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KpaBuenko Mapuna OuieriBua, IloasikoB €Breniii OJiekciioBuya
HarmionansHuii TeXHIYHUHN yHIBEpCUTET Y KpaiHU
«KuiBChKUH TOMITEXHIYHUHN IHCTUTY T

A SYSTEM-ORIENTED VIEW ON THE USE OF ARTIFICIAL
INTELLIGENCE IN ENTERPRISE BUSINESS FUNCTIONS
AND ITS IMPACT ON ECONOMIC EFFICIENCY

CUCTEMHMMH OIAXIJ 1O BUKOPUCTAHHS IITYYHOI'O
IHTEJIEKTY B BIBHEC-OYHKUIAX IIAITPUEMCTBA TA
OLIHKA NOTI'O BIIVIMBY HA EKOHOMIYHY E®OEKTUBHICTD

Summary. The purpose of the article is to systematize the use of artificial intelligence technologies in enterprise
business functions and to assess their impact on economic efficiency. The authors classify Al technologies by
functional complexity and develop a matrix linking technology types with ten key enterprise functions, expected
benefits, and implementation complexity. The scientific novelty lies in the structured integration of technology
types, functional areas, and efficiency effects within a unified framework. The results show that the impact of
artificial intelligence differs across functions and is expressed in different forms, including cost reduction, production
productivity growth, and improved decision-making quality. The findings have practical relevance for enterprises
planning future artificial intelligence adoption in terms of technology use per function.

Keywords: artificial intelligence, business functions, digital integration, efficiency, technology type.

AHoTauisgs. MeTor CTaTTi € cucTeMaTh3allisi BUKOPUCTAHHS TEXHOJOTIH IITYYHOTO 1HTEJIEKTY B OCHOBHHUX
0i3Hec-(pyHKIISIX MiANPHEMCTBA Ta OI[iHKA iX BIUIMBY HAa €KOHOMIUHY e(eKTHBHiCTh. Y poOOTi 3mifiCHEHO Kia-
cudikalito cydyacHUX TEXHOJOTIH IITYYHOTO iHTENEKTY 3a piBHEM (YHKIIOHAJIBHOI CKIaJHOCTI Ta PO3pOOJIEHO
CTPYKTYPOBAHY MATPHIIIO BiJIIOBIIHOCTI Mi>K THIIAMH TEXHOIIOTIH, cepamu iX 3aCTOCYBAHHS y JECITH KITHOYOBUX
(YHKIIIOHATBHUX HANpsMax IiIIpUEMCTBA, OUiKyBaHUMH e(eKTaMH Ta CKJIAIHICTIO BIIPOBADKCHHS ABTOPCHKUHN
BHECOK IOJIArae y (pOpMyBaHHI CHCTEMHOTO IiIXOAY 0 aHalli3y BUKOPHCTAHHS IITYYHOTO iHTEIEKTY B €KOHOMIU-
HUX Mpolecax MiIPUEMCTBA, 110 JO3BOJISE MOETHATH KIACH(IKAIIO TEXHOJIOTIH i3 (yHKI[IOHATBHOK CTPYKTY-
pO¥O opraHizallii Ta pe3yJbTaramMu ii JisuIbHOCTI. HaykoBa HOBU3HA JOCIIIXKSHHS MOJIATAE Y TIOEAHAHH] TUTIONOT 1
CY4acCHHMX TEXHOJIOTIH IITyYHOTO 1HTENCKTY 3 OLIHKOIO iX NPAKTUYHOTO 3HAYCHHS AN Pi3HUX (DYHKI[IOHAIBHUX
HanpsIMiB MiJIPUEMCTBA Y MEXax €IMHOI aHAJIITUYHOI MOJENI, 1[0 BPAaXOBYe OUiKyBaHI €KOHOMIiuHi edekTu, a
TaKOXK PIiBEHb CKIATHOCTI BIPOBAJKEHHs. Y Pe3ylbTaTi JOCTIHKEHHS BCTAHOBICHO, IO BIUIMB IITyYHOTO iHTE-
JIEKTY Ha €KOHOMIUHY e(eKTHBHICTh Mae MudepeHIliioBaHUil XapaKkTep 3aJe)KHO BiJl (YHKIIIOHAILHOTO HAIPSIMY.
B aaMiHiCTpaTHBHUX MpoIiecax Ta HAMPsMIB, IO CTOCYIOTHCS B3aEMOJIIT 13 KJIIEHTOM a00 HaJaHHS CEpBICY, OCHOBHI
e(heKTH OB’ sA3aHi 31 3HIKEHHSIM BUTPAT 1 MMiIBUIICHHSAM MPOAYKTUBHOCTI, TOJI K Y MapKETHHTY, JTOCIiIKEHHIX
Ta BUPOOHUIITBI, BUKOPHCTAHHS IITYYHOTO 1HTEJIEKTY CHPHSIE MiIBUIIECHHIO TOYHOCTI IPOTHO3YBAHHS, ONITHMIi3aIlil
MIPOIIECIB, CKOPOUEHHIO Yacy pO3pOOKH MPOMAYKIi Ta MOKpAIIEHHIO SKOCTI YIPaBIiHCHKUX pimieHb. CKIagHICTh
BIIPOBAJPKEHHS TEXHOJIOT1H IITYYHOTO 1HTEJNEKTY TAKOX BiIPi3HAETHCSA 3aJI€KHO BiJl PYHKI[IOHATIBHOTO HAIPSAMY.
HaiimMeHma ckimafHICTh XapakTepHa Ul aAMIHICTPAaTHBHUX MPOIECIB Ta MAPKETHHTY, /16 MOXJIMBE BHKOPHCTAH-
Hs TOTOBHX pillIcHb 0e3 i1CTOTHOI MepeOynoBH BHYTPIIIHIX 1HGOpMAMiHHUX cHcTeM. HatoMicTh y BUPOOHUIITBI,
yoricTwi, (iHaHcax Ta KibepOesreli BIpoBaKeHHS MOTpeOye TIMOIIOT iHTerpariii 3 iCHyI040 1HPPaCTPyKTy-
poto. [IpakTryHe 3HaUEHHS Pe3yIBTATIB IOJIATAE Y MOKIIMBOCTI 3aCTOCYBAaHHS 3aIIPOIIOHOBAHOI CHCTEMATH3aMii [Is
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MPUHHATTS OOIPYHTOBAHUX PilIeHb 00 BIPOBA/HKEHHS TEXHOJIOTIH ITYYHOTO iHTENEKTY 3 ypaXyBaHHIM 3aB/IaHb
Ta GYHKIIOHATFHUX TOTPEO OKPEMHX JICTIapTAMEHTIB ITiAIPUEMCTBA.
KirouoBi cioBa: mTy4yHHit iHTENEKT, (yHKIIOHAJIBHI HANpsAMH IMiANPUEMCTBA, LU(POBAa iHTETparis,

e(heKTUBHICTh, BUAM TEXHOJIOTIH.

Problem statement. The recent surge of artificial
intelligence (Al) tools has significantly changed how
enterprises organize and manage their economic
processes. These technologies are increasingly
embedded across multiple departments, influencing
decision-making, operational efficiency, and value
creation. They are no longer limited to isolated pilot
projects. As a result, enterprises face the challenge
of understanding which Al technologies are relevant
for specific business functions, how they are applied
in practice, and what benefits they can realistically
generate.

Existing studies often focus on individual
technologies or isolated use cases despite extensive
discussions on Al adoption, without providing a
structured overview that links Al tool types to specific
departments and performance outcomes. This creates
a gap between the increased adoption of Al solutions
and the ability of enterprises to make informed
decisions regarding their implementation.

The purpose of this study is to classify and syste-
matize Al technologies used in enterprises, identify
their application across key business functions, and
analyze the benefits associated with their adoption. To
achieve this purpose, the paper applies analytical and
comparative research methods based on secondary
data sources, including corporate reports and industry
research publications. The result allows for a better
understanding of AI contribution to efficiency
improvements across different functional areas.

Analysis of recent research and publications.
Existing research has shown that Al turns into
one of the significant drivers of enterprise digital
transformation affecting both operational and
strategic activities. Al-driven models, Al-driven
models, in particular, machine learning (ML)
and deep learning (DL), illustrate better forecast
accuracy, scalability, and responsiveness in demand
forecasting and inventory optimization compared to
the traditional supply chain methods (Saha R. et al.,
2024) [1]. Multiple studies outline the role of Al and
ML in decision support enhancement. For example,
Al ML-based decision support systems enhance the
analytical capabilities and contribute to faster data-
driven managerial decisions including procurement
and sourcing decisions (Balkan D. & Akyuz G. A.,
2025) [2]. Other works focus on certain automation
technologies like robotic process automation that has
proven efficiency in automating routine marketing
processes, data entry, and report generation,
improving operational efficiency, and free resources
for more strategic tasks (Wilson G. et al., 2024) [3].

At the same time, research findings show
the practical value of Al adoption varies across

enterprise functions: for example, administrative
and service-oriented processes tend to benefit mainly
from efficiency gains and cost reductions, while
other functions related to research and development
(R&D), marketing, and production get more value
from innovation, personalized design of products, and
processes. Moreover, studies keep pointing to data
readiness as a critical element in Al implementation,
pointing out that technological will not lead to
measurable practical benefits if not aligned with
organizational preparedness (Wilson et al., 2024). [3].

However, the literature also reveals a lack of
framework that systematically links a specific
Al technology type with enterprise functions and
associated benefits across various departments.
Most studies have focused on either standalone
technologies or use cases that are not integrated into
a comparative model. This points to a research gap in
the systemization of diverse applications of Al tools
in understanding their relevance and benefits, along
with assessing the complexity of implementation in a
unified manner.

The aim of the article is to develop a system-
oriented view of the use of artificial intelligence in
enterprise business functions by identifying how
different Al technology types are applied across key
functional areas. The other goal is to compare the
nature of the benefits they generate and examine
how implementation complexity varies depending
on the operational context. On this basis, the article
will propose a structured analytical framework that
integrates all the aforementioned aspects into a
unified perspective, providing a comprehensive basis
for evaluating expected impact of Al integration in
business practice.

Methodology. The study employed a qualitative
analytical research design based on the analysis of
secondary data sources, including reports from major
technology companies, industry publications, and
studies conducted by international business schools
and professional organizations. The analysis was done
in several stages. First, relevant sources were selected
based on their focus on enterprise Al adoption.
Qualitative data regarding Al application areas was
extracted during the next step and systematized into a
matrix that maps Al technologies to ten key enterprise
business functions.

Methods of analysis included classification,
comparison, and synthesis. Al technologies were
grouped by type, and application areas were evaluated
in terms of implementation complexity and expected
benefits.  Additionally, documented enterprise
examples were used to illustrate practical outcomes
of Al adoption. The study focused on synthesizing
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existing empirical evidence to provide a structured
and comparative overview of Al usage in enterprise
economic processes and its impact on efficiency.

Summary ofthe mainresearchmaterial. Tobetter
understand the current state and future development
prospects of artificial intelligence technologies, it is
necessary to consider their classification according to
the level of functional complexity. This classification
will help systematize existing knowledge and identify
the areas of future research and development.

A modern classification of artificial intelligence
technology types is presented in Figure 1.

Artificial intelligence is commonly divided into
three general levels: Narrow Al, General Al, and

Super Al. Among these, Narrow Al represents the
current technological reality [4]. It is designed to
perform specific tasks within a limited context (one
or several tasks within a specified fields) and does not
have abstract reasoning capabilities. All modern basic
artificial intelligence systems belong to this category.

Two functional subtypes can be distinguished
within Narrow AIl. The first one includes reactive
machines, which operate exclusively on current
input data and don’t have any memory or learning
mechanisms. A good example of such technology
is the chess-playing system Deep Blue, which
calculates moves based on predefined algorithms.
In an economic context, this category includes basic
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Figure 1 — Modern classification of Al technology by functional levels

Source: [4-7]
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recommendation systems that do not take user history
into account. Also we can add elementary image
recognition systems into reactive machines category —
as they classify objects without constructing deeper
contextual understanding [4].

The second subtype comprises systems with
limited memory, which form the foundation of
modern artificial intelligence technologies. These
systems are capable of analyzing and storing past
data, experience, modeling dependencies, and
learning from historical information [4]. This group
can be visualized in a hierarchical structure. Machine
learning lies at the base. It prominently emerged in
the 1990s, enabling systems to identify patterns in
data without explicit programming. On the next level
we have deep learning, which gained significant
momentum in the 2010s and relies on multi-layer
neural networks to recognize complex patterns in
speech, images, and human behavior.

Several highly functional artificial intelligence
systems have been developed recently using the
approach of deep learning. Such systems are
increasingly being used by different kinds of
enterprises. Such systems include generative artificial
systems that have the capability to produce images
or text (for instance, GPT for texts and DALL-E for
images), Natural language processing (NLP) systems
that have the capability to analyze human language,
and computer vision systems. These systems, though
restricted by memory, have the partial potential for
autonomy.

Robotic Process Automation (RPA) represents a
similar but somewhat different direction. Although
robotic systems are also based on limited memory
Al, the main difference is their capability to interact
with the physical environment by moving, avoiding
obstacles, etc., and adapting their behavior real-
time [5].

General Al and Super Al currently remain in the
hypothetical domain. General Al is envisioned as a
future system capable of understanding intentions,
emotions, and beliefs of others, having the so called
“theory of mind.” [4]. Such systems would be able to
transfer knowledge across domains and learn without
fixed instructions. Self-aware Al is an even more
distant concept. In theory it would fully understand
its own existence and can potentially surpass human
intelligence. At present, these concepts remain
subjects of scientific debate rather than a real
technology within the closest dozens of years.

The process illustrated in Figure 2 includes five key
stages that demonstrate how an enterprise gradually
moves from establishing a technical foundation to
achieving measurable results.

The process begins with the formation of basic
conditions for digital interaction, when the enterprise
ensures technical readiness to work with digital
data. This includes establishing digital document

management, creating data structures, updating
software, and configuring integration between
information systems. The enterprise cannot proceed
to subsequent phases without this stage, since the
effective use of artificial intelligence requires access
to structured, up-to-date data available in digital
format [8].

Additional implementation of artificial intelligence
tools relates to the use of particular algorithms and
technology in tackling individual tasks. It starts
with preliminary testing, which, if successful, can
move towards automation of particular processes,
developing smart decision support systems, or
building new, simpler, work processes. At this stage,
the enterprise receives first benefits from automation.

As the use of artificial intelligence tools becomes
more prominent, the enterprise gradually changes
its internal organization of work, the structure of
departments, and approaches to planning. This stage
is also marked by changes in corporate culture, as
analytics, automation, and technological flexibility
become integral parts of everyday activity, while
employees adapt to new conditions. The need for
adaptation leads to a revision of internal regulations,
jobresponsibilities, motivation systems, and reporting
practices [11]. This stage is critically important for
avoiding internal resistance to change and achieving
organizational compatibility with new technologies. It
is important to note that on this stage in particular, the
enterprise can identify bottlenecks in Al technology
usage and make adjustments where necessary.

The result of these changes is a deeper trans-
formation of business processes. Tasks that were
previously performed manually become automated,
which significantly reduces execution and decision-
making time. Management becomes simpler due
to the use of data and systems that automatically
generate reports and recommendations. Duplication of
operations is eliminated, and functional units begin to
operate in a coordinated manner within a unified digital
environment (with interaction often taking place in
new formats). At the same time, the enterprise begins
to approach its products or services differently, with
new, more user-friendly service formats emerging,
based on automation and gathered data.

Practical results of all previous changes are
evaluated at the final stage. They can appear in the
form of cost reductions, increased speed of operations,
growth in workforce productivity, reduction of errors,
customer experience improvement of, and growth of
financial performance indicators, among others. Since
efficiency is one of the key indicators of enterprise
performance, this stage allows for substantiating
the relevance and depth of Al tools implementation
within the enterprise. The usage of modern artificial
intelligence tools in enterprise economic processes
is becoming increasingly systemic, covering various
departments and functions. The next section analyzes
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Figure 2 — Structure of the artificial intelligence implementation process in enterprise activity

Source: [8-11]

which technologies are commonly used by enterprises,
the purposes for which they are applied, and the
potential benefits that help clarify the relationship
between specific technologies and their impact on
efficiency.

Reports from major technology companies such
as SAP [12], Hewlett-Packard [13], IMD [14], and
Microsoft [15] were used for the analysis, as well
as publications from the well-known technology
outlet CIO [16]. Ten main areas of technology
implementation were identified, including customer
service, marketing and sales, analytics, human
resource management, logistics, finance, document
management, production, R&D and innovation, and
cybersecurity.

The results of the analysis are presented in
Tables 1 and 2.

The breadth of technology application across
different departments is explained by the tangible
advantages they already provide to enterprises. Each
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area of activity relies on a specific combination
of technologies rather than focusing on a single
type. Most of the technology types presented in
Figure 1.1 are used, including ML & DL; NLP; RPA;
computer vision; and generative artificial intelligence.
The most popular technologies available are machine
learning and deep learning, which have commonly
been employed as powerful analytics techniques
to build forecasting models, classification models,
anomaly detectors, and trend predictors. Generative
artificial intelligence stands at the top in areas where
human creativity is required, like marketing, R&D,
and innovation. In addition, it is used to reduce the
workload of personnel involved in customer-facing
activities.

Table 2 outlines the potential benefits and
implementation complexity of Al adoption across
enterprise functions.

From the perspective of implementation
complexity, application areas can be conditionally
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Table 1 — Al application by enterprise function and technology type

chain

Function Area of usage Technology (type, name/example)
Customer — Automation of customer interaction — ~ NLP— C.h atbots, virtual assistants, call processing
. . L — Generative Al — automatic creation of responses,
service request handling, communication
customer offers
— Personalized recommendations — Generative Al — creation of texts, images, creatives
Sales and — Analysis of customer behavior — NLP — review analysis for personalized offers and
marketing |- Creation of promotional materials and communication
communications — ML/DL — customer segmentation
— Business analytics — ML/DL — analytics of large data volumes, scenario
Analytics — Forecasting and evaluation of KPIs modeling
— Competitive environment analysis — NLP — market monitoring
— Automated recruitment and candidate
assessment
Human - thpduling iptervipw dates — ML/DL, NLP — CV screening algor.ithms.
— Initial basic interview — ML/DL — platforms for automated interviews and
resources . ;
— Onboarding of new employees tests; analytics platforms for results
— Workforce workload planning
-Employee performance evaluation
— Collection and analysis of large datasets to
predict demand — ML/DL — overall supply chain management,
Logistics — Optimization of delivery routes forecasting

— Identification of bottlenecks in the supply

— ML/DL - smart inventory management

management

Finance and . . .
— Financial flow forecasting

— Automatic invoice processing, payment

— RPA — invoice processing
— NLP — automated report generation

resources
— Fraud prevention

accounting | Detection of fraudulent transactions — ML/DL — default prediction, fraud detection,
— Management of credit and investment risks investment success prediction
- ggz(l)lr:lnagl}li f?grcnegslillllngan d sendin — NLP — extraction of key data from large document
Document . processing iding volumes
— Intelligent classification, sorting, and . . .
management & archivine of documents — RPA — automation of routine document processing
administration | Moni torign of administrative process — Computer vision — recognition and structuring of
execution in d reporting P images and scanned copies
— JoT — sensors collecting machine operating
. — Predictive maintenance of equipment parameters . .
Production | Analysis of final products — Computer vision — analysis of products at the line
¥y p output
— RPA —robots performing a specific production task
p gasp p
: gzgeggggc; fdr(::‘lfril deas: search for new |~ Generative Al — idea generation; creation of
R&D / ’ prototypes and designs
. formulas and products .
Innovations | Prototype creation — ML/DL — modeling of development results
B Expertiyrfl ent modeling — NLP — patent database analysis
— Real-time threat detection
Cybersecurity |~ Monitoring inbound traffic to digital — ML/DL - anomaly detection, transaction analysis

— RPA — intrusion detection

Source: [12—16]

divided into three levels: low, medium, and high. The
lowest level of complexity is typical for administrative
and marketing processes, as well as certain document
management activities, where artificial intelligence
can be rapidly integrated through ready-made
platforms (for example, chatbots or NLP-based
automated document processing systems). These
solutions do not require large-scale changes to the
internal IT infrastructure and can demonstrate quick

results. This is confirmed by successful examples
such as Chobani company, where the introduction
of artificial intelligence into document management
reduced the time spent on report preparation by 75 %,
as well as German public authorities that processed
more than 2.7 million documents in just three weeks
thanks to artificial intelligence [12].

Operational domains such as production,
logistics, and finance have greater complexity of
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Table 2 — Al Potential benefits and implementation complexity by function

Function Potential benefits for economic efficiency Implement.a tion
complexity
— Reduced workload (and/or costs) for the support department
Customer service |— Shorter response time Low
— Increased customer satisfaction
Sales and — Increased sales/conversions
. — Higher ROI of advertising campaigns Low
marketing . .
— Reduced content creation costs, more accurate targeting
— Improved grounding of strategic decisions
. — Faster decision-making
Analytics — Reduced time spent on analytics Low
— Proactive KPI management
— Reduced recruitment time
Human resources |— Lower risk of inefficient hires Medium
— Higher employee engagement and retention
— Reduced warehousing storage costs
Logistics — Reduced excess inventory Medium
— Faster logistics cycle
. — Improved accuracy of financial forecasting and budgeting
Finance and ;
accountin — Reduced manual labor costs Medium
g — Lower financial and investment risks
— Reduced administrative workload and staff time costs
Document . .
— Improved document processing accuracy Low/Medium
management .
— Fewer errors, faster internal document flow
— Reduced downtime
Production — Lower maintenance and repair costs High
— Increased equipment reliability
— Shorter product development time
R&D / . .
. — Increased number of successful ideas High
Innovations N
— Optimization of the research process
— Reduced response time to threats
Cybersecurity |— Detection of complex attacks High
— Increased enterprise-level cybersecurity protection

Source: [12—-16]

Al implementation, requiring more sophisticated
integration with ERP systems or forecasting
platforms. Even higher complexity is observed in
production and cybersecurity, where systems must
adapt to strict accuracy requirements and operate
under high risk, for example in fraud detection and
cyber threat identification.

An interesting observation comes from the
differing nature of potential benefits. In administrative
and service functions the primary effect is associated
with increased speed, cost reduction, and decreased
employee workload, while in R&D, marketing, and
production Al predominantly creates new value in
the form of innovations, personalized products, and
new communication creatives. Documented examples
include the use of generative artificial intelligence
in pharmaceutical compound design, electronics
design, consumer product design, and the creation of
personalized marketing materials by large multinational
companies such as Carlsberg, AstraZeneca, BMW,
Coca-Cola, Pfizer, and Johnson & Johnson.

The use of artificial intelligence in the real
business environment has led to both cost reductions
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and revenue growth. Based on data from the Artificial
Intelligence Index Report 2025 by McKinsey,
it was determined that the most significant cost
reductions from artificial intelligence implementation
occurred in customer service (49 % of respondents
reported cost reductions), supply chain & inventory
management (43 %), and software development
and innovation (41 %). Artificial intelligence also
demonstrated substantial potential as a income
booster. Companies most frequently reported revenue
increases from the use of Al in marketing and sales
(71 % of respondents), supply chain management
(63 %), and again in customer service (57 %) [17].
This may indicate that artificial intelligence achieves
the greatest impact in areas where processes can be
standardized, scaled, or quickly adapted.
Conclusions. The analysis confirms that artificial
intelligence in enterprise economic processes is
applied across multiple business functions using a
structured set of technologies. It is expected that
enterprises would use a combination of various Al
tools depending on various functional objectives,
nature of the data, and implementation complexities.
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The application of Al technologies in ten specific
functions in an enterprise points to a prominent role
of machine learning and deep learning technologies
in analytical and forecasting functions, which
ultimately lead to better decision-making in functions
such as analytics, logistics, finance, and supply
chain management. NLP technologies are seen as
more applicable in functions that deal extensively
with text-based operations, such as customer
service, document management, and administration.
Generative artificial intelligence is most applicable in
functions requiring creative and innovative activity,
such as marketing, research and development, and
product design, where it supports content creation,
idea generation, and personalization. RPA and
computer vision technologies play a supporting
role in production, administrative workflows, and
cybersecurity tasks.

The study also reveals that the benefits of artificial
intelligence adoption differacross enterprise functions.
For administrative and service-oriented activities, key
impacts relate to aspects of improved efficiency, cost
reduction, faster execution of routine activities, and
lowered employee workloads. However, in terms of
activities like innovation, marketing, and production,
creation of new value can be seen with reference to
improved product designs, efficiency, and customer
involvement.

Analysis  of  implementation  complexity
suggests that Al adoption is most straightforward in
administrative processes, marketing, and document
management, as the tools can easily be integrated
without making substantial changes in internal
systems. For production processes, logistics, finance,

and cybersecurity, the Al adoption would be complex,
requiring the integration of high levels of precision.

Overall, the results of the study demonstrate
the significance of the systematization of artificial
intelligence technologies when it comes to their
perceived importance for enterprise use. Thus,
associating particular types of artificial intelligence
tools with complexity and benefits can help to better
understand the influence on the enterprise efficiency.

In administrative and service-oriented processes,
the main effects are associated with efficiency gains,
cost reduction, faster execution of routine tasks, and
decreased employee workload. In contrast, functions
related to innovation, marketing, and production are
more likely to generate new value through improved
product design, process optimization, and enhanced
customer engagement.

Analysis of implementation complexity indicates
that Al adoption is most accessible in administrative,
marketing, and document management processes,
where ready-made solutions can be integrated with-
out significant changes to internal IT infrastructure.
Production, logistics, finance, and cybersecurity
require more complex processes, where integration
with existing enterprise systems and high accuracy
requirements increase technological and organiza-
tional demands.

Overall, the results of the study highlight the
importance of structured systematization of Al
technologies when assessing their relevance for
enterprise use. Linking specific Al tool types to
business functions, implementation complexity, and
expected benefits provides a clearer understanding of
how artificial intelligence affects enterprise efficiency.
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