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OPTIMIZATION OF AUTOMATED STRESS MANAGEMENT
STRATEGIES FOR AIR TRAFFIC CONTROLLERS USING
REINFORCEMENT LEARNING METHOD

The subject matter of the article is the occupational stress of air traffic controllers (ATCOs) in the context
of increasing air traffic intensity and the growing complexity of the professional environment, as well as
the mechanisms for proactive management of work organization parameters. The research focuses on the
conceptualization and mathematical modeling of intelligent agents based on deep reinforcement learning (RL)
methods within a hybrid decision support system (DSS) designed to maintain the psychophysiological state
of the air traffic controller within the functional optimum (eustress). The aim of the article is the development
and functional modeling of RL agents for adaptive stress management and the continuous optimization of
human-centric support strategies. The tasks of the article include: formalization of the interaction between
the operator, the environment, and the agent, implementation of an intermediate state abstraction layer;
application of the "action stacking" concept to structure tactical, operational, and strategic interventions, and
synthesis of a multi-objective reward function with hybrid expert tuning. Research methods include the Partially
Observable Markov Decision Process (POMDP), reinforcement learning (RL), inverse reinforcement learning
(IRL), fuzzy logic as a cognitive interface, and explainable artificial intelligence (XAI) methods. The obtained
results include: a formalized POMDP model with a three-component observation vector; an integrated fuzzy
abstraction layer that transforms raw multimodal data into a belief vector, an ordered matrix of batched
interventions, and an extended multi-objective reward function that minimizes the risks of hypostimulation and
distress. The scientific novelty lies in the integration of a hierarchical fuzzy inference system with RL algorithms
as a deterministic state abstraction layer, as well as in proposing a hybrid reward function architecture that
combines classical RL with inverse learning to extract a hidden expert function from the historical decision
trajectories of experienced shift supervisors. The practical significance of the system lies in facilitating a
technological transition from reactive monitoring to proactive real-time stress management, where transparent
recommendations regarding resectorization, micro-breaks, and automation level adjustments are provided to
supervisors using XAl tools (Solution Space Diagram).

Keywords: air traffic controller, occupational stress, decision support system, reinforcement learning,
explainable artificial intelligence.

Formulation of the problem. The current stage
of development of the aviation industry is character-
ized by an increase in air traffic intensity, the growing
complexity of airspace structure, the integration of
unmanned systems, and the development of advanced
air mobility. The EUROCONTROL Seven-Year Fore-
cast 2025-2031 states that by 2031, approximately
12.2 million flights are expected with an average
annual growth rate of about 2.0%, while the long-term
forecast 20242050 envisions a baseline scenario of
15.4 million flights in 2050 [1, 2]. The quantitative
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growth of air traffic is accompanied by a deterioration
in operational performance. According to the Perfor-
mance Review Report (PRR) 2024 (EUROCON-
TROL), the total volume of en-route ATFM delays in
2024 amounted to 22.4 million minutes (equivalent to
2.8 billion Euro delay costs), which is approximately
24% higher than in 2023 (en-route phase) and is the
worst indicator since 2001. Such dynamics indicate
not only system overload but also an increase in
cognitive and organizational pressure on air traffic
control (ATC) personnel [3]. A significant portion of
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these delays is associated precisely with staffing and
sector capacity constraints in several congested nodes
of the European airspace.

The operational environment is further compli-
cated by external technological threats. PRR 2024
recorded that up to 38% of European en-route traf-
fic passed through regions that periodically or reg-
ularly experienced GNSS radio frequency interfer-
ence (GNSS RFI). This implies an increased need
for alternative navigation procedures, radar vector-
ing, and additional actions by the air traffic control-
ler (ATCO), consequently leading to an increase in
cognitive workload during real-time sector manage-
ment. In addition, the safe integration of new types of
airborne operations requires the restructuring of air-
space, ATC procedures, and support tools for ATCOs.
In turn, SESAR considers such changes as a factor
driving the growth of operational environment com-
plexity and personnel workload [4].

EASA results showed that in the study sample, 5.6%
of all analyzed controller shifts were associated with
critical fatigue. At the same time, over the 2013-2022
period in EASA Member States and the United King-
dom, no accidents or serious incidents were directly
classified as caused by ATCO fatigue, although 184
occurrences were identified in European event databases
where ATCO fatigue was mentioned as a contributing
factor; of these, 59 had a potentially hazardous outcome,
including loss of separation, airprox, and the issuance of
incorrect instructions [5]. The greatest practical value of
the EASA report lies in the quantitative assessment of
risk factors presented in Fig. 1.

In the USA, similar conclusions were formulated
in the FAA expert panel report “Assessing Fatigue

Morning shift

Night shift

Difficult weather conditions
Monotonous traffic (hypostimulation) |
Sleep deficit (every 10%)

Every additional hour without a break

0%

+33%

50%

Risk in FAA Air Traffic Operations” (2024), which
contains 58 opportunities/recommendations regard-
ing fatigue risk mitigation. Experts explicitly recom-
mend abandoning 2-2-1 type rotational schedules,
acknowledging them as physiologically harmful due
to circadian disruption. Special emphasis is placed on
the necessity to provide sufficient off-duty time, in
particular at least 10—12 hours between shifts, espe-
cially before night duties [6].

The aviation industry's response to the challenges
of fatigue was the development and implementa-
tion of Fatigue Risk Management Systems (FRMS).
ICAO in Doc 9966 defines a framework for the over-
sight and implementation of fatigue risk manage-
ment approaches based on scientific data, operational
information, and continuous monitoring. Within the
European legal framework, issues of licensing, com-
petence, and general requirements for ANS providers
are regulated, in particular, by Commission Regulation
(EU) No 2015/340 and Commission Implementing
Regulation (EU) No 2017/373 [7-9]. However, EASA
research shows that even with the formal existence of
FRMS policies, their informational sensitivity is often
limited. About 40% of providers collected data on
sleep and fatigue only quarterly or annually [5]. Tra-
ditional FRMS primarily operate as reactive-planning
mechanisms: they are well-suited for schedule verifi-
cation, event statistics tracking, and regulatory control,
but perform significantly worse at detecting short-term
surges of cognitive overload that occur directly during
tactical operations in the ATC sector. It is this method-
ological limitation that justifies the transition to sys-
tems capable of utilizing multimodal data streams and
supporting real-time management decisions.
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Fig. 1. Factors increasing the risk of critical fatigue in ATCOs
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Analysis of recent research and publications.
The air traffic management (ATM) modernization
paradigm implemented under the SESAR and Next-
Gen programs is aimed at a deeper utilization of auto-
mation, data analytics, and artificial intelligence (Al).
However, Lisanne Bainbridge, in her classic work
"Ironies of Automation," demonstrated that excessive
or opaque automation does not eliminate the human
factor, but may alter the nature of operator errors,
reduce their engagement, and create new risks during
moments of system failure or unpredictable behav-
ior [10]. In contemporary ATM research, this thesis
has transformed into the requirement to design not
just automated, but human-centric decision support
systems (DSS). Intelligent decision support com-
plexes in hybrid "human-AI" systems must adapt
to the context, workload, and state of the ATCO.
Such an approach is part of the strategic directions
of the SESAR program and serves as the foundation
for research projects like AWARE, in which the Al
assistant is considered an adaptive, human-centric
component of ATCO support, rather than a complete
replacement for the human [11-13]. In this context,
it is both scientifically and practically justified to
employ an approach where operator state assessment
systems (specifically fuzzy models and multi-factor
inference systems) are combined with reinforcement
learning (RL) algorithms for dynamic, real-time
optimization of workload management strategies.
Such hybrid DSSs should integrate traffic parame-
ters, weather conditions, sector context, staffing con-
straints, type of controller shift, automation mode,
degree of human involvement in the control loop,
circadian factors, and, if possible, current indicators
of the ATCO's functional state for proactive workload
adaptation. In such a setup, the RL algorithm acts as
an adaptive mechanism for finding optimal strategies
for rotation, breaks, sector redistribution, and forms
of ATCO assistance in a specific operational con-
text. A relevant advanced development is the CODA
(Controller adaptive Digital Assistant) project, aimed
at creating a digital assistant for ATCOs. The system
predicts future traffic and assesses the ATCO's psy-
chophysiological state — mental workload, attention,
stress, fatigue, vigilance, and the capacity to handle
expected workload. On this basis, CODA adapts the
level of automation: it can enhance automated sup-
port, activate Al-based tools, or initiate changes in
airspace organization, specifically sector splitting.
Technologically, the project combines prediction
models, neurophysiological assessment, and adaptive
automation for dynamic task allocation between the
ATCO and the digital assistant based on cognitive
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complexity; the optimization of such interaction is
carried out within the Human—Machine Performance
Envelope approach [14].

In order for intelligent algorithms to effectively
optimize stress management strategies, the system
requires a clear mathematical and logical model of the
control object, i.e., a model of the formation of occu-
pational stress itself. In our previous research on the
system dynamics of ATCO stress [15], a comprehen-
sive classification of occupational stress sources was
proposed (32 key specific ATCO stressors structured
into six conceptual clusters by their source: opera-
tional, ergonomic, informational-cognitive, social,
psychological, and organizational). Each of these fac-
tors is assigned specific indices: an index of control-
lability and an index of duration of exposure, which
allows differentiating measures into operational, tacti-
cal, and strategic. Based on this clustering, a multi-cri-
teria system dynamics model of occupational stress
has been built. According to this model, the impact of
distributed stressors is accumulated and transformed
through five macro-components — feedback aggrega-
tors: the level of subjective sense of control over the
work situation (PC), the level of perceived quality of
teamwork (TW), the level of subjective perception of
current job demands and complexity (JD), the level
of accumulated background stress (BS), and the level
of stress self-management efficacy (SM). A specific
feature of this model is the identification of non-lin-
ear feedback loops that account for a self-reinforcing
effect: an objective increase in traffic complexity ele-
vates the overall stress level, which, in turn, physio-
logically narrows the cognitive capacity of the brain,
causing those same work demands to seem even more
insurmountable to the ATCO. Similarly, an increase
in stress reduces the sense of control over the situa-
tion, provoking further panic-driven stress escalation.
It is exactly this cyclic nature of occupational stress
development that demands intelligent proactive and
reactive support for real-time ATCO stress manage-
ment. For the technological implementation of this
system dynamics of ATCO occupational stress, within
the framework of our previous studies, the concept of
a hybrid decision support system for adaptive real-
time assessment of ATCO stress with the capability
to generate personalized recommendations for man-
agement interventions was proposed [16]. Proactive
dynamic management of ATCO occupational stress
requires the involvement of the mathematical appara-
tus of reinforcement learning.

Task statement. The main goal of the article is
the development and modeling of the functioning of
intelligent agents based on deep reinforcement learn-
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ing methods, as part of a hybrid DSS for adaptive
management of organizational environment param-
eters and ensuring the ATCO's psychophysiological
state remains within the functional optimum.
Outline of the main material of the study. The
implementation of a DSS in the format of a proac-
tive digital manager of ATCO working conditions
requires a formal description of the interaction pro-
cess between the controller, the environment, and
the intelligent agent. The most adequate mathemat-
ical framework for this is the Partially Observable
Markov Decision Process (POMDP). This choice is
determined by the fact that the actual psychophysi-
ological and cognitive state of the ATCO cannot be
directly measured with absolute accuracy; the system
deals only with indirect multimodal features, based
on which the operator's hidden state is estimated.
The process is defined by an extended tuple:

M povpr = <S>A= P,R,Q,0, Y>

(1)

where S is the set of hidden states of the ATCO and
the environment; A is the set of admissible control
actions; P is the state transition function; R is the
reward function; Q is the set of possible observations;
O is the observation function; y is the discount factor
for future rewards.

Since the true state of the ATCO is hidden, the
agent does not operate directly with the state s, €S
, but operates with an observation vector o,€Q,
formed at each time step At. Such a vector is repre-
sented as a three-component structure:

0

Pphysio(t)? Ocomex[(/) )

0= (Omw-w

2)
where O, is a block of objective air traffic
situation parameters, including the number of aircraft
in the sector, the geometric complexity index of
the airspace configuration, traffic density, and the
frequency of potentially conflicting convergences;
0,40y 18 @ block of physiological indicators, such
as heart rate variability, electrodermal activity,
respiration rate, and other sensory markers of stress;
O, ey 18 @ contextual block that includes the phase of
the controller shift, the duration of continuous work,
accumulated sleep deficit, circadian phase, and other
relevant conditions.

The state transition function (P) formalizes the
dynamics of the system state in the POMDP model,
i.e., it specifies how the current hidden state changes
after the agent's action:

P(S(M) \s,,a,):Pr(s(Hl) \st,at) 3)

where s, is the current hidden state of the ATCO and
the environment at time t (fatigue level, cognitive

workload, and stress level of the ATCO, traffic
complexity); «, is the action of the agent at time t
(changing the level of automation, resectorization,
recommended micro-breaks, etc.); s, +1 is the next
hidden state of the system after the execution of
action g, 1.€., the state at time t+1.

The observation function (O) formalizes the mech-
anism for generating a new feature vector (sensory
and contextual data) from the actual hidden system
state and the executed action:

“4)

0(0(t+1) \s(m),a,) = P’(O(m) |S(r+1)’a1)

where o, +1 is the observation at time t+1; 4, is the
agent's action performed at the previous step (the
action can affect not only the state but also what data
will be available for observation).

A key feature of the proposed approach is the use
of an already developed hierarchical fuzzy inference
system as a deterministic state abstraction layer [16].
Such a layer transforms the high-dimensional obser-
vation vector into a belief vector b, , suitable for fur-
ther processing by the RL agent:

b, =FIS(o,)=(PC,,JD,,TW,,BS,,SM,.S,... (1))

&)
where PC,,JD,,TW,,BS,,SM, are the respective
variables represent aggregated fuzzy indicators of the
occupational stress assessment components, a S,
is the integral metric indicates the current overall
stress level (S, (D) €[1,7]).

Thus, fuzzy logic acts as an intermediate cognitive
interface between raw physiological and operational
data and the reinforcement learning agent.

Taking into account the concept of "action-stack-
ing", an individual agent action is not an elementary
command, but an ordered package of interconnected
interventions:

a = (a!(tac) ’ a[(opr) ’ a{(m) )

(6)

where o are tactical actions are related to adaptive
changes in the level of automation and the automatic
connection of auxiliary Al modules (on non-critical
tasks) to unload the ATCO, local redistribution
of tasks within the shift, introduction of short
micro-breaks, and transferring the ATCO to a less
stressful workplace; o are operational actions
are related to opening or closing sectors, changing
sector configurations based on projected demand,
providing additional team support, redistributing
workload among sectors/positions, activating reserve
positions, correcting the break plan within the shift,
and implementing local air traffic flow and capacity
management measures; a"™) are strategic actions

are related to rostering and duty policies, regulating
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minimum rest time between shifts, imposing limits
on consecutive night shifts and overtime, revising the
ratio of time on position to breaks, recalculating the
minimum number of personnel per shift, providing
cross-rating/training procedures for flexible sector
opening, and designing the sector system and pre-
prepared configurations.

Thus, the RL agent does not merely react to a state
change but forms a structured scenario of organiza-
tional impact on the ATCO's working environment.

A critical problem of the model is formulating the
reward function. In the stress management task, the
target state is not minimizing stress to zero, but main-
taining it within the optimal functional tone, i.e., in the
zone of eustress. According to the provisions of the
Yerkes-Dodson law, both excessive stress and insuf-
ficient stimulation can degrade performance quality.
For instance, hypostimulation (very low traffic levels)
reduces ATCOs' vigilance and leads to errors.

We utilize a generalized multi-objective reward function:

RI = (D]Reuxtre:s (t) + O‘)ZRpmjf (t) + O‘)SRcu:r (at ) + (D4Rsa/k’n’ (t) (7)

where o,,0,,0,,0, — where the weights are the
coefficients of individual target components;
R,.... — the eustress component is defined as an
inverted quadratic function, peaking at the point of
optimal workload: R, (1) =100 =2 (S, () = S,pina)”,
S i =3.5; R, (1) is the efficiency component acts
as a reward for maintaining sector capacity without
delays; R, (a,) is the action cost represents the
operational "cost" of the intervention (e.g., a penalty

for frequent sector configuration changes); R, (?) is
a penalty that grows exponentially if the overall stress
exceeds the critical limit of 5.0 (distress zone and loss
of situational awareness) (Fig. 2).

The safety component must have a strictly asym-
metrical nature, as transitioning into the distress zone
is significantly more dangerous than briefly drop-
ping below the optimum. Therefore, the penalty for
exceeding the critical threshold is defined by an expo-
nential dependency:

0, if S, () <5.0; q
R 1) =
.mfety( ) _n.(eK»(Sm,u,,(r)—S,O) _ 1), if S,,vw-au(t) >5.0 ( )

The action cost component is used to prevent the
system from generating an excessive number of reor-
ganizational decisions:

Rcosr(ar) = —C(Cl,) - p'l(az # ar—]) (9)

where c(q,) is the first part acts as the base operational
cost of the selected measure, and the second term
implements an action damping mechanism, i.e.,
penalizes frequent changes in management decisions.

Manual tuning of the weight coefficients (,..o,)
in the reward function is an extremely complex task,
as human decision-making in civil aviation involves
subtle judgments, risk tolerance, and adaptive strat-
egies. To solve this problem, a hybrid application of
traditional RL and Inverse Reinforcement Learning
(IRL) is proposed. Thus, we obtain a learning archi-
tecture based on expert demonstrations with subse-
quent optimization.

Multi-Objective Reward Function (MORL) Landscape

[ Eustress Reward [__] Safety Risk Penalty (Distress) ¥ =~ "} Total Reward
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50

Reward Value

-50

-100

-150
1 1.5 2 235 3 35

4 4.3

Integral Stress Level

Fig. 2. Dependence of the RL-agent reward function components
on the integral stress level of the air traffic controller
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Fig. 3. Solution space visualization (XAI) for the shift supervisor

In the first stage, a hidden expert reward function
is extracted from large datasets of historical data:

Ry, = f(Texpw-x ) (1 0)

where t,,, is the corresponding variable denotes
the action trajectories of experienced supervisors
and ATCOs in critical and pre-critical workload
regimes (the system analyzes the actions of the most
experienced supervisors during peak loads: exactly
when they decided to split a sector, when they sent
an ATCO on a break, and when they allowed them to
work at the edge of eustress).

In the second stage, this function is combined with
explicitly defined safety rules within a hybrid objec-
tive function:

(11

where R, is the strict normative and technological
constraints that the system has no right to violate under
any circumstances; R, is the empathetic component
derived from data, which stimulates decision-making
in the style of the best human practices; a and p are
balancing coefficients.

After constructing the hybrid reward function,
a classical safe reinforcement learning algorithm
searches for the optimal control policy:

T
n =argmax, E{ZVIR}U,,M (.4, )} (12)
1=0

where = is the optimal policy; E, is the mathematical
expectation over trajectories generated by the policy;
T is the planning horizon; y' is the discount factor,

Rhybrid (SI s ar) = (X‘.Rm’p/icil (Sr > a/) + B.RIRL (Sz ’ az)

which determines the relative value of delayed
consequences.

Training of such an agent is carried out in a sim-
ulator environment, where rare scenarios of peak
workload, chronic fatigue, night shifts, and combined
human-machine failures can be reproduced without
risk to flight safety.

To ensure transparency of the system's operation
and trust from supervisors and ATCOs, Explainable
Al (XAI) is integrated into the proposed architecture.
Every management action of the agent is accompanied
by an interpretable explanation that links the current
integral stress index, the most significant stressors,
and the expected effect of the recommended interven-
tion. In this context, it is advisable to use a Solution
Space Diagram (SSD), which visualizes why, given a
specific value of the state, sector workload level, and
accumulated fatigue, the system chose automation
adaptation, resectorization, a micro-break, or another
measure (Fig. 3).

Conclusions. The proposed model enables the
implementation of a closed-loop intelligent con-
trol system for the ATCO's working conditions. In
the considered system, multimodal observations are
transformed by a fuzzy system into a compact belief
vector; on this basis, the RL agent assesses the cur-
rent risk of exiting the eustress state, selects a hier-
archical control action, predicts its consequences for
safety and capacity, and then explains its recommen-
dation to the operator in an interpretable format. Such
an architecture lays the groundwork for transitioning
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from reactive fatigue monitoring to proactive, adap-
tive, and human-centric stress management in the
ATC environment.

An important stage for further research is the valida-
tion of the hybrid decision support system for managing
ATCO' occupational stress on representative datasets of
real operational shifts. It is necessary to develop methods
for adaptive dynamic adjustment of the threshold val-
ues of ATCOs' occupational stress. Such models should
take into account not only general indicators but also the
individual ATCO's experience level, their sensitivity to

specific stressors, and their capacity for occupational
stress self-management. This entails creating algorithms
that continuously update the stress resilience profiles of
each specialist, allowing the system to propose highly
personalized interventions. Furthermore, an important
task is the application of deep learning methods for the
automatic identification of new stressors, their cumula-
tive effects, stress response patterns, and adaptive pro-
active management interventions that account for the
organizational and technological changes occurring in
the modern ATM system.
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Hansonnii A.C., Heunnypenxo A.I. OITUMI3AIIA CTPATET'TA ABTOMATU30BAHOI'O
CTPEC-MEHEJI)KMEHTY ABIAJJUCIIEYEPIB METOJIAMU HABUYAHHSA
3 INAKPIIIVIEHHAM

Ilpeomemom cmammi € npocghecitinuti cmpec asiaoucnemuepié 8 yMo8ax 3pPOCHAHHS IHMEHCUBHOCHII
NOBIMPAHO20 PYXY MAYCKIAAOHEHHANPODECIUHO020 cepedosuIyd, a MAKOM MEXAHIZMUNPOAKINUBHO20 YAPABIIHHS
napamempamu opeawnizayii npayi. Jocuiodcenus 30cepeddiceno Ha KOHYENnmyanizayii ma mMamemamudHomy
MOOENIOBAHHI IHMENeKMYAIbHUX A2eHMI8 HA OCHOBL Memo0ig 2iuboKo2o Hasuyanus 3 niokpinienuam (RL) y
cKnaodi 2iopudnoi cucmemu niompumxu nputinamms piwens (CIIIIP) 0as ympumanus ncuxo@izionociunoco
cmary agiaducnemuepa 8 mexcax (yHKYIOHAIbHO20 onmumymy (eycmpecy). Memoio cmammi € po3pobka

ma mooent0eanns QyHkyionyeanus RL-aeenmis 01t a0anmueHo20 YAPAGIIHHA CIMpecoM ma Oe3nepepeHoi

onmumizayii cmpameziil 1H0OUHOYEHMPUUHOT RIOMPUMKU. 3a80aHHA CIMammi 6KAI0YAOMs. Gopmanizayiio

83AEMOO0IT MIdIC ONepamopom, cepedosuuiemM ma deeHmoM, peanizayilo NpoMINCHO20 wapy abcmparyii

CMaHy, 3aCMOoCy8anHs KOHYenyii «kKOMOIHYBAHHA 3aX00i8» Ol CMPYKMYPYBAHHA MAKMUYHUX, ONePaAMUGHUX
i cmpameziunux 6mMpy4ans, cunmes 6a2amokpumepiaibHol QyHKYii GuUHA2opoou 3 2IOPUOHUM eKCNePMHUM
Hanauwmysanuam. Memoou O00CHiONHCeHHs BKIIOUAIOMb YACMKOB0 CNOCMEPEeXCY8AHULl MAPKOBCLKULL Npoyec
nputinamms piwwenv (POMDP), nasuanns 3 niokpinienuam (RL), obepnene nasuanns 3 niokpinienusm (IRL),
HEeYimKY JI02IKY K KOZHIMUSHUI ihmepgetic ma memoou 3po3ymino2o wmyuno2o inmenexkmy (XAI). Ompumani
pesynvmamu oxonuooms: popmanizosany mooeinv POMDP i3 mpuxomnonenmHum 6eKmopom CHOCHEPENHCEHD,
iHme2posanull HeuimKul uap abCmpaxyii, o nepemeoproc CUpi MyabmumoOaibHi Oani Ha 6eKMOP NEPEKOHAND,
BNOPAOKOBAHY MAMPUYIO NAKEMHUX 8MPYUAHb, PO32OPHYMY OA2AMOKpUmMepiaibHy GYHKYII0 8UHA2OPOOU, WO

MIHIMIZYE pusuku 2inocmumyasayii ma oucmpecy. Haykosa nosusna nonseae 6 inmeepayii iepapxiunoi neuimxoi
cucmemu 6uso0y 3 RL-ancopummamu sax demepmino8ano2o wapy abCmpaxyii cmauy, a maKoxic y npono3uyii

2ibpuonoi apximexmypu @yHKyii unazopoou, wo NnoeoHye kiacuune RL 3 obepheHum HA8UAHHAM 075
BUNYUEHHS NPUXOBAHOT eKCnepmHol (hyHKYil 3 ICMOPUYHUX MPACKMOPIL piutenb 00C8i0UeHUX Cynepsaisepis
oucnemuepcbKux 3min. Ilpakmuuna 3Hauumicme cucmemu noiseae y 3a6e3nedeHti mexHoui02iuHo20 nepexooy
8i0 PeaKmusHO20 MOHIMOPUHEY 00 NPOAKMUBHO20 CMPEC-MEHEOHNCMEHNY 8 PeAbHOMY Ydci, Oe 3a 00NOMO2010
incmpymenmis XAI (Oiaepama npocmopy piutens) cynepsaiizepam HAOAOMbCsi NPO30PI peKoMeHOayii uooo
pecekmopuzayii, MIKponepepe ma 3mMiHu PieHs A8momamu3ayii.

Kniouosi cnoea: asiaoucnemuep, npogpecitinuti cmpec, cucmema NIOMPUMKU NPULHAMMS pilieHb,
HABYAHHS 3 NIOKPINLEHHAM, NOACHIOBAIbHULL WMYYHULL IHIMeTeKm.
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