervention algorithm

(longer-term perspective). Finally, the Execution &
Feedback block performs the selected action, records
what exactly was done, updates the state vector V.
(S, W, P, H, R) in DB, and most importantly, returns
the impact back into the cycle: weights and modifi-
ers are adjusted considering the result. After At sec-
onds, a new cycle begins — already accounting for the
recently acquired experience.

The database of system and ATCOs’ state stores
history W, event logs, parameters, applied recommen-
dations, that is, everything needed for audit and model
training, including: S — stressor state at time t (particu-
larly, integral fuzzy output) and defuzzified stress level;
W, — weights and their modifiers; P, — fuzzy inference
system parameters for each input variable and linguis-
tic label; H; — history and hidden states of predictive
model (RNN), event counters, time-in-shift, accumu-
lated background stress, etc.; R — selected actions; pri-
orities, expected effectiveness and cost.

The cyclical process of DSS functioning in gen-
eral form is presented in Fig. 3.

The proposed methodology is based on the inte-
gration of three key components: the Best-Worst
Method (BWM) for determining stressor weights, a
Fuzzy Inference System (FIS) for stress level assess-
ment, and a dynamic adaptation module for ensuring
system flexibility in real-time. Initial (base) stressor
weights (w}™) are determined using the Best-Worst
Method (BWM) by solving the corresponding linear
optimization problem for consistent comparison vec-
tors “best to others” and “others to worst” (Fig. 4).

In our work, the traditional BWM is extended with
a dynamic stressor weight adaptation module. Initial
weights are determined using the standard BWM pro-
cedure with subsequent weight adaptation.

To determine a normalized and internally consist-
ent set of base weights (w;™) for stressors, which
serve as the foundation for dynamic weight adapta-
tion, the following optimization problem is solved:
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min &
st. wg— ap - wj <§ Vi=1,....n
ag, - wj — wg < § Vi=1,...,n
wj —aw: Wy < § Vi=1,....n ()
aw: Wy — wj < § Vj=1,...,n

Z?j:ﬂwj = 1, WJZO
Vj= 1,.,.,1’1

where: n — number of stressors; je{l,...,n} — stressor
index; w; —sought base weights of stressors (normalized
importance weights for each stressor j); w, — weight
of the best (most important) stressor; w,, — weight of
the worst (least important) stressor; ap; — intensity of
preference “best over;”; a , —intensity of preference
over worst”’; & —maximum deviation variable.

Dynamic weight adaptation to the operational
context is performed according to the following for-
mulation:

Wit = w5 (1)25()2(1) (3)

where: w}™ —base weight obtained by BWM method;
a,(t) —shift phase coefficient (beginning/middle/end);
B;(t) — air traffic level coefficient (the higher it is, the
more the weights of “sensitive” stressors increase);
v;(t) — individual controller profile coefficient.

Let us examine each of these adaptation parame-
ters in more detail. The shift phase coefficient for air
traffic controllers o(t):

. it

o, (t)={1.0 +0.1-sm(T

shift

j) — for operational stressors;

1.2

*“~+0.2-cos

[ 2t ] — for cognitive stressors; 4)

1.0—for other stressor groups}

where: 0.1 and 0.2 are controlled amplitudes that do
not “overwhelm” the base BWM weights but provide
10-40% variation throughout the shift and always
maintain the coefficient >1.0 (without reducing weight
below the base level). For example, operational
stressors are less dependent on the controller shift phase
(more on external events and air traffic complexity,
which B, accounts for), so seasonality is limited
within +10% of base: «o,(z) € [1.0, 1.1].

The ATCO shift phase ., is not set arbitrarily —
its parameters are estimated from data to reflect real
workload dynamics throughout the ATCO shift. For
each stressor cluster, we estimate o, () using least
squares model on S, residuals after adjusting for
B,(r) and v,(r) effects.

Air traffic level coefficient B, :

B;(t) :1+kj'[l\1actual(t)l\1avg]

max—Ny,

®)
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where: N, (t) — sector loading indicator (current
air traffic intensity); N,, — average number of
aircraft (smoothed average value for the last 30 days
referenced to hour of day/day); N,. — maximum
sector capacity (normative value); k; — stressor
sensitivity coefficient to air traffic.

Individual ATCO differences are accounted for
through profile feature vector z and historical states.
We use an affine exponential form:

1) =exp(, o+, j2(1)) (6)
where 6 — identified through gradient descent using
a loss function that minimizes the discrepancy
between predicted and observed stress levels.
This parameterization preserves the positivity and
monotonicity of y,(t) and integrates with the self-
learning module.

The adaptation/self-learning module adjusts
weights and membership function parameters through
feedback:

oS,

Aw i :n'(starget - Sacmal )(a:;mﬂ] (7)

J

where ”w, — increment (change step) of j-th stressor
weight (w;) at current time step; n — learning rate
for weights; S, — target stress level determined by
expert judgment; S,... —actually computed stress level
at time ¢ after defuzzification (S,,, € [1,7]); Z= —
system output sensitivity to weight w, (derivative;
how much the stress assessment will change if the
specific stressor weight is slightly changed while
other variables remain fixed).

The air traffic controller profile encompasses
total tenure as an air traffic controller, experience at
the specific working position, chronotype, reaction
time, baseline heart rate variability (HRV) values and
electrodermal activity (EDA) parameters; subjective
workload; team stability; recency of training/breaks.
The profile is stored in the database along with event
logs, state history, and FIS parameters, enabling per-
sonalized adaptation v,(t) and membership function
adjustments.

To avoid combinatorial rule explosion, a three-
level hierarchical FIS is applied. At Level 1, inter-
mediate assessments of relevant stressor pair interac-
tions (LI._,.(‘) (t)) are computed. At Level 2, stress level
aggregates PC, JD, TW, BS, SM are formed as defuz-
zified outputs of corresponding FIS, subsystems that
integrate selected L|'(t). At Level 3, we obtain fuzzy
integral assessment S, (t)=FIS,(PC,JD,TW,BS,SM)
and defuzzify it using center of gravity method,
obtaining scalar S, €[L7]. Decrease in PC(t)<PC,,
increases v, for cognitive stressors, raising their
adjusted weights w(t), shifting FIS inference

i
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Fig. 4. BWM algorithm with dynamic weight adaptation
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toward higher stress levels. Growth in JD(t) increases
multipliers B;(t) for traffic/technical stressors and
amplifies second-level rule sensitivity to “High/Very
High” terms for these variables. Slow growth in BS(t)
affects v,(t), increasing weights of “fatigue” stressors
at the end of the ATCO shift.

The defuzzification module employs five mem-
bership functions: Very Low (VL)/ Low (L)/Medium
(M)/High (H)/Very High (VH). For example, for
M-level:

80—x

x —40 .
“’M(x):{ n ,4O<x<60;7,60Sx<80;0,0therw1se} (®)

V and VH are defined similarly on intervals
[60,80,100] and [80,100].

Membership function parameter updates in FIS
are performed according to:

0, =04 _Q‘VGL(-) )

new

where 0,,, 6,, — membership function parameters
before and after update; a — learning rate for
membership  function parameters (10’4—10’2);
Vo — gradient of loss function L with respect to all
parameters 0.

The stress management recommendation mecha-
nism selects actions R (immediate/tactical/strategic)
that minimize predicted deviation from target and
cost:

R = argmin,_, i(L(SS,Smga )+AC(R)) (10)

where R — selected recommendation (immediate/
tactical/strategic); 9 — space of admissible reactive/
proactive measure alternatives; t — time index
(prediction step); T — prediction horizon length; S; —
predicted state (stress level) at time t; S... — target
state (desired/reference stress level); L(S!.S..) — loss
function (measure of current/predicted state deviation

from target); C(R) — cost (price/risks/resources) of
executing action R: time, effort, workload impact;
A — weighting coefficient for trade-off between target
achievement accuracy (L) and action cost (C).

Conclusions. The developed hybrid DSS repre-
sents a comprehensive approach to addressing the
problem of ATCs’ professional stress management
through the integration of multi-criteria analysis
methods, fuzzy logic, and machine learning. The
proposed methodology for dynamic stressor weight
adaptation ensures system flexibility and its ability
to account for contextual changes in real-time, which
is critically important for the dynamic air traffic ser-
vices environment. The three-level FIS architecture
enables effective aggregation of stressor impacts
through five intermediate components while avoid-
ing combinatorial rule explosion. The self-learning
mechanism based on gradient descent ensures con-
tinuous improvement of assessment accuracy through
automatic adjustment of membership function param-
eters and stressor weights according to accumulated
experience.

Future research perspectives include: integration
of additional biometric indicators to enhance stress
assessment accuracy; expansion of the prediction
module using recurrent neural networks to account
for long-term dependencies; development of adaptive
intervention strategies considering organizational
constraints of specific ATC centers; investigation
of deep learning methods application for automatic
identification of new stress response patterns; valida-
tion of the developed system on real ATCO shift data
from various airports; determination of unified met-
rics for evaluating the effectiveness of management
interventions across different operational contexts.
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Hansonnii A.C., Heunnypenxo A.I. TIFPUJTHA CUCTEMA INIJITPUMKU IPUAHATTS
PIIIEHS JIJISI ATAIITUBHOI OITHKH TA YIIPABJITHHSA MPO®ECIMHAM CTPECOM

ABIAJIMCIIETYEPIB Y PEAJIBHOMY YACI

Tpeomemom Odocriooicennss cmammi € npoghecivinull cmpec asiaoucnemyepis, Memooonoeiuni nioxoou 00 to2o
0a2amopieHesoi OYIHKU MAa MeXaHizMU YAPAGIIHHS 8 OUHAMIYHOMY Cepedosuli 0OCIY208Y8aHHSA NOGIMPIHO2O PYX).
Jlocniooicennst 30cepedoiceno Ha po3pooyl iHMe2posaHol cucmem, w0 NOEOHYE MEMoO HAUKPAUIO20-HAUCIPUIO2O
(BWM) onst eusnauents eae cmpecopie, baeamopienegy Hewimky cucmemy eueeoenns (FIS) onst oyinku pisns cmpecy
ma Mooytb QUHAMINHOT adanmayii napamempis y peaibHoMy yaci. Memoro cmammi € nobyoosa 2i6pu£toi' cucmemu
nIOMPUMKU NPUITHAMMA PilieHb 01 De3nepepeHOL OYIHKU ONepayitiHoeo CImpecy asiaoucnemuepis i3 2eHepy8aHHIM
NePCOHANIZ08AHUX PEKOMEHOAYIN GMPYUAHHS, U0 8PAXOBYE OUHAMIUHY npupo%y cmpecopig, IHOUBIOYAbHi 0COOTUBOCHII
oucnemyepie ma KOHMEKCMYAIbHE (haKmopu pobouoeo cepedosuyd. 3a60aHHAMU CIAMMI €: CUCMeMAmu3ayis

ma Kiacugikayisi npoghecitinux cmpecopis asiaducnemuyepis 3a 0dcepenamit GUHUKHEHHs, PO3POOKA Memooonoaii

OUHAMIYHOL adanmayii 6ae cmpecopie 3 YPaxyeaHHIM (asu OUCNEMYePCbKOi 3MIHU, DIGHS NOGIMPSIHOZO pyXy ma

iHOUBIdyabHO20 NPOGHiTo ducnemuepa, noOy006a MPUPIGHEEOL IEPAPXIUHOT HEeUIMKOT cucmeMu BUBEOeHHsL 0T azpe2ayii

BNIUBY CIMPECOPIB Yepe3 N ’samb KOMNOHEHMIB-azpecamopis;, hopmanizayis Mexaniamy 2eHepyBaHHs ONMUMATbHUX
PEKOMEHOAYilL 3 YNPAGTIHHSL CMPECOM HA OCHOBI NPOSHO3Y6aHHSL MAUOYmHIX cmanie cucmemu. Memoou 0ocniodicenHs
BKIIOUAIOMb. MEMOO HAlIKpaujo2o-Hatieiputoeo (BWM) ona eusnauenns 6azosux eaz cmpecopie, HewimKy J102iKy os
MOOEI0BAHHS HEBU3HAYEHOCI 8 OYIHYI CIpecy, pAdiCHMHULL CNYCK OJ1 A0AnMayii napamempie cucmemu, CUCIMeMHUILL
ananiz 0 i0eHmuiKayii 63aemo36 3Kie Mg kKomnowenmamu. Ompumari pe3yiiemanmi. po3poOneHo QyHKYIOHATbHY
modens DSS, npeocmasneny xopmedicem KOMNOHEHMIE 3 (OpMANI306AHUMU B3AEMO38 SA3KAMU,  3ANPONOHOBAHO
mpughaxmopHy mooenb OUHAMIYHOT adanmayii 6ae cmpecopis, nobYOOBaHO ANCOPUMM YUKTTYHO2O (DYHKYIOHYBAHHS

cucmemu 3 iHmepeaiom OoHogleHHs At=60 CekyHO; GU3HAUEHO CmpyKmypy 0asu OaHux Olsi 30epedceHHs. icmcgii'
" oA

cmanie cucmemu. Hayxoea nosusta nonseac ¢ inmezpayii memody BWM 3 mexarnizmamu ounamiunoi adanmayii
BPAXYBAHHS KOHMEKCHIYAIbHUX 3MIH Y PeanbHoMy Haci, po3pobyi mpupienesoi FIS ona ynuxnenHs kombinamopHo2o
BUOYXY NPABUTL Npu 30€PedceHHi MOYHOCE OYIHKY, opManizayii MOOYTIO CAMOHAGHAHHSL HA OCHOBI 2PAdIEHNHO0
CHYCKY OJ5 ABMOMAMUYHO20 HATAWIMYBAHHS NAPAMEMPIE CUCmeMU 8iON0BIOHO 00 HakonuyeHo2o 00cgidy. llpakmuuna
SHAYYWICb PO3POONEHOT cUCmeMU RONA2AE 8 MONCTUBOCIII i 3ACIMOCYBAHHSL Ol ONEPAMUBHO20 MOHIMOPUHZY CIAHY
asiaoucnemyepis, NPOHO3Y8aHHS KPUMUYHUX CUMYayill ma ¢hopmyeanHs 0OTPYHIMOBAHUX YNPABTIHCHKUX PilUeHb U000
PO3N0OLTY HABAHMANCEHHS A OPEAHIZAYIT POOOMU OUCHEMUEPCOKUX IMIH.

Knrwouosi cnosa: asiaducnemuep, npogecitinuil cmpec, cucmema niompumKy nPUUHAMMS piuiensb, Heuimxa
JI02IKA, OUHAMIYHA A0anmayis, MOHIMOPUHE Y PeAbHOMY YACI.
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