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AUTOMATED ASSESSMENT OF AIR TRAFFIC CONTROLLER TEAM
COMPETENCE: AN ADAPTIVE TRAINING APPROACH

The subject matter of the article addresses the development of a formalized system of teamwork indicators
for air traffic controllers (ATCOs) and a comprehensive mathematical model for automated assessment of
team competence in adaptive simulator training. The goal of the article is to develop objective indicators of
ATCO teamwork and an automated assessment model suitable for adaptive simulator training systems under
conditions of limited real training data. The tasks of the article: to formalize measurable indicators obtainable
from simulator logs, controller working positions, and communications, to develop a dual indicator system
covering Safety-Performance Indicators (SPI) and Good-Practice Indicators (GPI); to design a three-level
assessment architecture integrating ANFIS, Dempster-Shafer Theory, and Bayesian networks, to incorporate
gradient-boosting models with SHAP interpretability; to integrate competence tracking through IRT/BKT
models. The methods used: fuzzy logic and ANFIS, Dempster-Shafer Theory, Bayesian networks, gradient-
boosting algorithms (XGBoost/EBM) with SHAP analysis, Item Response Theory and Bayesian Knowledge
Tracing, agent-based simulation. The article presents a five-dimensional team competence model spanning
coordination/communication, shared situational awareness, joint decision-making, workload management,
and tactical safety management. Each component includes SPI metrics quantifying problematic behaviors and
GPI metrics capturing positive practices. The assessment architecture employs ANFIS for fuzzy integration,
DST for multi-source fusion, and Bayesian networks for causal risk analysis. XGBoost/EBM models with SHAP
provide interpretable alternatives. The system operates through closed-loop processing: data collection, ASR/
NLP preprocessing, indicator computation, multi-level assessment, and adaptive scenario adjustment. The
architecture satisfies EASA transparency requirements through explicit fuzzy rules, DST conflict quantification,
BBN causal traceability, and SHAP explanations.

Key words: air traffic controllers, team competence, teamwork indicators, adaptive simulator training,
ANFIS, Dempster-Shafer Theory, Bayesian networks, SHAP analysis, automated assessment.

Formulation of the problem. The air traffic man-
agement (ATM) system is a complex socio-technical
system in which technological means, regulatory pro-
cedures, and the human factor form an integrated risk
environment. The modern regulatory paradigm for
training and maintaining the competence of aviation
personnel is defined by the transition to a competen-
cy-based training and assessment (CBTA) approach,
enshrined in ICAO Doc 9868 PANS-TRG [1] and rel-
evant EASA and EUROCONTROL materials, which
emphasize the critical role of non-technical skills,
including teamwork, situational awareness, and error
management, in ensuring flight safety. However,
the practical implementation of CBTA, despite the
availability of such tools as the Non-Technical Skills
(NOTECHS), Team Resource Management (TRM),
The Normal Operations Safety Survey (NOSS),
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and Day-to-Day Safety Survey (D2D), faces chal-
lenges related to ensuring objectivity and reliability
in assessing ATCO’ non-technical skills, particularly
their teamwork [2-4]. Adaptive learning requires
objective real-time data on the current level of com-
petence for dynamic scenario adjustment [5].

TRM programs and approaches to observations
in normal operations (NOSS, D2D) were developed
precisely as tools that not so much record errors but
make visible what «works well» in everyday work
and allow systematic strengthening of these prac-
tices. However, the absence of formalized criteria/
indicators and mathematical models for automated
assessment of team competence is a significant obsta-
cle. The conditions of such a regulated industry as
civil aviation, which requires high interpretability of
Al system decisions, actualize the search for hybrid
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models capable of combining expert knowledge from
TRM/CBTA, formalized through explicit rules, with
adaptation and learning capabilities on limited empir-
ical and synthetic data. In this context, the develop-
ment of a system of objective indicators of teamwork
that would simultaneously reflect both problematic
aspects of team interaction and positive practices
based on TRM materials, with their subsequent inte-
gration into a hybrid model of automated assessment
of team competence, becomes particularly important.

Analysis of recent research and publica-
tions. The Ukrainian scientific school in the field of
socio-technical systems, particularly the works of
Shmelova T.F. and Sikirda Yu.V., developed deter-
ministic and stochastic models of operator deci-
sion-making in the air navigation service system,
including for emergency situations and joint deci-
sion-making «crew-ATC» [6, 7]. These studies cre-
ated a methodological foundation for building models
oriented toward team activity.

Recent scientific research is aimed at finding
objective assessment methods. Considerable atten-
tion is paid to analyzing communicative interaction.
The development of automatic speech recognition
(ASR) and natural language processing (NLP) tech-
nologies allows automating this process. Research
shows that integrating ASR into ATM systems can
improve communication accuracy and reduce work-
load [8]. The ATCO2 project demonstrated the pos-
sibility of collecting, transcribing, and processing
more than 5,000 hours of ATC audio using robust
ASR models, language identification, and contextual
enhancement with radar data [9]. More recent works
propose specialized ASR/NLP architectures for ATC
communications, including multilingual models [10],
deep integration of semantic analysis in communi-
cation quality assessment [11]. NLP models such as
transformers are applied to understand the contextual
content of communications and assess risks based on
analysis of radio exchange transcripts [12].

Another direction is the use of psychophysiolog-
ical indicators and eye-tracking data to assess cog-
nitive load and situational awareness using machine
learning [13, 14].

In the context of developing adaptive learning sys-
tems, the need arises for mathematical modeling of
the competence assessment process. The application
of classical deep learning methods is complicated by
the absence of large labeled datasets and requirements
for transparency (interpretability) of Al systems in
aviation [15]. This necessitates the relevance of using
hybrid approaches that combine expert knowledge
and Al algorithms. Fuzzy logic allows formalizing

fuzzy assessment criteria and operating with linguis-
tic variables [16]. Bayesian Belief Networks are used
to model risks and cause-and-effect relationships
under uncertainty [17]. For ATCOs, the work of Du
et al. is illustrative, in which an HFACS-BN model
was built based on analysis of 142 ATC-related inci-
dents, allowing quantitative assessment of the impact
of various groups of human error factors on the risk
of undesired events [18]. Adaptive neuro-fuzzy infer-
ence systems (ANFIS) combine the learning ability
of neural networks with the interpretability of fuzzy
logic, which is promising for competence assessment
tasks [19]. The possibilities of generating synthetic
data through simulation modeling for pre-training Al
models are also being explored [20].

Task statement. This article addresses both the
development a formalized system of indicators of
ATCO’ teamwork and a comprehensive hybrid math-
ematical model for automated assessment of team
competence, suitable for use in adaptive simulator
training systems in the absence of large arrays of real
training data.

Outline of the main material of the study. The
development of an automated assessment system
requires a transition from abstract categories of team-
work to specific, measurable indicators that can be
obtained from objective data sources in the simulator
environment: simulator logs, data from controller work-
ing positions (CWP), and communication recordings.
The proposed system of indicators for assessing ATCOs’
team interaction skills is based on conceptual founda-
tions that consider safety as the system’s ability to work
successfully under changing conditions, and not just as
the absence of incidents and aviation events (unlike the
classical Safety-I concept). It predominantly focuses
on ensuring the maximum number of acceptable daily
results, viewing people as a resource for ensuring sys-
tem stability rather than as a source of errors. Based on
Eurocontrol recommendations in TRM and the modern
Safety-I1 approach in aviation, our model of team com-
petence is built on the principles of:

— assessing the team’s ability to avoid and mitigate
threats (according to the ICAO TEM approach);

— analyzing the correct application by the team
of established patterns and procedures for effective
interaction under normal conditions during the daily
work of the controller shift [4; 23];

— identifying cause-and-effect relationships
between threats, intermediate failures of team-
work, and undesired events (HFACS-/BBN-oriented
approaches [13]).

The team competence of ATCOs is considered as
a multidimensional vector:

ISSN 2663-5941 (Print), ISSN 2663-595X (Online)

283



Bueni sanucku THY imeni B.1. Bepnaacbkoro. Cepis: Texniuni Hayku

Cj:(cla C2a C3a C4: CS) (1)

where each component C; characterizes a certain
aspect of the ATCO’s team activity as part of the duty
controller shift.

For each component, two subspaces of indicators
are defined:

— Safety-Performance Indicators (SPI) — quan-
titative indicators characterizing risky or problematic
aspects of ATCO behavior (delays in detecting con-
flicts between aircraft, untimely information transfer,
lack of coordination, etc.);

— Good-Practice Indicators (GPI) — positive
indicators that record manifestations recommended
by TRM practice (short briefings during work,
cross-checking, proactive workload redistribution,
etc.), which are not antonyms of SPI but describe addi-
tional dimensions of team effectiveness. GPI indicators
are not reduced to «absence of errors» (SPI) but record
active forms of effective communication.

Analysis of recent research allowed identifying
several important blocks of behavioral manifestations
that found reflection in our proposed system of team
indicators: 1) closed standardized communication;
2) mutual monitoring and support; 3) shared situa-
tional awareness and mental models; 4) joint deci-
sion-making and risk management; 5) joint workload
management and team structure adaptation; 6) emer-
gency situation management and team resilience.

Thus, for each component C;, a vector is formed:

Zj:(sj: gj) 2

where §; is the SPI subvector, g;is the GPI subvector.

Below is presented a system of teamwork indica-
tors (Tables 1-5) with emphasis on communication
between the executive controller (EC) and the plan-
ning controller (PC) (an incomplete list of parameters
is provided). The alignment of SPI and GPI indicators
within C1-C5 provides dual coverage of both errors
and violations in ATCOs’ team interaction and posi-
tive practices of their teamwork.

Our proposed hybrid model for assessing ATCOs’
team competence consists of three interrelated com-
ponents (levels):

1. An artificial neural network with a fuzzy
inference system (ANFIS) for integrating indicators,
which forms a basic quantitative assessment of team
competence TCS based on normalized SPI/GPI.

2. A module whose functioning is built on the
application of Dempster-Shafer Theory (DST) is
used to aggregate automatically obtained assessments
from various sources, taking into account their reli-
ability and contradictions. The DST module allows
eliminating the influence of mutually contradictory
sources, explicitly representing the «mass of igno-
rance» regarding the competence level, and adap-
tively changing the weight of channels (ASR/NLP,
physiology, expert assessments) according to their
reliability [21-23].

3. A Bayesian network model of teamwork
risk (BBN), which enables cause-and-effect analy-
sis, linking threats, intermediate reductions in assess-
ments across five criteria, and the probability of unde-
sired scenario states.

Let us consider the principle of operation of the
ANFIS module. Let x=(x,, ..., X,) be a vector of nor-

Table 1
Component C1 «Coordination and Communication»
Type Inglsg(tor Description
Cly, Latency of critical int?a—t.eam response —average ti.rr.le from the momctnt one team member initiates a request
to another's response in situations designated as critical by the scenario.
Proportion of incomplete communication cycles, calculated as the percentage of cases of incomplete
Clg, coordination act cycles to the total number of critical communications between the executive controller (EC)
SPI and planning controller (PC), including intra-sector coordination.
Cl, Frequepcy of fieviations' from standard phraseology in intra-team communication capable of affecting the
unambiguous interpretation of message content.
Cl,, Frequency of gommqnica.tion errors with airgraft pilots as the number of detected readback/hearback errors,
incorrect callsigns, violations of standard radio exchange phraseology.
Structuredness of internal briefings, assessed by the frequency of using predetermined procedures/schemes
Clg, for short briefings (particularly regarding current air situation, forecast of its development, emergence of
threats, and task distribution).
cl Presence of explicit checks of shared situation understanding as the number of cases when a controller shift
GPI o2 team member initiates clarifying questions or formulates summarizing statements regarding the action plan.
Cl, Proactive information support,_ determined by the frequency 9f preventive informing of a colleague about
future changes (expected conflicts, sector overload) before their actual occurrence, without external request.
Clg, P'romptness of ?onducting a fsompFete external coordination cycle as the average time petween ideptifying a
situation requiring coordination with another sector/ATM body and the actual completion of coordination.
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Table 2
Component C2 «Shared Situational Awareness»

Type | Indicator Code Description
SPI C2g, Delay in team conflict detection relative to the moment when the conflict becomes formally detectable.
Divergence of mental models, assessed by the number of cases when the EC's chosen decision
SPI C2g, . ,
contradicts the PC's current plan.
SPI 2, Missed opportunities for cr.()ss-m.()nitoring, calculated by the num‘.ber. of cases whftn one team member
does not respond to an obvious discrepancy or error by another within a defined time interval.
Consistency in joint forecasting of possible events, determined by the frequency of coordinated
GPI C2g, . Lo .
predictive statements about situation development from EC and PC or both adjacent sector controllers.
Transparent coordinated replanning, assessed by the number of cases when a plan change (e.g., route
GPI C2¢, change or approach sequence) is accompanied by explicit verbalization and confirmation from both
controllers.
GPI 2 Use of information tools to support shared SA (strip markings, additional screen labels, shared notes,
’ etc.).
Table 3
Component C3 «Team Decision-Making and Threat Management»
Type | Indicator Code Description
SPI C3 Time for team decision from the moment of threat identification to implementation of coordinated action
S plan.
SPI Proportion of decisions violating separation minima (regardless of severity) or procedural requirements
C3g, (determined by procedural consistency index of decisions — the proportion of actions corresponding to
local procedures out of total decisions made in complex/abnormal situations when alternatives existed).
SPI 3 Unilateral critical decisions without coordination, when a plan change by EC or PC is not accompanied
53 by communication with the partner within the rule-prescribed interval.
GPI 3 Use of parametric decision-making structures (e.g., explicit articulation of options and criteria (safety/
Gl efficiency of decisions) in the context of time, fuel, workload, etc.).
GPI 3 Initiative balance maintenance, acting as an indicator of initiative decision distribution between EC and
@ PC, indicating the absence of decision-making "monopoly" in the team.
GPI 3 Preventive threat management: number of cases when the team takes preemptive measures before threats
@ arise in air traffic.
GPI 3 Variety of considered alternatives, assessed by the average number of explicitly discussed or intra-team
o processed alternative action options for the practiced class of complex situations.
Table 4
Component C4 «Workload and Resource Management»
Type | Indicator Code Description
Backup behavior index, determined by the number of episodes when one team member at EC/PC level
SPIL C4q, takes on routine tasks of another (answers calls, issues clearances, performs coordination) during peak
workload periods.
SPI ca, Freguer.lcy of overload situations for one team member by proxy metrics (event density per time unit,
subjective workload assessments).
SPI Cag, Untimgly task redistribution (when overload continues longer than the permissible threshold without
correction).
GPI Cdy, Degree of proactiv'ity ip task redistribl}tion, d§t§rmined by the number of initiative function transfers
(e.g., part of coordination calls or tactical decisions) before peak workload onset.
GPI Cae, Level of adaptabilit.y to worklo.ad changeg, involv?ng asseﬁsment of freqqency and tim.elir}ess.of
’ appropriate adaptation mechanisms (opening/closing additional workstations, task redistribution, etc.).
GPI C4g; Use of "micro-breaks" and micro-briefings for synchronization during workload reduction moments.
Coordinated work with distributed surveillance data processing systems and automated tools (e.g.,
GPI Cég, ARTAS, MTCD), when the team coordinates filter/alert configuration and responsibility distribution for

their monitoring.

malized indicators (SPI and GPI). The Sugeno-type

ANFIS model [19] consists of five layers: using a Gaussian function:
1. Fuzzification. For each input indicator, a set of _ _ (xj—ci)?
fuzzy sets is defined (for example, «low», «mediumy, 01 = pa; (%)) = exp (= 202 ) (3)
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Table 5
Component CS «Flight Safety Management» (tactical level)
Type Ingl(f;l:or Description

SPI C5g, Number of undetected team errors within the scenario (errors that were never identified by the team).

SPI C55, Late error detection (when correction is made after a critical deviation from norms occurs).

SPI C5g; Unforced violation of ATM coordination procedures.

GPI C4, Openness in discussing own errors, assessed by the number of cases of explicit error acknowledgment, their
analysis, and conclusion formation during or immediately after the simulator scenario.

GPI Cé, Use of flight safety management techniques in normal working conditions during daily operations (e.g.,
systematic application of standard observable techniques).

GPI C4g; Explicit leadership index, calculated as the proportion of episodes in which, during emergency/abnormal
situations, clear verbal or action leadership is observed (forming a common plan, distributing tasks, forming
conclusions) relative to the total number of such situations.

GPI Cég, Adaptability in role reorganization — assessed by the number of cases when, during an abnormal situation,
explicit role redistribution occurs (at the level of joint work of EC, PC, and supervisor).

GPI C4;s Time spent on team recovery, determined by the time interval from the moment of initial identification of a
serious problem (equipment failure, sudden weather deterioration, loss of communication, STCA alert at a
dangerous stage of conflict development) to the moment of system return to a stable safe state (resolution of
serious conflict, workload normalization, etc.).

where c; and o, are the center and width parameters of
the corresponding membership function, set based on
expert assessments of instructors.

2. Rule application. Each node corresponds to
a rule of the form: «If x; € A;, and ... and x, € A,,
Then f=p;x, + ... + .

Rule activation is performed according to:

n
0z =w; = 1_[ . Hay; (x5) “)
]=

3. Normalization of indicators is performed
according to the formula:
Wi

¥ e Wi (5)

O3 = W; =

y

4. Consequences are determined according to:
04 = Wify = Wi(pixy + qixz + - +13)  (6)
5. At the output we get:

TCS = 05, = YR, Wif; (7

where x; is a normalized indicator (SPI/GPI); p,i(x))
is the membership function; w; is the unnormalized
rule weight; w; is the normalized weight;
Dy 4, 1 are parameters of the linear part of the
consequence; 7CS is the integral assessment of team
competence.

The consequence parameters p;, q;, I; are trained
by a hybrid algorithm using the least squares method
with gradient descent on a combination of limited
real data and simulation-synthetic datasets generated
in agent-based models.

Along with ANFIS as the basic hybrid integra-
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tion mechanism, our system provides for the use of
an alternative module based on decision tree ensem-
bles — XGBoost or Explainable Boosting Machine
(EBM) [24]. These models provide high predictive
accuracy when working with small and medium data-
sets and can be made transparent through the use of
SHAP analysis.

The generalized gradient-boosted model has the form:

TCSap() = Yo Ymhm(X0) ®)

where #,,(X) are individual decision trees; y, are
weight coefficients; TCSes is the predicted team
competence assessment.

For each simulator training session, SHAP anal-
ysis allows decomposing the prediction TCSgp into
contributions of individual indicators:

TCS(X) = do + TiL; bi (€)]

where @ is the base level (expected model value); i
is the SHAP value of the i-th indicator (SPIL,), GPI,,
individual indicators); d is the dimensionality of the
feature vector.

Thus, the instructor can see which specific aspects
of teamwork most influenced the resulting assessment
of ATCOs’ team competence (taking into account
both negative and positive contributions).

Using XGBoost/EBM as an alternative to ANFIS
is particularly appropriate at the stage when a suffi-
cient array of data has been accumulated specifically
for a particular air navigation service provider or
training center, and explainability is guaranteed by
SHAP analysis.



InpopmaTuKa, 06uKCII0BAIbHA TEXHIKA Ta aBTOMAaTH3aLlis

The determined quantitative assessments of team
competence TCS Ta TCSgg and diagnostic indicators
obtained from various sensors form a set of assess-
ments {ex} regarding hypotheses about the level of
team competence. In the DST formalism, each source
specifies a mass function (m,) on the set of hypothe-
ses ©. Evidence combination is implemented accord-
ing to Dempster’s rule:

myz(8) = T Zpnc=ami(B)my(0), K= 3 mi(B)ma(C) (10)

where m,, m, are mass functions of two sources; K
is the measure of conflict between them; ABC — @®.

Unlike the ANFIS module, oriented primarily
toward numerical integration of indicators, and the
DST module, aimed at robust fusion of multi-channel
information, the Bayesian network provides a cause-
and-effect level of analysis consistent with the Threat
and Error Management concept and HFACS-BN
approaches [18]. In its simplest form, the network
includes the following groups of nodes:

— «threat» nodes (T) — abnormally high level of
air traffic, non-standard airspace configuration, failures
of surveillance/communication technical means, etc.;

— «state (level of formation) of team competence
components» nodes (K) in the format of discretized
levels based on SPI/GPI indicators;

— «intermediate undesired teamwork states»
nodes (U) — «uncoordinated decision», «breakdown
of shared SA», etc.;

— «consequence» node (C) — «high risk of sep-
aration minima violation or entry into active flight
restriction zoney, etc.

The basic Bayesian inference formula has the
form:

P(Cle)= ¥, P(CIP(hIe) (11)
where e — is the vector of observable evidence
(ANFIS/DST assessments, threats (7), states of team
competence components), /4 is the configurations of
latent nodes (U).

The application of this approach allows:

— quantitatively assessing the probability of
undesired states («high risk of team error»);

— identifying the most probable chains «threat —
reduction in the level of a specific component of com-
petence formation — intermediate failure — conse-
quencey;

— linking the final indicator TCS to risk scenar-
ios, which increases the interpretability of results for
instructors and inspectors.

To describe the long-term evolution of team com-
petence, a combination of multidimensional item-re-
sponse theory (IRT) and Bayesian Knowledge Trac-

ing (BKT) is applied [25-27]. Each simulator scenario
is considered as an «item» in the task bank, which has
complexity and discriminativeness parameters rela-
tive to individual components of team competence.
Let us consider the two-parameter logistic IRT model:

1

P(Xps =1186p) = T+exp (—as(0p—bs))

(12)
where X, is a binary (dichotomous) random variable
describing the result of performing scenario i by
ATCO p («1» — «successful completion» of the
scenario); 0, is the latent level of ATCO p’s team
competence in the selected measured plane; o is the
sensitivity of the scenario to changes in competence;
b, is the complexity of the training scenario.

To account for temporal dynamics, the BKT model
is used for each component C;:
P(Y¢lLy) P(LelYq:t—1)

P(Lt | Yl:t) = P(YtlY1:t-1)

13)
where L, is the event «team competence component is
formed» atstep t; ¥, is the observation (success/failure
of training scenario execution, level of indicators);
T 1is the «learning probability» parameter between
steps, reflecting the learning speed; « P(¥#L,) » is the
probability of success given the «learned» component
of competence.

IRT/BKT parameters are initialized expertly and
refined based on accumulated data, and the obtained
assessments 0, and P(L,) are integrated with TCS/
TCScs , forming a complete dynamic individual pro-
file of ATC’s team competence.

The algorithm of the system’s operation within a
simulator session is presented in Figure 1.

Data collection involves automated accumulation
of simulator logs, data from controller working posi-
tions (CWP), and audio recordings of EC-PC com-
munications and EC-pilot communications. During
preprocessing, the ASR module converts audio to
text; the natural language processing (NLP) module
performs markup of structural elements of phrases,
identifies deviations from phraseology, and marks
coordination acts. Synchronization of timestamps
with trajectory data is performed. Then, indicators
are calculated across the five criteria. Based on syn-
chronized data, all positive and risk indicators are
calculated, including through DST fusion of mul-
ti-channel information (in particular, combining NLP
assessments and read-back error detection rules).
Assessments for individual indicators are aggregated
into component and global SPI, GPI indices. Compe-
tence assessment involves performing the following
operations: the ANFIS module calculates TCS based
on SPI and GPI, taking into account fuzzy rules; an
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additional XGBoost/EBM module calculates TCScs
and SHAP explanations; the BBN module calculates
risk probabilities.

1. DATA COLLECTION

Simulator logs
CWP = EC-PC « EC-Pilot andio

Y

2. PREPROCESSING

ASE module - NLP module
T synchronization

Y
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Read-back ervor detection

Y
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5. COMPETENCY ASSESSMENT
ANFIS (TCS) » X(Boost EBM (SHAD)
HH'\‘ I[I(Kil]ll.'

Y

6. ADAFTATION
BET/IRT * Scenario complexity
Traffic intensity * Emergency situations

Y

7. DEBRIEFING

TCS = SPI» RBI » SHAP visualization
BEN chains » IRT/BRT dynamics

Continuons Leaming Cyele

Fig. 1. Training session system algorithm

The adaptation module, relying on TCS, TCSas
and current BKT/IRT assessments, adjusts the com-
plexity of subsequent scenarios: changes air traffic
intensity, conflict configuration, introduces abnormal
and emergency situations with an appropriate threat
profile. The instructor receives a report that combines:
numerical assessments TCS, TCSes , SPI, RBI; visu-
alization of SHAP assessments of indicator influence;

analysis of BBN risk chains; dynamics of compe-
tence according to IRT/BKT between sessions. Thus,
the algorithm provides a complete cycle «data — indi-
vidual team competence indicators — assessments —
adaptation — model trainingy», consistent with EASA
requirements for transparency and manageability of
ML solutions in critical applications [15].

Conclusions. The developed hybrid assessment
architecture combines an ANFIS module for fuzzy
integration of SPI/GPI indicators, a DST module for
robust fusion of multi-channel data sources (ASR/
NLP, physiological sensors, expert judgments), and
a Bayesian network for cause-and-effect analysis of
teamwork risk. Complementing this structure with
XGBoost/EBM-type models with SHAP interpreta-
tion creates conditions for transparent, explainable
analytics oriented toward instructor needs. The pro-
posed combination with IRT/BKT models makes it
possible to track long-term competence dynamics
and form individual learning trajectories, and the
adaptive scenario complexity change module ensures
implementation of adaptive learning principles in the
simulator environment. The obtained results create a
basis for building automated instructor support sys-
tems capable of forming targeted diagnostic reports
in «online/near real-timey, identifying «bottlenecksy»
in teamwork, justifying the choice of adaptive correc-
tive influences, and flexible revision of the structure
of simulator programs.

Among the directions for further work, validation
research on extended samples of simulator sessions
and, if possible, on data from real operations for var-
ious air traffic service units (ATSUs) is planned, tak-
ing into account the specifics of their procedures. In
addition, further research will be aimed at expanding
the model toward inter-shift and inter-sectoral interac-
tion, particularly through construction of multi-level
BBN structures describing coordination between sev-
eral sectors and ATSUs, as well as inclusion in the
analysis of non-functional aspects (organizational
culture, leadership style, features of airspace config-
uration changes).
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Bueni sanucku THY imeni B.1. Bepnaacbkoro. Cepis: Texniuni Hayku

Hansonuii A.C., 3enoB 1.0. AUTOMATED ASSESSMENT OF AIR TRAFFIC CONTROLLER
TEAM COMPETENCE: AN ADAPTIVE TRAINING APPROACH

TIpeomemom cmammi € po3podka popmanizoeanoi cucmemu NOKA3HUKIE KOMAHOHOT pobomu agiaducnemuepis
ma KOMNIAEKCHOT MamemMamuyHoi Mooei aemomMamu308aHoi OYIHKYU KOMAHOHOI KOMNEMEHMHOCMI 8 A0ANMUGHIl
mpenadiceprili  niocomosyi. Memoto cmammi € po3podka 00’ €KMuUsHi NOKAZHUKU KOMAHOHOI pobomu
asiaoucnemuepié ma Mooelb asmoMamu308anoi OYiHKU, Npuoamuy Oisi cucmem aoanmueHoi mpeHaicepHoi
nI020MOBKU 68 YMOBAX OOMEMNCEHUX DEeATbHUX HABUATIbHUX OaHux. 3asdanns cmammi. @opmanizyeamu
BUMIDIOBAHT NOKAZHUKU, WO OMPUMYIOMbCS 3 10218 MpeHadicepd, pobouux Micyb ouchemyepie ma KOMyHIKayiu,
Ppo3pobumu nOOBIUHY cucmemy iHOUKAMOpIB, WO OXONIIOE NOKA3HUKU, AKI XAPAKmepu3yloms pusuKosani aoo
npobnemui acnexmu nogedinku asiaoucnemuepa (SPI) ma inoukamopu eaprux npakmux (GPI); cnpoexmysamu
mpupienegy apximexmypy oyinroeanus, wo inmezpye ANFIS, meopiro [emncmepa-Ilietigpepa ma baeciscoki
Mepedci; BKaouUmU epadicHmHo-niocuneHni mooeni 3 inmepnpemosanicmio SHAP; inmezpysamu giocmedicenHs
xomnemenmuocmi uepez mooeni IRT/BKT. Buxopucmani memoou. neuimxanocika ma ANFIS, meopis [lemncmepa-
Lleigepa, Bacciscoki mepedci, epadienmuo-niocuneni aneopummu (XGBoost/EBM) 3 ananizom SHAP, meopis
8i02yKy Ha 3ae0amns ma baeciscoke gidcmedicenna 3uanvb. Cmamms nNpeocCmasniae n’smueUMIpHYy MoOeilb
KOMAHOHOI KOMREMEHMHOCHI, WO OXONIOE KOOPOUHAYTIO/KOMYHIKAYII0, CRIIbHY CUMYayitiHy O0OI3HAHICMb,
ChilbHe NPUUHAMMA DilleHb, YNPAGIiHHA HABAHMANCEHHAM mMa Makmuune Ynpasninusa 6esnekor. Koowen
Komnonenm exiouac SPI-wempuxu ons npobnemnux nogedinox ma GPI-mempuxu ons no3sumueHux npakmux.
Apximexmypa oyintosanns sukopucmogye ANFIS onsa nevimroi inmeepayii, DST 011 3numms 6acamoooicepenbHux
Oanux ma baeciecbki mepesici ons npudunno2o ananizy puzuxy. Mooeni XGBoost/EBM 3 SHAP 3abesneuyiomo
inmepnpemosani aromepuamusy. Cucmema @QyHKYIOHYE uepe3 3aMKHeHUll YUK 30ip OaHux, nonepeows
06pobka ASR/NLP, obuucnenns inouxamopis, bazamopisnesa oyinka ma adanmuene KopuyeanHs. CYeHapiis.
Apximexmypa 3a0o6onvhsc sumozu EASA woodo npozopocmi uepes s6HI HeUimKi Npasuid, KilbKIiCHY OYIHKY
xougnixkmie DST, npuuunny npocmesicysanicmo BBN ma SHAP-nosichenns.

Knwuosi cnosa: asiaducnemuepu, KOMAHOHA KOMNEMEHMHICMb, HNOKAZHUKU KOMAHOHOI pobomu,
aoanmuena mpenadxcepra niocomoska, ANFIS, meopia [{emncmepa-Illeiigpepa, Baeciecoki mepeoici, SHAP-
ananis, agmomamu306ana OYiHKa.
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