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Abstract. Today, the volume of data generated by insurance market participants is growing exponentially, and
traditional Accounting Information Systems (AlS) cannot always provide analytical support in real time. Presenting
a systematic analysis of the structure and functioning of information and analytical ecosystems of insurance business
stakeholders (IBS) that integrate AlS, Big Data, and Al technologies, the article provides answers to three questions:
Which key IBS generate and consume information flows within modern AlS, and how can these flows be classified by
type and frequency of occurrence? How does integrating Big Data and Al technologies alter the structure, processing,
and utilisation of information flows for financial accounting and managerial control of IBS? What synergistic effects
does the combination of Big Data, Al, and AlSin IBS provide regarding financial data accuracy, process transparency,
and the speed of managerial decision-making? The methodological basis of the study is a set of complementary
methods, in particular, systematic analysis, a classification-typological approach, and structural-functional modelling.
These methods allowed the identification of the main and auxiliary IBS the classification of information flows
according to their structure, frequency of receipt, and data sensitivity, and the construction of generalised schemes
illustrating their interaction with AlS, Big Data, and Al. The researchersidentified the main and auxiliary entities of the
insurance business and classified information flows by structuring, frequency of receipt, and data sensitivity. The study
results show that integrating Big Data and Al into AIS ensures accounting automation, accelerates management
decision-making, and improves the accuracy of financial data and the transparency of management processes.
The article develops models of multilevel interactions between technological components and IBS, demonstrating the
synergistic effects of integrating advanced technologies. Insurance business stakeholders can use the results of this
study to optimise the digital transformation of their AIS enhance risk management efficiency, and support the
devel opment of personalised insurance products.
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ByxrantepcbKuit 061iK

Big Data Ta mity4yHuii iHTesieKT B 00J1iK0BO-iHGopManiiiHunx cucreMax cyd €KTiB
CTPaxoBOro OizHecy

Mapuna I[eM’ﬁHtlylcl, Oxcana CaBacreesa’, Ounexkcanap I{ypyql
Y Ooecwruii nayionansnuii ynisepcumem imeni I.I. Meunurosa, m. Odeca, Vrpaina

Anomayin. Cbo200ui 00cie O0anux, Wo 2eHePyEMbCA VUACHUKAMU CMPAX08020 PUHKY, 3DOCMAE eKCHOHEHYIHO,
a mpaouyiini 06nixogo-ingopmayiini cucmemu (OIC) He 3a6dcou 30amui 3a6e3neuumu aHATIMUYHY NIOMPUMKY 8
pedicumi peanvrozo uacy. Ilpedcmasnsiiouu cucmemMamuyHuti aHaniz cmpyKkmypu ma QyHKyionyeanHs inghopmayiino-
AHATIMUYHUX eKOCUCeM CMpaxoeux Komnanii, sxi inmeepyiomo OIC, mexnonoeii Big Data ma IIlI, cmamms naoae
8i0n06i0i Ha mpu 3anumanHa. K Ki0Y08i cmpaxosi KOMNAHii 2eHepyIomsb ma CHOHCUBAIOMb THPOPMAYIIHI NOMOKU 8
cyuacHux 001iKo8o-iHopmayiunux cucmemax, i AK Yi NOMOKU MONCHA KIACUPIKY8amu 3a MUNOM ma 4acmomoro
sunukHenna? Ak inmeepayis mexnonociu Big Data ma Il 3minoe cmpykmypy, 06poOKy ma 6uKopucmawms
iHhopmayitinux nomokie 01 (PIiHAHCO8020 O00NIKY mMa YAPAGIIHCLK020 Konmponio? Aki cunepeemuuni egexmu
3abesneuye noeonanns Big Data, 111l ma o6nikoso-inghopmayiiinux cucmem y cmpaxoux KOMAAHIAX WoO00 MOYHOCHI
Qinancosux Oamux, nNPo3opocmi nNpoyecié ma WEUOKOCMI NPUUHAMMS YAPAGNIHCbKUX piuteHb? Memooonoeiunoio
OCHOB0I0 OO0CHIONCEHHS € KOMNIEKC B3AEMOOONOGHIOIOUUX MEMOOi8, 30KpeMd CUCIEeMHUN anani3, Kiacugikayiino-
MUNONO2IYHULL NIOXI0 Mma CMpPYKMYpHO-QYHKYIOHATbHE MOOent08anHs. Lli memoou 003801umu UHAYUMU KIHOYOBUX
cy0’ ekmig cmpaxoeozo OizHecy, cmMpyKmypy i munu HQOPMAyiiHUX ROMOKI6, d MaxKoxc nobyoysamu y3aedibHeHi
cxemu ix 3aemo0ii i3 OIC, Big Data ma L. /Jocrionuxu usHauuau 20N06HUX | OONOMINCHUX CYO' EKMIE CMpaxo6020
biznecy ma knacugikysanu iHgpopmayitini NOMOKU 3a CIMPYKMYPOBAHICIIO, YACTOMOK HAOXOOJICEHHs Ma YYmAUGICIIO
Ooanux. Pesynomamu docrioscenns ceiowams, wo inmezpayis Big Data ma I y OIC 3ab6esneuye asmomamusayiro
Oyxeanmepcvko2o 00IKY, NPUCKOPEHHSA VNPAGIIHCLKUX pilleHb, NIO8UWeHHA MOYHOCMI (QIiHAHCO8UX OaHux ma
nposopocmi  npoyecie. 'V cmammi po3pobreno mooleni OazamopieHesux 83a€MOOill  MIdHC MEXHOA0IYHUMU
KOMNOHEHMAMU ma KOPUCMY8a4amu, sAKi OeMOHCMPYIOMb CUHepeemuuni egexmu 6i0 inmezpayii nepedosux
mexHonozit. Ompumani pe3yiomamu MoxCymv O6ymu euxopucmawi 0isi onmumizayii yugposoi mpancgopmayii
cy0’ ekmig cmpaxoeoeo 6izHecy, Ni0GULeHHs eheKMUBHOCMI YNPABIIHHI PUSUKAMU MA POPMYBAHHSA NEPCOHANIZ08AHUX
CmMpaxosux npooyKmis.

Knrouosi cnosa: Big Data, wmyunuii inmenexm, obrikogo-ingpopmayiiini cucmemu, cy6' ekmu cmpaxoeozo 0Oiznecy,
iHGhopmayitiHo-ananimuyri exocucmemu, YapasiiHCoKi piulents, yugposa mpancgopmayis.

1. INTRODUCTION

The contemporary insurance industry operates within
a highly dynamic and intensely competitive environment,
wherein the accuracy, speed, and transparency of
information processing exert a direct influence on the
effectiveness of risk management and the formulation of
strategic decisions (Rao & Soofastaei, 2025; Wilkinson et
al., 2023). In the era of digitalisation, the volume of data
generated by insurance market participants is expanding
exponentially through telematics systems, mobile
applications, loT sensors, and socia media, thereby
creating vast flows of both structured and unstructured
data (Almanasra, 2024; Kuppan et a., 2024).

Conventional accounting and management systems
frequently lack the capacity to effectively integrate
these heterogeneous data streams and to deliver
analytical support in real time. Consequently, insurers’
capabilities in forecasting risks, optimising insurance
products, and automating financial and managerial
reporting remain significantly constrained (Gupta et
al., 2022; Tendulkar, 2025).

Extant academic literature underscores that the
synergy between Big Data and artificial intelligence (Al)
technologies holds the potentia to profoundly transform
financial and manageriad accounting practices in
insurance companies, to enhance the efficiency of risk

assessment, and to facilitate the personalisation of
insurance products (Alsulami, 2025; Gebesoglu, 2022;
Leidman, 2025). Nevertheless, the corpus of systematic
research remains limited, particularly in terms of studies
that provide a detailed examination of information flows
across all stakeholders of the insurance ecosystem, or that
rigorously evaluate the effectiveness of Big Data and Al
integration within specific local and regulatory contexts
(Alrfai et a., 2024; Guerrero et a., 2025; Singh, 2022).
Accordingly, the core research problem resides in
the insufficient understanding of the structure and
functioning of insurance business stakeholders
information and analytical ecosystems (IBS) that
integrate accounting information systems (AIlS),
Big Data, and Al. Equally critical is the uncertainty
surrounding the extent to which such integration
affects the accuracy of financial accounting, the
transparency of internal processes, and the velocity of
managerial decision-making. Addressing this issue is
both timely and essential for optimising the digital
transformation of IBS, thereby improving its
operational  efficiency and strengthening its
competitive position within the marketplace.
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2. THEORETICAL
RESEARCH QUESTIONS
2.1. Technological I ntegration of Big Data and Al

Recent research demonstrates the growing attention of
scholars and practitioners to integrating Big Data and
Artificial Intelligence (Al) technologies into insurance
companies’ Accounting Information Systems (AIS).
A significant body of literature is devoted to a
comprehensive review of the opportunities and
challenges associated with the synergy between Big Data
and Al in financial accounting and management
processes (Alsulami, 2025; Faccia & Petratos, 2024,
lonescu, 2019).

Particular emphasis is placed on the impact of these
technologies on the transformation of traditiona accounting
procedures, the development of new auditing models, and
the enhancement of transparency in financial reporting.

Considerable attention has been devoted to
methodological aspects in recent scholarship, particularly
bibliometric and meta-anal ytical approaches.
For example, studies (Bisht et al., 2024; Mall et al., 2023)
have systematised publications from the last two decades,
identifying key trends in the use of Big Data within the
insurance domain, while (Ladeira et a., 2024) offers a
meta-analysis of Al integration in service industries,
including insurance.

Such studies not only demonstrate the evolution of
academic perspectives but aso assist in identifying
existing gaps that require further in-depth investigation.

BACKGROUND AND

2.2. Applications and Impacts in the Insurance
Sector

The literature also identifies a number of studies
directly related to the insurance business. Research works
(Gebesoglu, 2022; Leidman, 2025; Rao & Soofastael,
2025; Wilkinson et al., 2023) highlight that the adoption
of Al and Big Data analytics substantially transforms
processes of risk assessment, actuarial calculations, and
customer experience management.

Further contributions (Gupta et a., 2022; Holland
& John, 2023; Saha et a., 2023) demonstrate the
practical aspects of applying machine learning algorithms
for loss prediction, tariff optimisation, and implementing
behavioural insurance models.

The organisational and strategic dimensions of
implementing advanced technologies have also been
actively developed. Works (Guerrero et a., 2025; Gupta
& Kashif, 2025; Zaijuan et d., 2025) explore the factors
influencing the digital transformation of insurance
companies, ranging from organisational readiness and
regulatory environments to strategic management and
corporate consulting.

In addition, studies (Alrfai et al., 2024; Singh, 2022)
underscore the importance of Big Data's anaytical
capabilities for building risk management systems and
strengthening business resilience.

2.3. Emerging Trends and Challenges

Among other emerging directions, scholars
increasingly emphasise the personalisation of insurance
products (Veerasankararao et al., 2025; Yum et a., 2022),

the digitalisation of marketing and customer experience
(Kuppan et a., 2024, Ramachandaran et al., 2025), as
well as the integration of Al into claims inspection and
damage assessment processes (Tendulkar, 2025).

At the same time, some studies focus on legal and
regulatory challenges arising from adopting innovative
technologies within the insurance business (Wilkinson et
a.,, 2023). These contributions highlight the
interdisciplinary nature of the field: the integration of
Big Data and Al is considered not only a technological
tool but aso a driver of strategic, manageria, and
accounting transformation.

Nevertheless, despite the growing number of
publications, there remains a need for more detailed
examination of the specific impacts of these technologies
on financial and manageria accounting of Insurance
Business Stakeholders (IBS), particularly in the context
of local markets and regulatory constraints.

2.4. Resear ch Questions

This article provides a systematic anaysis of the
structure and functioning of IBS's information and
analytical ecosystems, which integrate AIS, Big Data,
and Al. It focuses particularly on assessing the
effectiveness of such integrations for financial accounting
and manageria decision-making.

To guide the research process, the following three
research questions have been formulated:

(RQ1) Which key IBS generate and consume
information flows within modern AlS, and how can these
flows be classified by type and frequency of occurrence?

(RQ2) How does integrating Big Data and Al
technologies adter the structure, processing, and
utilisation of information flows for financial accounting
and manageria control of IBS?

(RQ3) What synergistic effects does the combination
of Big Data, Al, and AIS in IBS provide regarding
financial data accuracy, process transparency, and the
speed of managerial decision-making?

3. RESEARCH METHOD

The methodological basis of the study comprises a set
of complementary methods that ensure a comprehensive
and systematic analysis. In particular, the method of
systems analysis (Fisher, 2010; Goldkuhl & R&stlinger,
2003; Vargao et a., 2022) was employed, allowing the
Insurance Business Stakeholders (IBS) to be considered
as complex socio-economic systems with numerous
information flows. This enabled the identification of key
IBS, the determination of their interrelationships, and the
integration links between core Accounting Information
Systems (AlS), Al technologies, and Big Data anaytics.

A classification and typologica method (Doty
& Glick, 1994; Yin et a., 2025) was also applied, which
allowed the IBS to be categorised into primary and
auxiliary stakeholders, and information resources to be
divided into structured and unstructured data.
Thisapproach ensured clarity in the construction of
information models and facilitated the specification of
how each type of datais used in accounting, auditing, and
risk management processes.
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Furthermore, a structura-functional modelling
method (Hanan & Shoval, 1986; Vajak & Bojcetic,
2023) was utilised, providing the opportunity to represent
information flows as consolidated schemes and tables.
This enabled the visualisation of interactions between the
elements of the information-analytical ecosystem, as well
as the identification of their functions and roles in
ensuring the transparency and efficiency of IBS
accounting processes.

Applying this set of methods made it possible to
develop a coherent methodological framework for
analysing and modelling IBS information flows, justify
the effectiveness of integrating advanced technologies
into accounting and management processes, and reveal
the synergistic effects resulting from their utilisation.

4, RESULTSAND DISCUSSION

41. Insurance Business Stakeholders and
Information Flows

IBS include al participants in the insurance market
who are directly or indirectly involved in insurance
processes (contracting, forming insurance funds, making
payments, supervision, and brokerage). IBS generate
information flows during their interaction with AlS. AIS
are software and hardware complexes that ensure data
collection, storage, processing, and analytics for
accounting, management, and operationa purposes in a
company (Alsulami, 2025; Faccia & Petratos, 2024).

Information flows not only meet management and
operational needs but also form the basis for accounting,
financial reporting, and automated compliance control
(Guerrero et a., 2025; lonescu, 2019). Therefore, the
efficiency of AIS directly affects the accuracy of

4.2. Key and Auxiliary Stakeholders in the
Insurance Business

For the insurance business, stakeholders perform key
functions such as managing contracts and policies,
accounting for insurance reserves, premiums, and
payments, integrating with CRM, banking, and payment
systems, and reporting to regulators. In this study,
stakeholders are classified as primary and auxiliary.

Primary IBS, which generate the largest information
flows and actively interact with AIS, include insurance
companies, policyholders (individuals and legal entities),
and insurance intermediaries (agents and brokers). These
entities are active system users for service ddlivery,
information exchange, and data submission for processing
(Gupta et d., 2022; Rao & Soofastael, 2025; Wilkinson et
a., 2023). Data received from primary IBS serve as the
direct source for accounting insurance reserves, premiums,
payments, and interna financia operations, ensuring both
accuracy and timely reporting for regulators and
management (Alrfa et a., 2024; Singh, 2022).

Auxiliary IBS indirectly participate in insurance
processes or provide additional data, including reinsurers,
insured individuals, professional insurance associations,
mutual insurance societies (MIS), regulatory and
supervisory authorities, as well as professional risk and
claims assessors (underwriters, surveyors, loss adjusters,
dispatchers) (Holland & John, 2023; Sahai et al., 2023).

4.3. Structured and Unstructured Data Flows

All IBS generate information flows that include
structured data (SD) and unstructured raw data (UD).
Insurance companies are AIS's primary users,
administrators, and owners, generating data flows on

financial information and the transparency of interna policies, insurance reserves, payments, financial
company processes. operations, and internal management information
(Gebesoglu, 2022; Gupta & Kashif, 2025).
Table 1. Information Flows Between Primary IBSand AIS
Flow | Data type: data content | Frequency | Sensitivity
Insurance companies
SD: policies, reserves, payments, financial transactions, : .
interna management data Daily / redl-time H
IBS—AIS UD: phone call recordings, scanned contracts, photos of
P . gs P As needed M /H
insured objects
AIS— IBS SD: financial  and analyycal reports, forecasts, risk Daily, weekly, quarterly H
management recommendations
Palicyholders (individuals & legal entities)
SD: insurance applications, risk info, persona and| When signing/ updating H
IBS— AIS financial info, loss data policies, insurance events
UD: photo/video evidence of losses Upon insurance event H
AIS s IBS SD: policy status notifications, payments, individualized| On demand, automated H
analytics alerts
Insurance intermediaries
IBS — AIS |SD: sales, marketing, client info, client applications Daily / red-time M/H
AIS_ IBS SD: commission caIcuIanlons, portfolio  analytics, Monthly / on demand M
proposal recommendations

Source: systematised by the authors based on (Almanasra, 2024; Faccia & Petratos, 2024; Guerrero et al., 2025;
Gupta et al., 2022; Holland & John, 2023; Leidman, 2025; Veerasankararao et al., 2025; Wilkinson et al., 2023).
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Table 1 summarizes the main data interactions
between primary IBS and AlS, considering frequency and
sensitivity of data (High (H) (financial, personal, and
behavioura data), Medium (M), Low (L)).

Anaysis of the presented data indicates that
insurance companies play a key role in generating and
processing information flows. Their AIS not only
accumulate these data but also transform them into
analytical reports, forecasts, and risk management
recommendations, improving operational efficiency and
financial control. Integration of these flows into AIS
allows automation of financial transaction accounting,
compliance control, and generation of accurate
management and financial reports, enhancing internal
audit and regulatory compliance.

4.4, Auxiliary Stakeholders and Their Information
Flows

Policyholders and insurance intermediaries act as
active information providers and analytics users, ensuring
two-way communication and prompt responses to risk
and client needs (Ramachandaran et al., 2025;
Veerasankararao et al., 2025, Yum et d., 2022).
Comparison of data from various sources shows that this
interaction determines the effectiveness of automated
processes and management decisions (Bisht et al., 2024,
Mall et al., 2023).

Auxiliary IBS indirectly participate in insurance
processes or provide additional data for analytics and
regulatory control. Table 2 illustrates the information
flows between auxiliary IBS and AlS.

Table 2. Information Flows Between Auxiliary IBSand Al S

Flow | Data type: data content | Frequency | Sensitivity
Insured persons

IBS— A|S uUD: insurance events, claim documents, photo/video Upon event H
evidence

AIS — IBS |SD: claim processing status, expert assessment results During claim settlement H

Reinsurers
IBS—AIS |0 e contracts, aggregated risk data oy / quarterly M /H
AIS— IBS |SD: risk calculations, financial reports Quarterly / on demand M
Insurance associations, MIS

IBS— A|S SD: sfja;tgardlzed reports, consolidated accounting Quarterly / annually M

AlIS— IBS SD: analytical & statistica data,  market Quarterly / annually L/M
recommendations

Regulatory authorities
IBS — AIS |SD: regulations, reporting standards Upon legislation updates M
AIS — IBS |SD: supervisory & financia reports, risk analytics Quarterly / annually H
Professional risk assessors

IBS o AIS SD: risk evgl uation, insured object data, expert During policy issuance M/H
conclusions

AlS— IBS SD: pézr; um recommendations, risk models, forecast On demand M

Professional claims assessors

IBS— AIS SD: claims  assessment, compensation  reports, Upon insurance event H
documents/photos

AIS — IBS |SD: payment decisions, settlement instructions During claim settlement H

Source: systematised by the authors based on (Faccia & Petratos, 2024; Gupta & Kashif, 2025; Leidman, 2025; Sahai

et al., 2023; Wilkinson et al., 2023).

Data from auxiliary IBS allow insurance companies to
maintain consolidated accounting of risks and payments,
prepare regulatory reports, and optimize financial
planning, emphasizing each stakeholder’s role to ensure
the completeness and accuracy of accounting data and
analytics.

4.5. Integration of Big Data and Al in AIS

Big Dataand Al synergy creates an additional layer of
information interactions in modern insurance AIS
(Table 3). Data flows extend beyond IBS communication
to multidimensional channels between technological

components — Big Data storage, Al analytics modules,
and core AIS. Large volumes of unstructured data from
loT sensors, telematics, transaction platforms, and social
media are streamed in rea time to deep learning
algorithms for risk modelling, pricing, and fraud
detection (Almanasra, 2024; Kuppan et d., 2024;
Tendulkar, 2025).

Processed outputs (forecasts, scores, and aerts) are
integrated into AIS and returned to insurance companies
as actionable recommendations for decision-making and
risk management (Guerrero et a., 2025; Leidman, 2025).
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Flow Data type: data content | Frequency | Sensitivity
Big Data
BD — Al UD: large datasets for model training and operation (10T, telematics,| Streaming / H
social media, transactions, anonymized IBS data) real-time
UD: refined datasets, self-anaysis results, detected patterns,| Periodic/
Al — BD annotations, features for model retraining upon new H
patterns
Artificial intelligence
SD: andytica results (in the form of tables, numerica indicators, KPIs); Real-time/
scoring (numerical  risk/creditworthiness assessments); forecasts scheduled H
Al — AIS (structured predictive model s with parameters, charts, reports)
UD: derts (textual or visual messages that may lack a formalized| Real-time/ H
structure) scheduled
SD: automated decisions (formalized as rules/algorithms); forecasts Real-time H
(numerical and statistically formalized)
UD: personalized recommendations (text-based, individual advice,
Al — IBS often lacking strict structure); prediction of insurance events
(descriptive scenarios with unstructured parameters); integration| Real-time H
with AI-CRM (customer profiles, behavioral patterns, which are
often semi-structured or unstructured)
Individual divisions of the insurance company
SD: insurance risk forecasting (numeric models, probability tables,
BD/A| - Risk risk. maps); underwriting (forma_lized risk evaluation' rules, Realjtinje/ H
Management scoring tables); actuarial calculations (formulas, coefficients,| periodic
Dept statistical models)
UD: scenario  modelling  (descriptive  scenarios, quadlitative| On demand / M/H
assumptions, stress-test narratives) periodic
SD: dynamic pricing (formulas, pricing algorithms, tariff adjustment| Real-time/ M
tables) frequent
Al-CRM —  |UD: personalized offers (textua/visual content, individualized
Marketing / Sales campaign materials); customer behaviour assessment|Real-time/ on M/ H
(behavioural patterns, clickstream data, socia media activity,| demand
often semi/unstructured)
AlSand cyber risk dept
Ag;ggp?er UD: detected threats, incidents, event logs Sﬁ;;amlr?]g/ H
CybeLR'lAslkSDept UD: updated cyber insurance policies, response recommendations S:rezla_rglr?g/ H
AlIS—
Regulatory & |SD: automated reporting, compliance, blockchain transactions Scheduled / H
. . on demand
Audit Bodies

Source: systematised by the authors based on (Alsulami, 2025; Alrfai et al., 2024; Bisht et al., 2024; Gebesoglu, 2022;
lonescu, 2019; Kumar et al., 2025; Kuppan et al., 2024; Ladeira et al., 2024; Mall et al., 2023; Ramachandaran et al.,
2025; Rao & Soofastael, 2025; Singh, 2022; Tendulkar, 2025; Zaijuan et al., 2025; Zubaidah et al., 2024).

These interactions form a closed data loop, where Big
Data acts as a “supplier” of large flows, Al serves as the
“analytical core,” and AlS functions as the infrastructure
for storing, displaying, and utilizing results. This
architecture enables continuous updates of risk models
and personalized insurance products, increases decision-
making speed and forecast accuracy, while imposing
higher requirements for data protection, regulatory
compliance, and transparency of agorithmic decisions
(Rao & Soofastael, 2025; Wilkinson et al., 2023).

Integrating Al with AIS alows automated generation
of financial and management reports, real-time
adjustment of insurance reserves, and fast formation of

regulatory reporting (Alsulami, 2025; Faccia & Petratos,
2024), which is critica for standards compliance and
internal audit.

46. Insurance Market
Ecosystem

Figure 1 illustrates the insurance market information-
analytical ecosystem formed by integrating primary 1BS,
AIS, Big Data systems, and Al modules. Integration of
data and analytics into a unified ecosystem ensures a
continuous cycle of collection, processing, and utilization
of information, improves forecast accuracy, decision-
making speed, and risk management efficiency.

Information-Analytical
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Insurance Business Stakeholders

Insuran?'e ‘ Policyholdcrs ) . Insur e ' llnsured persons Reinsurers
L COMPAMES o —— intermediaries A we——
" Professional claims { Profcssional risk ’ Jat . [ Insurance
assessors asSESSOrs ‘ L L ory authorities > L associations, MIS
\'\ a flow of raw unstructured data
Jow of struc hy N\ (sensors, video, social media, IoT,
aflow of structured data \ telematics, transactional data)
(policies, claims, reporting) N\

and unstructured data
(photo/video evidernce of
losses, scanned copies of
contracts, telephone call
recordings)

Sorecasts, scoring, automated
decisions, recommendations

a partially aggregated and
cleansed daraset required for
accounting and analveics

\.\\ - - -
large datasets for model trainin ‘g,\
refined datasets, self-analvsis
results, and identified patterns

Jor underwriting, marketing,
and offer personalisation

structured historical data, regulatory
statistics, analytical results, scoring
outputs, alerts, forecasts

J

Figure 1. Insurance Market | nformation-Analytical Ecosystem Based on Integration of AlS, Big Data, and Al

Source: compiled by authors.

All IBS interact through a multi-level system of
information flows, where each component plays a
specificrole:

— Insurance companies accumulate data and generate
analytical reports for management decisions and
interaction with regulators,

— Policyholders and intermediaries provide two-way
communication and data for operational ana ytics;

—Auxiliary IBS supply additional data for risk
assessment, insurance events, and regulatory control;

—Big Data serves as a repository of large data flows
and a source of analytical material for Al;

—Al transforms data into forecasts, scores, and
recommendations, which are integrated into AIS and
delivered to users for real-time decision-making.

This architecture optimizes insurance processes,
enhances risk modelling accuracy, accel erates response to
insurance events, and improves product personalization
for clients. Al modules aso streamline accounting
processes, generating precise financial  reports,
automatically calculating insurance reserves, ensuring
transaction compliance, and facilitating faster annual and
quarterly reporting.

5. CONCLUSION

Information-analytical ecosystems of IBS that integrate
AlS, Big Daa, and Al represent a significant and
continuoudly evolving area of research within the context of
the insurance sector's digital transformation. They are
critical for enhancing accounting accuracy, management
process transparency, and decison-making speed. This
study provides a comprehensve overview of such
integrations  structure, functioning, and effectiveness,
addressing three principa research questions.

The study identified the key IBS (RQL) that generate
and consume information flows in modern AlS. Primary
IBS include insurance companies, policyholders, and
insurance intermediaries, which actively interact with the
systems for accounting, analytics, and management
decision-making. Auxiliary stakeholders, including
reinsurers, professional assessors, regulatory authorities,
and insurance associations, provide additiona data for
analytics, regulatory compliance, and risk assessment.
Information flows were categorised by structured and
unstructured data, arrival frequency, and sensitivity,
allowing a comprehensive evaluation of their role in
ensuring accounting accuracy and the efficiency of
management processes.

Integrating Big Data and Al technologies has atered
information flow structure, processing, and utilisation
(RQ2). Deep learning agorithms process large datasets
from loT sensors, telematics systems, social media, and
transactional platforms for risk prediction, pricing,
personalisation of insurance products, and fraud
detection. Al-generated analytical results are integrated
into AIS and delivered to users in real time, ensuring
prompt management decisions and automated accounting
Processes.

The combination of Big Data, Al, and AlS produces
synergistic effects (RQ3), enhancing the accuracy of
financial and manageria reporting, ensuring process
transparency, accelerating strategic and operational
decision-making, and supporting the personaisation of
insurance products and optimizing reinsurance
agreements. Al integration enables the automatic
generation of financial and management reports, real-time
adjustment of insurance reserves, and compliance with
regulatory standards.
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Overdl, the study demonstrates that integrating AlS,
Big Data, and Al is a key factor in the digital
transformation of IBS, optimizing insurance processes
and improving forecasting and management decisions.
Simultaneously, it emphasises the need for further
investigation into local regulatory specifics, new data
processing technologies integration, and the devel opment

The novelty of the article lies in the detailed mapping of
infformation flows between primary and auxiliary
insurance business stakeholders and technological
components (AlS, Big Data, Al), which alows for the
assessment of the impact of integrated technologies on
financial data accuracy, process transparency, and the
speed of managerial decision-making.

of Al models for predicting complex insurance risks.
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