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Annotation. The rapid development of Al is transforming healthcare management, while the use of Al-driven
information systems for resource management under uncertainty remains insufficiently systematized. Purpose. To
identify and systematize Al-driven information systems for resource management in healthcare ecosystems, analyze
international practices, and develop a conceptual model for adaptive resource management under uncertainty.
Methodology. Bibliometric and comparative analyses, systematization, conceptual modeling, and international
case studies were applied. Results. Al-driven information systems were classified by managed resources, Al
technologies, and managerial functions. Their role in resource optimization, risk management, and decision support
was determined. A conceptual model integrating predictive analytics, risk assessment, decision support, resource
allocation, monitoring, and feedback was developed. Practical implications. The proposed model improves resource
management and strengthens healthcare ecosystem resilience under uncertainty.
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General statement of the problem and its con-
nection with the most important scientific or prac-
tical tasks. Modern healthcare systems operate under
conditions of increasing uncertainty driven by pan-
demics, military conflicts, population ageing, short-
ages of healthcare personnel, disruptions in supply
chains, financial constraints, and cybersecurity threats.
These factors substantially complicate the planning,
allocation, and utilization of healthcare resources,
increasing the need for adaptive management sys-
tems capable of responding promptly to changes in
the external environment. At the same time, health-
care organizations face a growing spectrum of risks
associated with uneven workloads among medical
staff, shortages of hospital beds, medical equipment,
and pharmaceuticals, disruptions in logistics, fluctu-
ations in demand for healthcare services, delays in
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diagnosis, the spread of infectious diseases, financial
losses, and information security threats. Managing
these risks requires intelligent tools capable of con-
tinuous monitoring, forecasting future developments,
evaluating alternative scenarios, and supporting man-
agerial decision-making in real time.

The traditional management model, which treats
an individual healthcare institution as an autonomous
organizational unit, is increasingly unable to ensure
efficient resource utilization within a complex and
rapidly changing environment. Consequently, both
academic research and international practice have
gradually shifted toward conceptualizing healthcare
as a multi-level ecosystem that integrates hospitals,
primary healthcare providers, laboratories, pharmacy
networks, insurance organizations, research institu-
tions, IT companies, public authorities, and patients
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into a unified network of collaboration, resource inte-
gration, and value co-creation.

Within such an ecosystem, resource management
should be performed not only at the level of indi-
vidual healthcare organizations but also across the
entire network of interconnected stakeholders. Key
resources include healthcare professionals, hospital
bed capacity, medical equipment, pharmaceuticals,
financial resources, healthcare data, knowledge, and
telemedicine services. However, the integration of
numerous stakeholders generates rapidly increasing
volumes of data, expanding information flows, and
growing managerial complexity, thereby limiting the
effectiveness of traditional approaches to information
analysis, risk forecasting, and resource coordination.

Under these circumstances, Al-driven informa-
tion systems have become an essential component
of healthcare ecosystems. These systems enable the
integration of heterogeneous data sources, prediction
of resource demand, managerial decision support,
optimization of patient flows, forecasting of hospital
capacity utilization, inventory management, digital
monitoring of resource availability, and real-time
coordination among ecosystem participants. Further-
more, artificial intelligence enables the early identifi-
cation of workforce, resource, operational, financial,
and cybersecurity risks, supports the simulation of
alternative scenarios, and facilitates the development
of adaptive managerial decisions based on the current
state of the healthcare ecosystem. Therefore, artifi-
cial intelligence should be viewed not merely as an
individual digital technology but as an enabling infra-
structure that supports data integration, stakeholder
coordination, adaptive resource management, and the
resilience of healthcare ecosystems under conditions
of uncertainty.

Despite the rapid advancement of research on
digital healthcare transformation, telemedicine, and
artificial intelligence, the integration of Al-driven
information systems into resource management
mechanisms at the level of the healthcare ecosystem
remains insufficiently explored. Most existing studies
focus on individual technological solutions, clinical
Al applications, or the activities of single healthcare
organizations. In contrast, the practical challenges
facing modern healthcare systems require coordi-
nated resource management across multiple ecosys-
tem participants, comprehensive risk forecasting, and
adaptive decision-making under conditions of high
uncertainty.

Addressing this research gap is of considerable
scientific and practical importance, as it may contrib-
ute to improving the efficiency of healthcare resource
utilization, strengthening healthcare system resil-
ience, advancing telemedicine, enhancing the digital
integration of healthcare data, improving interorga-
nizational collaboration, and supporting managerial
decision-making at both regional and national levels.

These challenges determine the relevance of the pres-
ent study and its close connection with the priority
tasks of developing a digital, adaptive, and resilient
healthcare system.

Analysis of recent research and publications.
Scientific interest in artificial intelligence (Al) in
healthcare has increased substantially in recent years.
To assess the scale and dynamics of this research and
identify insufficiently explored areas, a bibliometric
analysis of publications indexed in Scopus was con-
ducted. The search using the query TITLE-ABS-KEY
(“artificial intelligence” AND “healthcare”) identified
more than 31,000 publications by 2025. Research
activity remained relatively limited until 2018 but
increased sharply thereafter, reaching 390 publica-
tions in 2019, 677 in 2020, 1,312 in 2021, 2,036 in
2022, 3,764 in 2023, 7,617 in 2024, and 15,430 in
2025. This rapid growth reflects the accelerating digi-
tal transformation of healthcare, further intensified by
the COVID-19 pandemic and advances in machine
learning, generative Al, telemedicine, and big data
analytics.

The literature demonstrates several interconnected
research directions. A substantial body of Ukrainian
research examines the application of digital tech-
nologies, information systems, and Al to improve
healthcare management and efficiency. Relevant
contributions include the studies of Vysotskyi A.A.,
Surikov O.0., Vasyliuk-Zaitseva S.V. [1], Horku-
nenko A.B. [2], Shostakovych-Koretska L.R. [3],
Volkov O.S. [4], Oleshko O.M. [5], Brodkevych V.
and Liudvichenko V. [6], Khaitovych M.V. and
Turchak D.V. [7], and Svintsitskyi A.V., Kly-
mova V.V, and Sendetskyi S.S. [8]. Collectively,
these studies demonstrate the growing role of digital
and intelligent technologies in healthcare manage-
ment, while also indicating the need for their further
integration into broader management systems.

Another important research direction concerns the
development of healthcare ecosystems and digital plat-
forms. Viswanadham [9] proposed a digital healthcare
ecosystem model integrating healthcare providers,
government institutions, IT companies, and patients
within a common digital environment. Constantinides
[10] further developed the ecosystem perspective by
emphasizing ecosystem orchestration, interorganiza-
tional collaboration, and resource coordination. These
ideas are complemented by Torab-Miandoab et al. [11]
and Koumpis et al. [12], who associate healthcare eco-
system development with open innovation, interoper-
ability, Al, digital platforms, and the Quadruple Helix
approach. Thus, contemporary ecosystem research
increasingly emphasizes coordination among multiple
actors and the integration of heterogeneous informa-
tion and resources.

A parallel research stream focuses directly on Al
applications in healthcare. Bajwa et al. [13] iden-
tify Al as an important driver of transformation in
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medical practice through clinical decision support,
automation, and personalized medicine. Olawade et
al. [14] highlight predictive analytics, automation of
healthcare processes, and robotic technologies, while
drawing attention to data integration, model inter-
pretability, and information security. Akila et al. [15]
similarly demonstrate the potential of Al to optimize
clinical workflows, support decision-making, auto-
mate electronic health records, and improve resource
management. The JAMA Summit report by Angus et
al. [16] extends this perspective by considering Al
as an element of healthcare infrastructure capable
of supporting not only clinical applications but also
organizational and managerial processes.

Recent Scopus-indexed studies further demon-
strate the expansion of Al toward integrated and intel-
ligent healthcare information environments. Joshi et
al., with the participation of Tanwar S., examined
Explainable Al (XAI) for dementia classification
within the Healthcare 4.0 paradigm [20], while Gor
et al., also involving Tanwar S., applied explainable
machine learning to secure robotic telesurgery and
protected communication in healthcare informa-
tion systems [21]. Singh B. and Kaunert C. [22; 23]
investigated the integration of Cloud Computing, the
Internet of Medical Things (IoMT), and Al for early
diagnosis, digital healthcare transformation, and
intelligent healthcare data management. Bielick C.G.,
Celi L.A., et al. [24] emphasized the need to evaluate
Al beyond individual algorithms, focusing on clini-
cal validity, safety, transparency, and effectiveness in
real-world healthcare settings.

Overall, the reviewed studies demonstrate con-
siderable progress in Al applications, healthcare
information systems, digital platforms, and ecosys-
tem-based healthcare management. However, these
research streams remain largely fragmented. Existing
studies predominantly address clinical applications
of Al, digital transformation, individual information
technologies, or the organizational development of
healthcare ecosystems. Comparatively less attention
has been devoted to Al-driven information systems
as an integrated mechanism for adaptive resource
management at the healthcare ecosystem level, par-
ticularly under conditions of uncertainty. The coor-
dination of heterogeneous resources, information
flows, stakeholders, risk-related information, and
managerial decisions within such an environment
therefore remains insufficiently systematized. This
gap substantiates the relevance of further research
into Al-driven information systems for resource man-
agement in healthcare ecosystems under conditions
of uncertainty.

Formation of the objectives of the article (task
statement). The purpose of this study is to identify and
systematize contemporary Al-driven information sys-
tems employed for resource management in healthcare
ecosystems, to examine international implementation
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practices, and to develop a conceptual model for the
application of artificial intelligence to support adaptive
resource management under conditions of uncertainty.

Presentation of the main research material with
full justification of the scientific results obtained.
The rapid growth of scientific interest in the applica-
tion of artificial intelligence in healthcare has been
accompanied by an equally rapid expansion in the
practical implementation of Al-driven information
systems across leading healthcare organizations world-
wide. According to Grand View Research, the global
artificial intelligence market in healthcare, valued at
approximately USD 36.7 billion in 2025, is projected
to exceed USD 505 billion by 2033, with a compound
annual growth rate (CAGR) of approximately 39%
[25]. This growth is driven not only by advances in
clinical Al applications but, more importantly, by the
increasing scarcity of healthcare resources. According
to the updated estimates of the World Health Organi-
zation (WHO), the global shortage of healthcare work-
ers is expected to reach approximately 10 million by
2030 [26]. Combined with the growing prevalence of
chronic diseases, population ageing, and limited hos-
pital bed capacity and diagnostic infrastructure, these
challenges have created a sustained demand for adap-
tive resource management solutions.

An analysis of the implementation of Al-driven
information systems in leading healthcare organi-
zations worldwide (Table 1) makes it possible to
classify these systems according to two interrelated
dimensions: 1) the type of healthcare resource man-
aged by the system and 2) the type of artificial intelli-
gence technology on which it is based.

The systematization of international experience
in the application of Al-driven information systems
demonstrates that modern artificial intelligence-based
information systems have evolved beyond support-
ing individual clinical processes and are increasingly
employed as strategic tools for resource management
within healthcare ecosystems. The analysis of the
examined cases enabled the classification of Al-driven
information systems according to the type of managed
resource and their primary managerial functions.

Based on the type of managed resource, four
major categories of Al-driven information systems
can be distinguished:

— hospital bed capacity and patient flow manage-
ment systems (Mayo Clinic);

— healthcare workforce, operational process, and
clinical documentation management systems (Cleve-
land Clinic);

— diagnostic resource management and clinical
decision support systems (NHS England);

— population health, telemedicine, and healthcare
accessibility management systems (Kaiser Perma-
nente; Apollo Hospitals).

At the same time, the analysis demonstrates that the
functionality of Al-driven information systems extends
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Table 1

International Experience in the Application of Al-driven Information Systems for Resource Management
in Healthcare Ecosystems under Conditions of Uncertainty

Health-care Al _AI-drlve.:n Managed Managerial Risks Benefits for
N information . o the healthcare
organization | technology resource(s) function mitigated
system ecosystem
Hospital
. . Demand overcrowding,
Mayo Clinic, |Predictive Hospital Hosp1.t al bed forecasting, bed shortages, Improived system
Command capacity, . capacity and
[27] Al . resource delays in I
Center patient flow . . adaptability
allocation patient
admission
Virtual Healthcare Coordination Staff overload Enhanced
. Command workforce, of clinical . . > |interdepartmental
Cleveland Generative ) - . information N
e Center; Al operating operations, coordination and
Clinic, [28] |Al . .. . delays, process
Documentation | rooms, clinical | managerial fraomentation | management
Assistant documentation | decision support £ efficiency
dDeliaa %Insostlc Reduced waiting
NHS . Radlology Diagnostic Automatg d shortage of times and more.
Al Imaging | Information diagnostics, . . efficient utilization
England, [29] resources : . radiologists, . .
System patient routing atient of diagnostic
p resources
backlogs
Chronic disease
complications, |Improved
Kaiser Predictive Population Patients, health Risk pred}ctlon, hospltgl . preventive
Perma-nente, Analviics Health data chronic disease |readmissions, |care and
[30] y Platform management uneven population health
workload management
distribution
Remote Limited access |Improved
Apollo Healthcare healthcare to healthcare, |accessibility
POl Al + Tele- |Telehealth services, . workforce of healthcare
Hospitals, . delivery, :
medicine Platform remote P shortages, services and
[31] . coordination of .
consultations . logistical stronger ecosystem
consultations : . .
constraints integration

Source: Developed by the authors based on the analysis of sources [27-31]

far beyond resource optimization. Nearly all of the exam-
ined systems perform a set of interconnected managerial
functions, including resource demand forecasting, deci-
sion support, monitoring of resource availability, coor-
dination of interactions among healthcare ecosystem
participants, automation of routine processes, and rapid
response to changes in the external environment.

The classification of Al-driven information systems
according to the underlying artificial intelligence tech-
nologies reveals a gradual evolution of Al applications
in healthcare. Early solutions primarily relied on pre-
dictive analytics to forecast resource demand (Mayo
Clinic, Kaiser Permanente), whereas contemporary sys-
tems increasingly incorporate generative artificial intel-
ligence to automate clinical documentation and support
managerial decision-making (Cleveland Clinic), com-
puter vision technologies for medical image analysis
(NHS England), and Al-enabled telemedicine platforms
that facilitate the remote delivery of healthcare ser-
vices (Apollo Hospitals). This trend is consistent with
the findings of Bielick, Celi, and co-authors [24], who

emphasize the need to move beyond the evaluation of
individual Al algorithms toward comprehensive assess-
ments of their effectiveness under real-world healthcare
conditions.

Another important pattern emerging from the anal-
ysis deserves particular attention. Regardless of the
specific Al technology employed, all of the examined
information systems are designed not only to opti-
mize resource utilization but also to reduce uncertainty
and mitigate the risks associated with the operation of
healthcare ecosystems. Specifically, predictive Al mod-
els are applied to forecast hospital bed occupancy and
demand for healthcare services; generative Al is used
to reduce the risks of clinical documentation errors and
information overload among healthcare profession-
als; computer vision systems help minimize diagnostic
risks; and Al-enabled telemedicine platforms address
the risks associated with limited access to healthcare ser-
vices. Consequently, Al-driven information systems are
gradually evolving from tools for automating individ-
ual processes into integrated mechanisms for adaptive
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resource and risk management across the entire health-
care ecosystem.

Most of the reviewed solutions are designed to opti-
mize specific types of resources or perform localized
managerial functions, such as hospital bed manage-
ment, workforce management, diagnostic support, and
healthcare accessibility. However, none of the analyzed
studies presents an integrated mechanism capable of
providing comprehensive management of all resource
categories, coordinating interactions among healthcare
ecosystem participants, and simultaneously addressing
risks and uncertainty.

The literature review further indicates that, despite
the demonstrated managerial benefits, the practical
implementation of Al-driven information systems is
accompanied by several persistent challenges.

First, data interoperability remains a critical
issue, requiring the integration of heterogeneous data
sources — including electronic health records (EHRs),
Internet of Medical Things (IoMT) devices, and admin-
istrative information systems — into a unified informa-
tion environment. Olawade et al. identify data integra-
tion, model interpretability, and information security as
key barriers limiting the large-scale implementation of
Al solutions [14].

Second, the trust of clinicians and healthcare man-
agers in Al-generated recommendations represents
another major challenge, particularly in the context of
generative Al-based decision support systems, such as
those implemented at the Cleveland Clinic. Address-
ing this issue requires the adoption of transparent and
explainable Al (XAI) mechanisms capable of providing
understandable justifications for Al-generated recom-
mendations [20; 21].

Third, there is a growing need for comprehensive
evaluation of Al-driven solutions under real-world

Data Integration

e Data Sources

! Performance
i Monitoring KPIs,
Deviations

Feedback Loop

—  Al-Based Prediction _,

Resource Allocation
Managerial Action

healthcare conditions, rather than assessing only the
performance of individual algorithms during the valida-
tion stage. Bielick, Celi, and co-authors emphasize that
Al systems should be evaluated in terms of their clin-
ical validity, safety, practical effectiveness, and overall
impact on healthcare delivery [24].

Finally, organizational and regulatory alignment
remains an essential prerequisite for successful imple-
mentation. This includes the harmonization of tech-
nological, organizational, ethical, and regulatory
mechanisms required to coordinate the activities of all
participants within the healthcare ecosystem, as empha-
sized by Koumpis and co-authors [12].

The systematization of international experience
also demonstrated that existing Al-driven informa-
tion systems perform individual managerial functions,
including data integration, forecasting, decision sup-
port, monitoring, and resource coordination; however,
they predominantly operate as independent information
solutions. In most cases, they lack a unified adaptive
management cycle that integrates data aggregation,
predictive analytics, risk assessment, managerial deci-
sion-making, implementation of decisions, performance
monitoring, and continuous learning of the informa-
tion system based on accumulated operational experi-
ence. This identified research gap provided the basis for
developing the authors' conceptual model of adaptive
resource management in healthcare ecosystems based
on Al-driven information systems, presented in Fig. 1.

The proposed model implements a complete
resource management cycle, which comprises the fol-
lowing interconnected stages:

1. Data Integration — consolidation of heteroge-
neous data sources (electronic health records (EHRSs),
Internet of Medical Things (IoMT) devices, health-
care registries, workforce data, and logistics systems)

Risk Assessment
Risk Factors

Decision Support
Recommendations

Model Refinemen

v

Risk Identification and
Assessment Node

Weight Updating

Figure 1. Conceptual model of adaptive resource management in healthcare ecosystems
under uncertainty based on Al-driven information systems

Source: developed by the authors
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into a unified healthcare ecosystem information space,
thereby eliminating the fragmentation inherent in the
traditional management model focused on individual
healthcare institutions.

2. Al-Based Prediction — application of predictive
analytics to forecast future resource demand, including
patient flows, staff workload, and equipment require-
ments, following approaches implemented by the
Mayo Clinic and Kaiser Permanente.

3. Risk Identification and Assessment — a dedicated
module that directly addresses the problem formulated
in the Introduction by enabling the timely identifica-
tion of workforce, resource, operational, financial, and
cybersecurity risks. This component distinguishes the
proposed model from conventional predictive systems
by transforming forecasts into quantified risks assessed
according to their probability and potential impact on
the resource capacity of the healthcare ecosystem.

4. Decision Support — generation of managerial rec-
ommendations based on the assessed risks (analogous
to the Clinical Decision Support approach implemented
at the Cleveland Clinic), while preserving the final deci-
sion-making authority of healthcare managers and clini-
cians rather than fully automating the decision process.

5.Resource Allocation — implementation of man-
agerial decisions through the redistribution of health-
care personnel, hospital beds, medical equipment, and
healthcare services among ecosystem participants.

6. Performance Monitoring — continuous monitor-
ing of actual performance indicators (KPIs) following
resource allocation and comparison of observed out-
comes with predicted values.

7.Model Updating — adjustment of model weights
and decision thresholds based on identified deviations,
enabling continuous learning from operational experi-
ence and closing the adaptive feedback loop.

Unlike most existing Al-driven information sys-
tems, where predictive analytics represents the core
functionality, the proposed conceptual model shifts the
focus toward risk-oriented resource management. Risk
assessment serves as the integrating mechanism link-
ing predictive analytics with managerial decision-mak-
ing, thereby ensuring the adaptive functioning of the
healthcare ecosystem under conditions of uncertainty.

Current international practice primarily addresses
localized managerial challenges; however, none of
the analyzed cases integrates prediction, risk identifi-
cation, decision support, resource allocation, and per-
formance monitoring into a unified adaptive resource
management framework for the healthcare ecosystem.
Moreover, the persistent challenge of insufficient sys-
tematic risk assessment and management, consistently

highlighted in the literature [14; 24], provides a strong
rationale for introducing a dedicated risk-oriented
module within the proposed conceptual model.

Conclusions from these problems and prospects
for further research in this area. The findings con-
firm that the ongoing transformation of healthcare
systems is accompanied by a rapidly increasing role
of artificial intelligence and Al-driven information sys-
tems as instruments for resource management under
conditions of uncertainty. A bibliometric analysis of
Scopus-indexed publications revealed an exponential
increase in scientific interest in this field after 2020,
indicating its emergence as one of the fastest-growing
interdisciplinary research domains. The review of con-
temporary studies and international practices demon-
strated that Al-driven information systems are already
employed for resource demand forecasting, patient
flow management, workforce coordination, clinical
decision support, documentation automation, popu-
lation health management, and telemedicine services.
However, the analysis also showed that most existing
solutions remain focused on optimizing individual
resources or isolated management processes, whereas
integrated resource management mechanisms at the
healthcare ecosystem level are still largely absent.

The scientific novelty of this study lies in the devel-
opment of a conceptual model for adaptive resource
management in healthcare ecosystems based on
Al-driven information systems. The proposed model
integrates data collection and consolidation, predictive
analytics, risk assessment, decision support, resource
allocation, performance monitoring, and continuous
model improvement through a feedback mechanism.
Unlike existing approaches, it conceptualizes artificial
intelligence not merely as a digital technology but as an
infrastructural mechanism for coordinating resources,
information flows, and interactions among healthcare
ecosystem stakeholders under uncertainty.

The practical significance of the study lies in the
potential application of the proposed model as a con-
ceptual framework for developing next-generation
Al-driven information systems aimed at the integrated
management of human, material, financial, infor-
mational, and medical resources across regional and
national healthcare systems. Future research should
focus on designing the architecture of an Al-driven
information system for healthcare ecosystems, deve-
loping a system of performance evaluation indicators,
constructing models for risk assessment and adaptive
resource allocation, and validating the proposed con-
ceptual model using real-world clinical and managerial
data from healthcare organizations.
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Pexynenxo L1, Mamecesa F0.A., Yepeoniuenxo, /1.C., Mao €. Cymcoxuti Oepocasruil ynisepcumem. Ingpop-
Mauiiini cucmemMu HA OCHOGI WMY4UHO20 IHmeNeKmy 0/ YNPAGIIHHA PeCcypCcamu 6 eKOCUCHeMax 0XOPOHU
300p086’°s1 6 yMOBAX HEBGU3HAUEHOCHII.

Anomauyia. B cmammi 00Tpynmogano 0oyinbHicms po32nady WmyyHo20 iHmenekmy He auue K iHCmpymMenmy
niOMpUMKU KIIHIYHUX DileHb, a SIK MeXHOLO2IYHOI OCHO8U [HQOPMAYIHUX cucmeM, 30amHux 3abe3neuysamu
KOOpOUHAayilo pecypcis, inpopmayiinux nOmoxie ma 63aemMo0ii MidiC YHACHUKAMU eKOCUCMEMU OXOPOHU 300P08 5.
Mema cmammi. ioenmuiKysamu ma cucmemMamu3yeamu iHGhOPMayitiHi cucmemu Ha OCHOBL WMYYHO20 THMeNeKny
07151 YNPABAIHHS PECYyPCAMU 8 eKOCUCTNEMAX OXOPOHU 300P08 "1, NPOAHANIZY8AMU MINCHAPOOHUL 00C8I0 | po3podumu
KOHYenmyaibHy MOOelb A0anmueHO20 YNPAsiHHA pecypcami 8 YMo8ax HegusHaueHocmi. Memoouxa 00cioxicenns.
Ingpopmayitiny ochogy cmarnosiams Haykoei nyonikayii, npoindexcosani y Scopus. 3acmocoeano bibniomempuunuil
ananiz, VOSviewer 0ns ananizy cninbHOi NOAGU KIOHOBUX Ci8, A MAKOAIC MEMOOU CUCTNeMAMU3ayii, NOPIGHAHHS,
V3a2anbHeHHs ma CMpYKmypHo-noziunozo auanisy. Pezynemamu. Y3azanvnenns oocnioscenv nokasano, wo Al
v healthcare nepesasicno 3acmocogyemocs 0 KIHIYHOI OlG2HOCMUKU, MeOUdHOI Gi3yanizayii, npocHo3y68aHHs
3aX60PIHOBAHD, NEPCOHANIZ08AHOI MEOUYUHU A NIOMPUMKU KITHIYHUX piuieHb. BoOnouac nedocmammtbo 00CiodNceHo
Al-driven ingopmayitini cucmemu K iHCIPYMeHM THMESPOBAHO20 YNPAGIIHHA PeCyPCamil eKOCUCEMU OXOPOHU
300p08’s. Busnaueno xnouosi AI-mexuonoeii — mawunue ma 2nuboKe Ha8YauHs, npocHo3Hy ananimuxy, NLP, Ex-
plainable Al, Big Data ma loMT— ma ix nomenyian 0151 RPOSHO3YEAHHS PECYPCHUX NOmMped, onmumizayii po3nooiny,
MOHIMOPUH2Y U NIOMPUMKU YRPAGTIHCOKUX piuleHb. Bcmaroenieno HayKoguil po3pus, nos a3anutl i3 HeOoCmamuso0
inmezpayicto Al, ingopmayitinux cucmem, eKOCUCMEMHO20 HIOX00Y MaA PecypCHO20 YNPAGNIHHA 6 YMO8aX
negusHauenocmi. Ilpakmuuna 3nauywjiicme pesynomamie 0ocaioxncennsn. llpaxmuuna 3HaA4yWicmes noasiede y
MOICTUBOCIE BUKOPUCTHAHHSL BUSHAYEHUX NIOX00I8 | MEXHONO02IYHUX piuleHb OJist 600CKOHANIEHHS IHOpMayitino2o
3abe3neuents ynpasgninta pecypcamu MeOUdHUX 3aKaadié ma iHWuX YYacHUKi6 eKocucmemu OXOPOHU 300pP08 si.
Pezynomamu moorcymo 6ymu suxopucmai ons gpopmysanus Al-driven ingpopmayivinux cucmem, cnpamo8anux Ha
NPOCHO3Y8AHHS PECYPCHUX NOMPed, ONMUMI3AYII0 PO3NOOLTY pecypcis, NiOSUWeHHs ONEPAMUBHOCTNT YRPABTITHCHKUX
piuenv ma 3abe3neuens OiIbUWOL A0ANMUBHOCME CUCTEMU OXOPOHU 300P08 5L 00 3MiH | HeGU3HAYEHOCHIL.

Knruosi cnosa: wmyunuil inmenexm, iHQoOpMayitiHi cucmemu Ha OCHOBL WIMYYHO20 IHMELEeKMY, eKOCUCmemda
OXOPOHU 300P08 51, YNPAGTIHHA pecypcamul; He8UIHAUEHICMb, NPEOUKMUBHA AHANIMUKA, NIOMPUMKA RPUUHANMS
piuiens.
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