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Abstract. The object of this study is the digital infrastructure of the constituent entities of the
Russian Federation. The subject of the study is the structural interrelations between the elements
of digital infrastructure within the regional context. The methodological framework comprises
a systems approach to analyzing infrastructure as a multilevel phenomenon, a comparative
analysis of statistical data from the Ministry of Digital Development of the Russian Federation
for 2022—2023, and a case study method for an in-depth examination of practices in three types
of regions: a metropolitan region (Moscow), a digitalization leader (Tatarstan), and a typical
agrarian region (Kursk Oblast). The study reveals a persistent differentiation among regions
in terms of digital infrastructure development: the gap between the most and least developed
entities in network capacity reaches a factor of 4.7. Three groups of systemic problems hindering
effective interaction among infrastructure elements are identified: economic (the cost of laying
fiber-optic communication lines in rural areas reaches RUB 2.8 million/km), technological
(63% of regional information systems use foreign software), and human capital (an annual
outflow of 18.7% of IT specialists from regions). It is established that sanctions pressure has
accelerated import substitution (the share of domestic software in the public sector increased
from 35% to 65%) but has led to delays in the implementation of infrastructure projects in
40% of regions. Practical recommendations are developed for federal authorities, regional
governments, and the business community aimed at optimizing the architecture of digital
infrastructure, taking into account the specific characteristics of different types of regions. An
integrative model of regional digital infrastructure is proposed, encompassing structural, spatial,
institutional, and technological sovereignty components.
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Annotamusga. OOBEKTOM MCCIIEZIOBAHUS BBICTYIaeT HudpoBas MHOPACTPyKTypa perMoHOB
Poccuiickoit ®enepanun. [IpemmeToM HMcclIeqOBaHUS SBJISIIOTCS CTPYKTYPHBIE B3aMMOCBSI3HU
MeXIy dJeMeHTaMMu LU(pPoBoii MH(PPACTPYKTYPhl B PETMOHAJbHOM KOHTEKCTe. MeTOomoJI0ru-
YeCKYI0 OCHOBY COCTaBWIM CHUCTEMHBINM ITOAXOMA K aHaau3y MHMPACTPYKTyphl KaK MHOTOYpPOB-
HEBOTO SIBJICHUSI, CPABHUTEJIbHBII aHAIM3 CTAaTUCTUYECKUX TaHHBIX MMHUCTEPCTBA LIMDPOBOTO
pazsutusa P® 3a 2022-2023 rompl, a TakKKe METON KeWc-cTaaM IJIsT YIIyOJeHHOTO W3yYeHMS
MPaKTUK TPeX TUIIOB PETMOHOB: cTosmyHoro (MockBa), tuaupymoliero B nudposusanum (Ta-
TapcTaH) W TUNWYHOTO arpapHoro perumoHa (Kypckast obnacts). B pesynbrate uccienoBaHus
BBISIBJIEHA ycTouMBas nuddepeHImranys peTMOHOB MO YPOBHIO pa3BUTHS LM(PPOBOI MHppa-
CTPYKTYphI: pa3pblB MEXIy Haumbojiee M HaMMEHee Pa3BUTbIMU CyOBbEKTaMM IO ITOKAa3aTeIio
MPOITYCKHOM CIOCOOHOCTU ceTeld mocturaeT 4,7 pasa. OmpenesieHbl TPU TPYIIIbI CUCTEMHBIX
MpooJIeM, TPEMATCTBYIOMIMX 3G (MEKTUBHOMY B3aMMOACHCTBUIO 3JIEMEHTOB WMH(MPACTPYKTYPHI:
SKOHOMUYecKHe (cTomMocTh Tpoknankn BOJIC B celmbCKoil MECTHOCTH ITOCTHTaeT 2,8 MITH
py0./KM), TexHoJoruueckue (63% pernoHaabHbIX MHOOPMALIMOHHBIX CUCTEM MCIIOIB3YIOT MHO-
crpanHoe [10) u kanposbie (exeroaHbiii oTToK 18,7% IT-cneunanncToB U3 PErMOHOB). YcTa-
HOBJICHO, YTO CAHKIMOHHOE AaBJCHHE YCKOPWJIO MMIIOpTO3aMellleHue (I10JIs1 OTeYeCTBEHHOIO
ITO B roccekrope Bbipocia ¢ 35% mo 65%), HO MpMBEIO K 3aiepXKaM B pealud3allud WH-
(pacTpykTypHBIX MPoeKTOB B 40% pernoHoB. Pa3paboTaHbl MPaKTUYECKUE PEKOMEHAALIMH IS
(bemepanbHOTO 1IEHTPA, PETMOHAIBHBIX OPTAaHOB BJIACTU M OM3HEC-COO0O0IIEeCTBa, HalpaBIeHHbIE
Ha ONTUMU3ALINIO apXUTEKTYPhl IM(MPOBON MHMPACTPYKTYPHI C YUETOM CITEIM(MUKYN Pa3TUuIHbBIX
TUTOB peruoHoB. [IpenyioxeHa NHTErpaTUBHASI MOJIETb PETMOHATBHON 1TM(bPOBOY MH(DPACTPYK-
TYPbI, BKJIIOUYAIOLLAsl CTPYKTYPHBIA, MPOCTPAHCTBEHHbIN, MHCTUTYLIMOHAIbHBIA KOMIIOHEHTHI 1
KOMITOHEHT TeXHOJIOTMYECKOI'O CYyBEpEHUTETA.

Kmouesbie cioBa: 1iudposasi MHGPACTPYKTYpa, apXUTEKTypa MPEANPUSITUS, PerHOHABHOE
pasBuTHe, IM(PPOBOE HEPABEHCTBO, TEXHOJIOTMUECKMI CYyBepEHUTET, CUCTEMHBIN aHaJIN3, TIPO-
CTpaHCTBEHHAs] KOHOMUKA, MMIIOPTO3aMellleHhe, KaIpoBbIii MOTEHLMA, IU(poBas TpaHC-
dopmauusa

®unancupoBanue: VccienoBaHue BBITIOJHEHO TPU MOAAepXKe rpaHta Poccuiickoro Hayd-
Horo donma Ne 23-78-10190, https://rscf.ru/project/23-78-10190/

Jng murupoBanusa: AxosneBa A.l1O., JIésuHa A. M. ApxutekTypa unudpoBoii UHPPaCTPyKTy-
pbI PETMOHA: KJIIOYEBbIE 3JEMEHTHI U UX B3auMocBs3u // Texnoskonomuka. 2026. T. 5, Ne 1
(16). C. 4—19. DOI: https://doi.org/10.57809/2026.5.1.16.1

DTO cTaThsl OTKPHITOTO IOCTYyIa, pacnpocTtpaHsemas o juieH3nu CC BY-NC 4.0 (https://
creativecommons.org/licenses/by-nc/4.0/)

Introduction

The current development of digital infrastructure in Russian regions represents a complex
and multidimensional process requiring comprehensive scientific inquiry. In the context of
the active digital transformation of all spheres of public life, initiated by the national program
"Digital Economy of the Russian Federation," the issues of forming an effective architecture
of regional digital infrastructure have acquired particular relevance. The state program adopted
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in 2017 set the vector for the country's technological development (Decree No. 1632-r of July
28, 2017). However, as monitoring data from the Ministry of Digital Development, Commu-
nications and Mass Media of the Russian Federation for 2023 indicate, the implementation of
digital transformation across various constituent entities of the federation is characterized by
extreme unevenness (Ministry of Digital Development, Communications, and Mass Media of
the Russian Federation, 2024).

A persistent differentiation is observed between the metropolitan region, individual leading
regions (Tatarstan, Bashkortostan, Novosibirsk Oblast), and a significant number of entities
demonstrating a lag in digital development. This lag is particularly noticeable in agrarian and
remote regions, where the digitalization process encounters a range of economic, technolog-
ical, and human capital constraints. The situation has intensified following the imposition of
sanctions in 2022, which have significantly affected key aspects of digital infrastructure devel-
opment, including the availability of telecommunications equipment, the usability of cloud
platforms, and the provision of qualified personnel.

In the scientific literature, the problem of regional digital infrastructure is examined from var-
ious methodological positions. The technocratic approach focuses on the technical parameters
of infrastructure — network bandwidth, the number of data processing centers (Ivanov, 2020;
Petrov, 2021). The institutional approach studies the role of the regulatory framework and
government programs in shaping the digital landscape of regions (Smirnova, 2022). The eco-
nomic-geographical direction analyzes the spatial distribution of digital resources across the
country (Fedorova, 2023). In the foreign literature, issues of regional digital infrastructure are
actively developed within the context of "smart city" theories, digital inequality, and technolog-
ical sovereignty (Van Deursen, 2023; Mazzucato M., 2024). However, comprehensive studies
examining digital infrastructure architecture as a system of interrelated elements under the new
economic realities remain insufficiently represented in scientific discourse.

The aim of this study is to identify the structural interrelations between the key elements
of digital infrastructure in Russian regions and to develop practical recommendations for its
optimization. To achieve this aim, the following tasks are addressed: analysis of the regulatory
framework governing digital infrastructure at the regional level; identification of the key com-
ponents of its architecture; investigation of the features of interaction among infrastructure
elements in different types of regions; assessment of the influence of external factors, including
sanctions pressure and import substitution processes; and development of practical recommen-
dations for improving the regional digital architecture.

The object of this study is the digital infrastructure of the constituent entities of the Russian
Federation; the subject of the study is the interrelations between the elements of this infrastruc-
ture within the regional context. The methodological framework of the work comprises com-
parative analysis for comparing the level of infrastructure development across different regions,
a systems approach for examining interrelations between components, statistical methods for
processing data from Rosstat and the Ministry of Digital Development, as well as a case study
method for in-depth analysis of practices in individual regions.

The empirical base of the study includes official statistical data (Rosstat, Ministry of Digital
Development), regional digital development programs, reports from telecommunications com-
panies, and results of national project implementation monitoring (Ministry of Digital Devel-
opment, Communications, and Mass Media of the Russian Federation, 2024; Rosstat, 2023a;
Rosstat, 2023b). The scientific novelty of the work lies in a comprehensive analysis of digital
infrastructure architecture taking into account new economic conditions, the development of a
typology of regions based on the nature of interrelations between infrastructure elements, and
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the identification of the specific impact of sanctions on its various components.

Theoretical foundations of the study

Contemporary research on regional digital infrastructure requires a comprehensive theo-
retical synthesis integrating the advances of systems analysis, institutional theory, spatial eco-
nomics, and the concept of technological sovereignty. These theoretical directions form the
methodological basis for studying digital infrastructure as a complex, multilevel phenomenon
possessing material-technical, organizational, and spatial dimensions.

Within the framework of the systems approach, originating from L. von Bertalanffy's general
systems theory, regional digital infrastructure is examined as a complex adaptive system char-
acterized by scalability, interoperability, and fault tolerance (Bertalanffy, 1968). The physical
level of this system includes the material-technical base, represented by telecommunications
networks (fiber-optic communication lines, 4G/5G wireless networks), data processing centers,
and sensor networks of the Internet of Things. A characteristic feature of Russian infrastructure
is the high degree of centralization — 68% of backbone communication channels pass through
the Moscow region, and more than 50% of all Russian data processing centers (DPCs) are con-
centrated in Moscow and Moscow Oblast (Ministry of Digital Development, Communications,
and Mass Media of the Russian Federation. 2024). Many regional DPCs face power supply and
cooling problems, which limits their capacity and reliability.

The software-algorithmic level integrates platform solutions and services that ensure the
functioning of digital infrastructure. Russian regions utilize both international (TCP/IP, GSM)
and domestic standards (T-Crypto, Aurora OS), which creates integration problems (Okunlola
and Levina, 2025). The key elements of this level are government platforms ("Gostech,” "Go-
suslugi,” GIS Housing and Utilities), as well as regional solutions, such as Tatarstan's "Digital
Citizen" platform or the Bashkir system "Electronic Bashkortostan" (Ministry of Digital Devel-
opment of the Republic of Tatarstan, 2024).

The organizational-managerial level includes the regulatory framework and coordination
models. Russia is dominated by a centralized model of digital infrastructure management (85%
of regions), where the Ministry of Digital Development plays a key role, developing strategic
documents and standards (Levina and Galanova, 2022). The regulatory framework includes
Federal Laws No. 149-FZ and No. 187-FZ, as well as the "Digital Transformation of Regions"
Strategy for 2024—2030, with a particular emphasis on data localization requirements (Federal
Law of July 27, 2006 No. 149-FZ; Federal Law of July 26, 2017 No. 187-FZ).

Spatial Aspects of Digital Development

The theory of spatial economics acquires new relevance in the context of regional digital
development. Analysis of the spatial distribution of digital assets reveals three key effects, de-
scribed in the works of A.G. Granberg and M. Porter (Granberg, 2018; Porter, 2020):

1. effect of digital agglomeration, manifested in the concentration of 68% of all data process-
ing centers in the country and 75% of IT specialists in Moscow and St. Petersburg. This effect
is explained by the mechanisms of cumulative causality, whereby the presence of developed
infrastructure attracts new investments and qualified personnel, which, in turn, reinforces the
initial advantage.

2. effect of digital peripheral development, which enables remote territories (e.g., the Altai
Republic) to partially compensate for geographic isolation through digital technologies. The
network structure of contemporary society creates fundamentally new opportunities for periph-
eral territories, reducing the significance of physical proximity to centers.

3. effect of digital inequality, whereby the gap between the most and least developed regions
in terms of network capacity reaches a factor of 4.7. Van Deursen and Helsper distinguish three
levels of digital inequality: access to infrastructure, usage skills, and the actual outcomes of
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applying digital technologies (Van Deursen and Helsper, 2023).

Institutional Aspects of Digitalization

The institutional approach, developed in the works of D. North, A.E. Shastitko, and G.B.
Kleiner, enables the analysis of formal and informal rules governing the development of digital
infrastructure (North, 1990; Shastitko, 2022; Kleiner, 2022). The Russian institutional environ-
ment is characterized by three key features.

1. a high degree of centralized regulation: 85% of regulatory acts in the sphere of digitali-
zation are adopted at the federal level. This creates an effect of "institutional monocentrism,"
whereby regions have limited opportunities to adapt general rules to local conditions;

2. the dominance of vertical over horizontal linkages. In contrast to Western models, where
horizontal interactions among regional stakeholders play a key role, Russian practice is domi-
nated by vertical "center-region” linkages;

3. presence of institutional traps, including outdated equipment certification norms and a
mismatch between formal rules and the actual practices of their application. In the regions,
three models of institutional design can be distinguished: a rigid model (Tatarstan, Moscow),
based on detailed regulation and active state participation; a flexible model (Kaliningrad Oblast),
oriented toward experimentation and the adaptation of best practices; and a passive model,
characteristic of the majority of regions, where institutional development is reactive in nature.

Technological Sovereignty

The concept of technological sovereignty acquires particular relevance under current con-
ditions. In the works of M. Mazzucato, R.H. Weber, and B.N. Kuzyk, three key aspects of
implementing technological sovereignty are identified (Mazzucato, 2024; Weber, 2024; Kuzyk
and Yakovets, 2023):

1. import substitution of critical technologies. According to data from the Audit Chamber,
during 2022—2023 the share of Russian software in the public sector increased from 35% to
65% (Accounts Chamber of the Russian Federation, 2023). However, in the hardware segment,
dependence on imports remains high: up to 80% of telecommunications equipment is of foreign
origin.

2. formation of closed technological cycles. As Kazantsev notes, creating a full cycle from
fundamental research to serial production of critically important components requires long-
term investments and coordination of efforts between the state and business (Kazantsev, 2022).

3. development of competencies. Only 15% of regions (Moscow, Tatarstan, Novosibirsk
Oblast) possess the necessary scientific and technical potential for the independent development
of critical technologies (HSE University, 2023). The remaining regions are forced to rely on
external sources of innovation, which creates risks for technological security.

Integrative Model

The synthesis of the mentioned approaches allows authors to propose an integrative model
of regional digital infrastructure, comprising four interrelated components:

— Structural component — physical (telecommunications networks, DPCs), software (plat-
forms, services), and organizational elements (governance institutions);

— Spatial component — territorial distribution of elements, the nature of their concentration
or dispersion, network interactions between regional nodes;

— Institutional component — formal and informal norms regulating the creation and func-
tioning of infrastructure, coordination mechanisms among participants;

— Sovereignty component — the level of technological independence, the capacity for au-
tonomous development and reproduction of critical technologies.

The effectiveness of digital infrastructure architecture is determined by the balance be-
tween standardization, which ensures compatibility of elements, and flexibility, which allows
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adaptation to the specific conditions of a given region. As research by Henshel and Sample
demonstrates, the search for this balance is a key challenge for all countries undergoing digital
transformation (Henshel and Sample, 2024).

Research Methodology

For a comprehensive analysis of digital infrastructure architecture in the regions of Russia,
a multilevel methodology combining quantitative and qualitative research methods was devel-
oped. The methodology is based on a systems approach, which allows digital infrastructure to
be examined as a holistic object of study consisting of interrelated elements.

The quantitative analysis was based on statistical data from the Ministry of Digital Develop-
ment of the Russian Federation for 2022—2023, including:

— Indicators of telecommunications infrastructure development (network coverage, number
of base stations);

— Parameters of computing infrastructure development (number and class of data processing
centers);

— Indicators of digital service usage (share of citizens using e-government services; number
of organizations using cloud services).

The qualitative analysis included:

— Content analysis of regional digital transformation programs (strategies of 25 regions were
analyzed);

— Expert interviews with representatives of I'T departments from 15 regions;

— Case studies of successful digitalization practices exemplified by three regions: Moscow,
Tatarstan, and Kursk Oblast.

The selection of regions for in-depth analysis is determined by the need to represent three
distinct types: a capital metropolis with maximum resource concentration (Moscow), a region
that has developed its own model of digital development (Tatarstan), and a typical agrarian
region with limited resources (Kursk Oblast) (Nefedova, 2022).

Comparative Analysis of Digital Infrastructure Development in Russian Regions

A comparative analysis of digital infrastructure in three types of Russian regions (a metro-
politan region — Moscow, a leading region — Tatarstan, and a typical agrarian region — Kursk
Oblast) revealed significant differences in the level and nature of digital technology develop-
ment.

Moscow demonstrates the most developed digital infrastructure. 5G network coverage reach-
es 82% of the city's territory (MTS, 2023). The capital is home to more than 54 data processing
centers, including 12 Tier III facilities that meet international reliability standards (iKS-Con-
sulting, 2023). The development of digital services in Moscow is moving toward the creation of
integrated solutions, such as "smart" transportation systems and electronic healthcare (EMIAS).
According to the Moscow Department of Information Technologies, the degree of digitalization
of urban services exceeds 93%, which is one of the best indicators in the world for megacities
(Moscow Department of Information Technology, 2024). Of particular note is the Moscow
platform "Electronic Home," which unites more than 2 million users and provides a wide range
of services for managing apartment buildings (Sheleyko and Krestnikova, 2024).

The Republic of Tatarstan represents an example of a successful regional digitalization hub.
5G coverage here reaches 38% of the territory, concentrated primarily in Kazan and industrial
zones (MTS, 2024). A distinctive feature of the region is the creation of the IT cluster in In-
nopolis, which houses more than 11 modern data processing centers (iKS-Consulting, 2023).
Innopolis, built from scratch as a city for IT specialists, includes a special economic zone,
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a university, and a technopark, creating a unique ecosystem for the development of digital
technologies. Tatarstan is actively developing its own digital solutions. The "Smart Innopolis"
platform integrates urban management, transportation, and housing and utilities systems, pro-
viding centralized monitoring and management of all city processes (Ilin, 2022). The republican
"Electronic Education” system covers all schools in the region and provides access to digital
educational resources for more than 400,000 students. According to a report from the Ministry
of Digital Development of Tatarstan, the region ranks among the top five constituent entities of
the Russian Federation in terms of digital maturity, second only to Moscow and St. Petersburg
(Ministry of Digital Development of the Republic of Tatarstan, 2024).

Kursk Oblast, as a typical agrarian region, demonstrates significantly more modest indi-
cators. 5G coverage is limited to 4.7% of the territory — primarily in district centers (MTS,
2023). The infrastructure is represented by two government-owned data processing centers of
basic level, whose capacity and reliability are significantly inferior to their capital counterparts
(iKS-Consulting, 2023). Digital services are predominantly mandatory (e-government services),
and their functionality is substantially limited compared to capital analogues. According to ex-
pert estimates, the situation in Kursk Oblast is characteristic of the majority of agrarian regions
in Central Russia (Nefedova 2022). The absence of large IT companies, the low level of digital
literacy among the population, and limited budget resources create a vicious circle: without
infrastructure development, attracting investment and personnel is impossible, and without in-
vestment and personnel, infrastructure development is impossible.

Table 1 presents comparative indicators of digital development for the three analyzed regions.

Table 1. Comparative Analysis of Regional Digital Infrastructure.

Indicator Moscow Tatarstan Kursk region
5G coverage, % of territory 82 38 4,7
Number of data centers 54 11 2
Data centers Tier 111 12 0 0
Percentage of digital government services, % 93 78 41
Number of IT specialists per 1000 inhabitants 42 18 3,2
s | S |

Sources: collected by the authors based on (Ministry of Digital Development, Communi-
cations, and Mass Media of the Russian Federation, 2024; Ministry of Digital Development
of the Republic of Tatarstan, 2024; MTS, 2023; iKS-Consulting, 2023; Moscow Department
of Information Technology, 2024)

Analysis of Problems in the Interrelations of Digital Infrastructure Elements

The study identified three key groups of problems hindering the effective interaction of dig-
ital infrastructure elements in Russian regions.

Economic problems manifest most acutely in the development of physical infrastructure.
The cost of laying fiber-optic communication lines in rural areas reaches 2.8 million rubles per
kilometer, which is 4-5 times higher than in urban conditions (Rosstat, 2023b). This creates
significant barriers to ensuring equal access to digital services across the entire territory of the
regions. The budgetary capacities of the majority of constituent entities of the federation do
not allow them to compensate for these costs, leading to an intensification of digital inequality.

An additional economic factor is the low commercial profitability of infrastructure projects
in rural areas. Given low population density and limited solvency of demand, the payback pe-

10
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riod for investments in telecommunications infrastructure can reach 15-20 years, making such
projects unattractive to private investors without state support.

Technological problems are associated with high dependence on foreign software, particu-
larly in the public sector. According to the Audit Chamber, 63% of critically important infor-
mation systems of regional authorities use foreign platforms (Oracle, SAP, IBM) (Accounts
Chamber of the Russian Federation, 2023). This creates risks for the resilience of digital in-
frastructure under sanctions pressure. Furthermore, there is insufficient compatibility between
different regional digital platforms: according to the Ministry of Digital Development, 42% of
regional information systems are incompatible with one another, complicating the creation of
a unified information space.

The problem is exacerbated by the absence of unified standards in the development of re-
gional digital solutions. Many regions create their own platforms "from scratch," without using
existing developments, which leads to duplication of effort and incompatibility of solutions.

Human capital problems manifest in the persistent outflow of IT specialists from regions to
Moscow and abroad. According to a study by the Higher School of Economics, the annual mi-
gration of qualified programmers from regions to the capital amounts to approximately 18.7%
of the total number of specialists (Kazantsev, 2022). This problem is particularly acute in rural
regions, where conditions for professional growth and development of IT specialists are absent:
low wage levels, absence of large I'T companies, and limited opportunities for advanced training.

According to the Ministry of Labor, 83% of regions experience a shortage of qualified per-
sonnel in the IT sector, with the situation assessed as critical in 45% of regions (Ministry of
Labor and Social Protection of the Russian Federation, 2023). This leads to the inability to fully
maintain and develop regional digital infrastructure, creating a vicious circle: without qualified
personnel, infrastructure development is impossible, and without developed infrastructure, re-
taining qualified personnel is impossible.

Impact of Sanctions Pressure on Digital Infrastructure Development

An analysis of the consequences of sanctions pressure in 2022-2023 revealed both positive
and negative effects for the development of digital infrastructure in Russian regions.

Among the positive effects, the acceleration of import substitution processes in the software
sphere should be noted. According to the Association of Software Product Developers "Do-
mestic Software," the share of Russian software in the public sector has grown from 35% to
65% over the past two years (Association of Software Developers "Domestic Software”, 2024).
Domestic analogues of database management systems (PostgreSQL instead of Oracle, Red Da-
tabase DBMS), virtualization systems (zVirt, Brest Software Package), and platform solutions
(Gostech, 1C) are being actively implemented (TAdviser, 2024).

In the hardware segment, the development of Russian manufacturers of server equipment
(YADRO, Aquarius, Akvarius), data storage systems (YADRO, Aerodisk), and telecommuni-
cations equipment (Eltex, Bulat) is being observed (CNews, 2024). According to the Ministry
of Industry and Trade, during 2022-2023 the share of domestic telecommunications equipment
on the Russian market grew from 25% to 35% (Ministry of Industry and Trade of the Russian
Federation, 2024).

However, sanctions have also caused serious negative consequences. The most acute prob-
lem has become the shortage of electronic components for telecommunications equipment. As
experts note, this has led to delays in the implementation of projects to expand network infra-
structure in 40% of regions. Plans for the deployment of 5G networks have been particularly
affected — according to estimates from the Ministry of Digital Development, their implemen-
tation may be delayed by 2-3 years (Ministry of Digital Development, Communications, and
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Mass Media of the Russian Federation, 2023).

Another negative effect has been the reduced access to international cloud platforms and
services (AWS, Microsoft Azure, Google Cloud). This has created additional difficulties for
regions that actively used foreign cloud solutions for data storage and processing, big data ana-
lytics, and machine learning. According to monitoring data, 60% of regions faced the need for
emergency migration of data and services to domestic platforms (SberCloud, Yandex.Cloud,
Cloud.ru), which required additional resource and time expenditures.

The discontinuation of support for foreign software has created information security risks:
the absence of updates and security patches makes systems vulnerable to new types of attacks.
According to the Federal Service for Technical and Export Control (FSTEC), the number of
successful cyberattacks on regional information systems increased by 35% in 2022-2023 (FS-
TEC of Russia, 2024).

The conducted analysis shows that the current state of digital infrastructure in Russian re-
gions is characterized by significant differentiation in the level of development, the presence of
systemic problems in the interrelations of elements, and complex adaptation to new geopoliti-
cal conditions. These factors must be taken into account when developing digital development
strategies at the regional level.

Recommendations for optimizing the architecture of regional digital infrastructure

Based on the conducted comprehensive study, a number of recommendations aimed at im-
proving the architecture of digital infrastructure in Russian regions have been formulated. The
proposed measures address the systemic problems identified during the analysis and are aimed
at creating a balanced model of digital development adapted to contemporary challenges.

Recommendations for the Federal Center

For the federal center, the primary task should be the creation of a differentiated support
system for regional digital infrastructure. Empirical evidence indicates the need for targeted
subsidization of telecommunications network development in rural regions, where the cost of
laying fiber-optic communication lines reaches RUB 2.8 million/km (Rosstat, 2023b). It is ad-
visable to implement financing through public-private partnership mechanisms, with mandatory
co-financing from the regions amounting to no less than 30% of the total investment volume.

Particular attention should be paid to supporting domestic technological solutions, including
the development of a specialized technological patronage program, within the framework of
which large state corporations (Rosatom, Rostec, Russian Railways) will provide methodolog-
ical and technical support to regions in the construction and modernization of data processing
centers. Statistics from recent years show that such measures make it possible to increase the
share of Russian equipment in regional DPCs by 25—30% within three years (CNews, 2024).

An important element of federal policy should be the development of a unified standard
"Digital Infrastructure of the Region," which establishes (ISO/IEC 27001:2022):

— Basic requirements for platform compatibility (API, data formats);

— Information security parameters (cryptographic protection, protection against unauthor-
ized access);

— Minimum provision standards (access speed, availability of DPCs, staffing levels).

It is also necessary to create a federal program for the training and retraining of personnel
for the regional digital economy, providing for targeted education of students from regions with
an obligation for subsequent employment in regional IT companies and government bodies
(Decree of the President of the Russian Federation of May 9, 2017 No. 203).

Recommendations for Regional Authorities

Regional authorities are advised to focus on developing human capital potential and im-
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proving digital infrastructure management. An analysis of successful cases (Tatarstan, Moscow)
demonstrates the effectiveness of a three-level system of IT education, including (Ministry of
Digital Development of the Republic of Tatarstan, 2024; Moscow Department of Information
Technology, 2024):

— Basic training in schools (computer science lessons, programming electives);

— Vocational education in colleges (training of technicians, network specialists);

— Specialized programs at universities (bachelor's and master's degree programs in IT fields).

Of particular importance is the creation of a system of "digital internships" that allows IT
students to gain practical work experience in regional government bodies and IT companies.
The experience of leading regions shows that such programs make it possible to retain young
specialists locally, reducing their outflow to metropolitan agglomerations by 15—20%.

No less important is the development of comprehensive digital development strategies that
take into account the specific characteristics of each constituent entity of the federation. Such
strategies should include:

— Plans for the development of physical infrastructure (communications, DPCs, sensor
networks);

— Programs for the digitalization of state and municipal services;

— A system of performance evaluation indicators with specific target values;

— Mechanisms for monitoring and adjustment.

The creation of regional competence centers for digital transformation will make it possible
to consolidate available resources and provide methodological support for local digital projects.
The functions of such centers should include:

— Accumulation of best practices in digitalization;

— Consulting support for municipalities;

— Coordination of interaction with federal structures;

— Organization of training and professional development.

Recommendations for the Business Community

For the business community, the key direction of interaction with regional authorities should
be the development of a dual education system and participation in the creation of IT clusters.
The practice of leading technology companies (Yandex, Sber, 1C) shows that joint development
of educational programs with universities and the organization of basic departments at enter-
prises increases the quality of specialist training by 30-35%.

Investing in the creation and adaptation of Russian IT solutions for regional needs is a
promising area of development, especially in the context of import substitution. Statistics from
the last two years record an annual increase in demand for specialized software for municipal
management and industry-specific digital platforms (agriculture, housing and utilities, trans-
portation) of 40-45%.

Business participation in the implementation of infrastructure projects through public-pri-
vate partnership mechanisms can become a catalyst for regional digital development, particu-
larly in the construction of DPCs and the development of telecommunications networks. The
PPP model allows for:

— Attracting private investment given limited budget funds;

— Ensuring professional management of created facilities;

— Sharing risks between the state and business;

— Ensuring higher quality and efficiency of project implementation.

Ways for Development

A promising direction for the development of regional digital infrastructure is the formation
of distributed digital ecosystems that unite the resources of several constituent entities of the
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federation. This approach makes it possible to overcome limitations associated with the uneven
distribution of digital assets and creates conditions for more efficient use of available resources.

The experience of creating interregional data processing centers (for example, the SberCloud
project with distributed capacities in several regions) demonstrates an increase in the reliability
of information systems by 25-30% while simultaneously reducing operating costs by 15-20%
(Sberbank, 2024).

The development of standards for regional "digital sovereignty" acquires particular relevance
in current geopolitical conditions and should take into account (Weber, 2024; Kuzyk and Yak-
ovets, 2023):

— Technological aspects (the share of domestic software and equipment in critical systems);

— Requirements for staffing (the availability of specialists capable of maintaining and devel-
oping infrastructure);

— Organizational mechanisms (the ability to make autonomous decisions under conditions
of external constraints).

The implementation of a monitoring system based on big data technologies and artificial
intelligence will enable predictive management of digital infrastructure development and timely
adjustment of regional digital transformation programs. The use of machine learning methods
for analyzing large datasets on infrastructure functioning makes it possible to:

— Predict bottlenecks and potential failures;

— Optimize resource allocation;

— Identify the most effective practices for their replication.

The implementation of the proposed recommendations requires coordinated actions from all
interested parties — federal and regional authorities, the business community, educational and
scientific organizations. An integrated approach to optimizing digital infrastructure architec-
ture, taking into account the specific characteristics of different types of regions, will make it
possible to overcome existing disparities and create conditions for sustainable digital develop-
ment of all constituent entities of the Russian Federation.

Of particular importance is the development of mechanisms for assessing the effectiveness of
the proposed measures, which will allow timely adjustment of digital transformation strategies
in light of changing technological and economic conditions. As an assessment tool, a modified
balanced scorecard can be used, including:

— Financial indicators (investment volume, budgetary efficiency);

— Infrastructure development indicators (coverage, capacity, reliability);

— Social indicators (accessibility of digital services, digital literacy of the population);

— Technological sovereignty indicators (share of domestic solutions).

Conclusion

The conducted study of digital infrastructure architecture in the regions of Russia allows us
to formulate a number of fundamental conclusions that are of significant importance for the
development of digital transformation strategies.

First, the analysis of empirical data has revealed a persistent unevenness in the level of dig-
ital infrastructure development across regions, which manifests across all key parameters: from
telecommunications network density to the degree of digitalization of public services. The most
significant gap is observed between metropolitan agglomerations, where the level of digitaliza-
tion meets global standards, and rural regions, where basic digital services remain inaccessible to
a significant portion of the population. The gap between the most and least developed regions
in terms of network capacity reaches a factor of 4.7.

Second, the main systemic problems hindering the uniform development of digital infra-
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structure include chronic underfunding of digital transformation projects in the majority of con-
stituent entities of the federation, an acute shortage of qualified personnel (an annual outflow
of 18.7% of IT specialists from regions), and persistent dependence on foreign technological
solutions (63% of regional information systems use foreign software). As the study has shown,
these problems are interrelated and require an integrated approach to their resolution.

Third, the current geopolitical situation lends particular urgency to these challenges, as it
has simultaneously accelerated import substitution processes (the share of domestic software
in the public sector increased from 35% to 65%) and created additional difficulties in terms of
regional technological development (component shortages, project implementation delays in
40% of regions).

Fourth, the proposed integrative model of regional digital infrastructure, comprising struc-
tural, spatial, institutional, and technological sovereignty components, allows for a systematic
approach to problem analysis and solution development. The effectiveness of digital infrastruc-
ture architecture is determined by the balance between standardization, which ensures compat-
ibility of elements, and flexibility, which allows adaptation to the specific conditions of a given
region.

Fifth, the developed recommendations for the federal center, regional authorities, and the
business community take into account the identified problems and the specific characteristics of
different types of regions. Their implementation requires coordinated actions from all interested
parties and can contribute to overcoming existing disparities.

Prospects for further research are related to an in-depth analysis of mechanisms for inter-
regional cooperation in the sphere of digital infrastructure, the development of methods for
assessing the effectiveness of investments in digital development taking into account regional
specifics, as well as the study of possibilities for applying artificial intelligence technologies for
predictive management of regional digital infrastructure. Particular attention should be paid to
analyzing the impact of digital transformation on the socio-economic development of regions
and developing methods for the quantitative assessment of this impact.
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Abstract. The article addresses the strategic challenges faced by Quick Service Restaurant
(QSR) chains when entering highly competitive and culturally diverse Asian markets. The
object of the study is Dodo Pizza, a technology-driven pizza chain, and its potential for
international expansion amidst market saturation in Western regions. The research method relies
on the development and application of the "GeoCaelum" framework, which integrates market
saturation analysis, economic potential assessment, and geopolitical risk evaluation, alongside
a comprehensive review of technological innovations. The results propose a multifaceted
strategy incorporating autonomous delivery robots (ADRs), additive manufacturing (3D food
printing) in kitchen operations, and sustainable energy usage to optimize costs and operational
efficiency. The conclusion asserts that a technocratic approach, replacing traditional labor-
intensive models with automated systems, provides a viable pathway for sustainable growth and
competitive advantage in new Asian territories.
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Annoramusi. CTaThsl IIOCBSIIIEHA CTPAaTETMUYECKUM BBI30BAM, C KOTOPBIMU CTaJKUBAIOTCS
CeTU mpeanpusTuii osicTporo oocayxkubanus (QSR) mpu BeIxoge Ha BHICOKOKOHKYPEHTHBIE U
KyJIbTYPHO pa3HOOOpa3Hble a3uaTcKue phlHKU. OOBbEeKTOM uccienoBaHus spaserca Dodo Pizza
— TEXHOJIOTMYECKM OPUEHTHUPOBAHHASI CETh MMILEPUIi, U ee MOTCHUMAI I MEXIYHapOIHOMI
SKCTIaHCUH B YCJIIOBUSIX HACHIIIIEHUS PHIHKOB 3aMaJgHBIX perMOHOB. MeTo MCCiiemoBaHUS OCHO-
BaH Ha pa3paboTke u npuMeHeHnn PpeitMBopka «GeoCaelum», KOTOPEI MHTETPUPYET aHAIIN3
HACBIIICHUST PBIHKA, OIEHKY SKOHOMMYECKOTO IOTCHIIMAIA M TeONMOJIMTUICCKUX PUCKOB, Ha-
pSIAy ¢ KOMILIEKCHBIM 0030pOM TE€XHOJOTMYECKMX MHHOBALMiA. PesynbTaThl MpemiaraloT MHO-
TOrPaHHYI0 CTPATErvio, BKIIIOYAIOIIYI0 MCIOJb30BaHUE aBTOHOMHBIX POOOTOB-IOCTABIIMKOB
(ADR), angutuBHOro nmpousBoacTBa (3D-1mevyath efbl) B KyXOHHBIX ONEpalMsIX U UCIOJb30Ba-
HUE YCTOMYMBOM SHEPTUU UIS ONTUMU3ALMN 3aTpaT M OIepallMoHHON 3¢ deKTnBHOCTH. B 3a-
KJTIOUCHUH YTBEPXKIAeTCs, YTO TeXHOKPATUUECKHI TTOIXO, 3aMEHSIIOIINI TpaguIIMOHHBIC TPY-
TOEMKHE MOMIEIM aBTOMATH3MPOBAHHBEIMM CHUCTEMaMM, O0eCIIeUMBACT XU3HECIIOCOOHBIN ITyTh
JUISL YCTOMYMBOIO POCTAa M KOHKYPEHTHOIO MPEUMYILECTBA Ha HOBBIX a3MaTCKUX TEPPUTOPUSIX.

KioueBbie ciioBa: cTpaTervsi MeXIyHapOJHOro OW3Heca, a3WaTCKue PBIHKW, WHAYCTPUS
QSR, Dodo Pizza, ynmpasieHne WHHOBAIIUSIMA, aBTOHOMHBIE POOOTHI-TOCTABIINKN, aIINUTHB-
HOE TIpou3BOACTBO, cucteMa GeoCaelum

Jdng murupoBanusa: Xaderyaun A. C., I'yryrmmBunu .M. Pa3zpaboTka MHHOBALlMOHHOM
crpaTernu skcnaHcuu cetn QSR Ha asmarckme pelHKU: Ha mpuMepe Dodo Pizza // TexHos-
koHomuKka. 2026. T. 5, Ne 1 (16). C. 20—31. DOI: https://doi.org/10.57809/2026.5.1.16.2

DTO cTaThsl OTKPHITOTO AOCTYyIa, pacnpoctpaHseMas o JuueH3uu CC BY-NC 4.0 (https://
creativecommons.org/licenses/by-nc/4.0/)

Introduction

The modern Quick Service Restaurant (QSR) industry is undergoing a fundamental trans-
formation characterized by the saturation of traditional markets in North America and Western
Europe. As growth rates in these regions plateau due to high competition and changing con-
sumer dietary preferences, global restaurant chains are increasingly reorienting their strategic
focus toward emerging economies. The Asia-Pacific region, driven by rapid urbanization, rising
disposable incomes, and a burgeoning middle class, presents the most significant growth vector
for the next decade. However, successful entry into Asian markets requires more than the rep-
lication of standard Western franchise models; it demands a high degree of adaptability to local
cultural specifics and logistical complexities (Kotler and Keller, 2016).

Currently, the competitive landscape is dominated by established transnational corporations,
yet there is a distinct market gap for agile, technology-driven players. This study focuses on
"Dodo Pizza," a Russian-founded pizza delivery franchise that differentiates itself through its
proprietary cloud-based management system, "Dodo IS." While the company has achieved
significant success in Eastern Europe and parts of the Middle East, its expansion into the dis-
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tinctive markets of Asia (specifically Vietnam and China) presents unique challenges related to
operational efficiency and brand positioning.

Table 1. Comparative analysis of QSR market growth dynamics in Western and Asian regions.

Region

Market Saturation Status

Growth Characteristics

Projected Dynamics

North America & Western
Europe (Mature Markets)

High Saturation
Characterized by high
density (e.g., 1 pizzeria

per 5,100 people in
the U.S.) and intense

competition among

established chains.

Stabilizing
Growth is driven
primarily by technological
innovation and
consolidation of weaker
players rather than
new unit expansion.

~4.6 %
Projected annual
expansion rate (in current
dollars), significantly
slower than the broader
foodservice industry.

>

Low Saturation
Characterized by a
fragmented foodservice
industry and a booming
consumer population with
rising disposable incomes.

1.4x
Expected to outpace
the overall restaurant
industry expansion rate
by a factor of 1.4.

Accelerated
Driven by urbanization,
adoption of Western
dietary habits, and
digital convenience.

Asia-Pacific (Emerging
Markets)

The relevance of this study is determined by the contradiction between the high investment
attractiveness of Asian markets and the high failure rate of foreign franchises that neglect tech-
nological adaptation and local consumer behavior. Existing literature on international business
strategy extensively covers the theoretical aspects of franchising and localization (Alon, 2006;
Porter, 1985). However, there is a lack of research specifically addressing the integration of
Industry 4.0 technologies—such as autonomous delivery and automated kitchen operations—as
a core entry strategy for medium-sized QSR chains.

Fig. 1. Projected revenue growth of the Pizza QSR segment in the Asia-Pacific region (2020—2025).

The primary goal of this article is to develop an innovative expansion strategy for Dodo Piz-
za in Asian markets. This strategy moves beyond traditional PESTEL analysis by introducing
a proprietary framework, "GeoCaelum," which synthesizes geopolitical risk assessment with
technocratic solutions. Unlike standard models that focus heavily on marketing adaptation,
this research posits that operational innovation—specifically the deployment of Autonomous
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Delivery Robots (ADRs) and additive food manufacturing (3D printing)—serves as the critical
differentiator for survival in high-density Asian urban centers (Ford, 2015).

To achieve this goal, the following tasks are resolved in this article:

1. Analysis of the current macroeconomic environment and consumer trends in the target
Asian markets.

2. Evaluation of the "Dodo IS" digital infrastructure as a competitive advantage.

3. Development of the "GeoCaelum" strategic framework for location selection and risk
management.

4. Economic justification for the implementation of robotic delivery systems to reduce last-
mile logistics costs.

Materials and Methods

To address the complex challenge of expanding a QSR chain into heterogeneous Asian
markets, this study employs a mixed-method research design combining quantitative economic
modeling with qualitative strategic analysis. The core methodological contribution of this work
is the development and application of the "GeoCaelum" multi-criteria decision support system,
designed specifically to evaluate market entry feasibility under conditions of high uncertainty.

1. The "GeoCaelum" Strategic Framework. Traditional PESTEL analysis often fails to pro-
vide weighted, actionable data for specific location selection. To overcome this, the "Geo-
Caelum" framework was developed to integrate three distinct analytical modules: Market Satu-
ration (MSM), Economic Potential (EPM), and Geopolitical Considerations (GCM).

Fig. 2. Structure of the "GeoCaelum" multi-criteria decision support system.
The final suitability score (Swwmy) for a target market is calculated using a weighted linear
combination of these modules. Based on the sensitivity analysis performed for the Asian region,
the following weighting was applied:
Swmmy =0.4* MSM +0.3* EPM +0.3*GCM
Where:
— MSM (Market Saturation Module): Evaluates the density of competitors relative to the

total addressable market (TAM). It utilizes the Market Saturation Index (MSI), calculated as:
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MST = MPR*CAR*CRR
1- MPR

(Where MPR is Market Penetration Rate, CAR is Customer Acquisition Rate, and CRR is
Customer Retention Rate) (Hargrave, 2024; Qu et al., 2024).

— EPM (Economic Potential Module): Aggregates macroeconomic indicators including
GDP per capita, urbanization rates, and the "Pizza Index" (disposable income relative to the
average cost of a fast-food meal) (An et al., 2023).

— GCM (Geopolitical Considerations Module): Assesses risks related to supply chain dis-
ruptions, trade tariffs, and political stability, utilizing data from the World Bank and transpar-
ency indices (Alam et al., 2024)

2. Stochastic Financial Modeling (ENPV & IRR). To validate the economic feasibility of
the proposed technological interventions (specifically the deployment of Autonomous Delivery
Robots and 3D food printing), we moved beyond static Net Present Value (NPV) calculations.
Instead, a Stochastic Project Network model was employed to calculate the Expected Net Pres-
ent Value (ENPV).

Table 2. Key parameters for the Stochastic ENPV/IRR Model.

Parameter Value / Range Description
Discount Rate 15% — 20% Adjusted for high-risk emerging markets.
Simulated Period 5 Years Forecast horizon for initial expansion.
Probability of Tech Adoption P(A) =0.6 — 0.9 Variable probability of successful robot deployment.
Cost of Capital (WACC) 12.5% Weighted Average Cost of Capital for Dodo Brands.

This model incorporates a decision tree analysis to account for "worst-case," "average," and
"best-case" scenarios regarding R&D success and regulatory approval for autonomous systems
(Rostami et al., 2024). The Internal Rate of Return (IRR) was subsequently derived to compare
the profitability of the technocratic model against traditional labor-intensive franchise models
(Lopez Prol and Steininger, 2020).

3. Data Collection and Processing. Primary data regarding Dodo Pizza’s operational metrics
(unit economics, average ticket size, and delivery times) were sourced from the company’s open
financial reports (Dodo Brands, 2021-2024). Secondary data on Asian market dynamics were
aggregated from industry reports and academic literature concerning consumer preferences in
the QSR sector (Wu et al., 2024; Dias et al., 2023). All financial simulations were performed
using Python-based Monte Carlo simulations to ensure statistical robustness.

Results and Discussion

Financial Diagnostics and Strategic Prerequisites

The retrospective analysis of Dodo Brands' financial performance (2020—2023) reveals a
strong growth trajectory but highlights structural vulnerabilities that necessitate a strategic shift.
The consolidated revenue demonstrated a Compound Annual Growth Rate (CAGR) of 49.2
%, rising from 3.02 billion RUB in 2020 to 10.04 billion RUB in 2023 (Dodo Brands, 2023a).
However, the analysis identified a critical "efficiency gap" in last-mile logistics and raw material
procurement.

Key diagnostic findings include:

— Operational Cost Escalation: The cost of sales and distribution expenses have grown dis-
proportionately to revenue, primarily driven by rising labor costs for couriers.

— Net Cash Deterioration: Despite EBITDA growth (CAGR=65.9 %), the net cash position
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(excluding IFRS 16) has deteriorated due to aggressive capital expenditures in traditional store
formats.

— Supply Chain Dependency: The current model exhibits high sensitivity to third-party
supplier price fluctuations (oligopolistic market structure).

Table 3. Key financial performance indicators of Dodo Brands (2020—2023)
[Based on (Dodo Brands, 2021; Dodo Brands, 2022; Dodo Brands, 2023b)].

Indicator 2020 (min RUB) 2023 (mln RUB) CAGR (%)
Total Revenue 3,021 10,038 49.2 %
Adjusted EBITDA 258 1,177 65.9 %
Net Income (114) 688 >100 %
Store Count 679 1,027 14.8 %

Proposed "GeoCaelum" Strategic Framework

To address the "Limited International Presence” weakness identified in the SWOT analysis,
the GeoCaelum system was developed. Unlike standard market analysis, this system filters po-
tential Asian markets through a three-stage sieve:

— Market Saturation Module (MSM): Identifies gaps where the ratio of QSR units to the
urban population is below the regional average (1:5,000).

— Economic Potential Module (EPM): Correlates "Pizza Index" affordability with projected
GDP growth.

— Geopolitical Considerations Module (GCM): Penalizes markets with high supply chain
volatility risks.

Technocratic Operational Model: The "Sustainable Restaurant”

The proposed operational model integrates three core technologies to decouple revenue
growth from labor cost inflation:

— Additive Manufacturing (AM): Implementation of 3D food printing for pizza bases and
intricate toppings. This reduces kitchen staff requirements to a single "Quality Control Special-
ist," minimizing human error and waste (Dias et al., 2023).

— Autonomous Delivery Robots (ADRs): Deployment of a hybrid fleet (internal logistics
robots and external last-mile delivery rovers). This directly addresses the rising courier costs
identified in Section 3.1.

— Photovoltaic Energy Ecosystem: A closed-loop energy system where roof-mounted solar
panels power both the kitchen's AM units and the ADR charging stations, hedging against en-
ergy price volatility (Lopez Prol and Steininger, 2020).
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Fig. 3. Integrated workflow of the proposed "Sustainable Restaurant” model.

Economic Efficiency Analysis (Stochastic Modeling)

To validate the strategy, a stochastic simulation was conducted to calculate the Expected Net
Present Value (ENPV) and Internal Rate of Return (IRR) over a 5-year horizon. The model
accounted for uncertainties in R&D success rates (Probability P(A) ranging from 0.6 to 0.9)
and implementation delays.

The simulation results indicate a high level of investment attractiveness for the comprehen-
sive strategy are presented in Table 4.

Table 4. Simulated economic efficiency indicators of the proposed strategy.

System Module Average ENPYV (5 Years) | Internal Rate of Return (IRR)
Analytic System (GeoCaelum + Review Analysis ) ~2.67 min RUB 24.0 %
Innovative Restaurant (AM + ADRs + Energy ) ~35.22 min RUB 46.5 %
Total Comprehensive Strategy ~18.95 min RUB 35.0 %

The Innovative Restaurant module demonstrates the highest efficiency (IRR=46.5 %), con-
firming that the automation of labor-intensive processes (cooking and delivery) yields superior
returns compared to purely analytical improvements. The total strategy exceeds the company's
weighted average cost of capital (WACC), confirming its financial viability.

Comparative Analysis of Technological Strategies

The results of this study suggest that for Dodo Pizza to successfully penetrate Asian markets,
it must pivot from a "marketing-first" to a "technology-first" strategy. A comparative analysis
with the market leader, Domino's Pizza Enterprises (DPE), reveals distinct strategic divergenc-
es (Table 5). While Domino's has heavily invested in Al for customer-facing applications—such
as the "DOM Pizza Checker" and voice ordering systems (Towards Data Science, 2021) — their
operational model largely remains labor-intensive. In contrast, the "Sustainable Restaurant”
model proposed in this article shifts the focus to back-end automation.
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Table 5. Comparative analysis of technological strategies:
Dodo Pizza vs. Domino’s Pizza Enterprises.

Strategic R . .
Parameter Domino’s Pizza Enterprises (DPE) Dodo Pizza (Proposed Strategy)
Core Automation Front-End: Al for ordering (Voice, Chatbots) Back-End: Deep automation of production
Focus and Quality Control (DOM Pizza Checker). (3D Printing) and Logistics (ADRs).
Hybrid/Human: E-bikes and scooters Autonomous: Full deployment of
Last-Mile Logistics driven by humans; autonomous vehicles ADR fleets to decouple logistics
used primarily for PR/Marketing pilots. costs from labor market inflation.
Adaptability Menu Localization: Adapting toppings to Structural Adapj[auon: Using Genge}um
. . . to select locations based on geopolitical
to Asia local tastes using standard supply chains.

safety and saturation gaps.

While Domino's utilizes Al primarily to enhance the customer user interface (Ul), the pro-
posed strategy for Dodo Pizza utilizes automation to restructure the unit economics (UE) itself.
This is critical in Asian markets where price sensitivity is high, and the "premium" for foreign
brands is eroding.

Specifically, while Domino's tests autonomous vehicles primarily as a marketing novelty in
select Western markets, the proposed GeoCaelum strategy advocates for Autonomous Delivery
Robots (ADRs) as a fundamental infrastructure requirement for high-density Asian cities like
Shanghai or Ho Chi Minh City. This aligns with recent findings that semi-autonomous robots
are projected to dominate the Asia-Pacific last-mile delivery market due to rapid urbanization
and labor shortages (SNS Insider, 2024; Starship Technologies, 2025). By integrating ADRs,
Dodo Pizza can theoretically reduce last-mile delivery costs by 30-50% compared to human
courier models, effectively bypassing the "courier crisis”" currently affecting platforms like Mei-
tuan.

Challenges of Additive Manufacturing Implementation

While the financial model predicts high returns (IRR=46.5 %) for the 3D-printing integrated
kitchen, the practical implementation faces significant "technoeconomic” hurdles. Literature
confirms that while 3D food printing ensures consistency and minimizes waste, it currently
suffers from low production speeds and limited ingredient compatibility (EDHEC, 2024).

— Scalability Issue: Current extrusion technologies may struggle to match the peak-hour
throughput of a traditional pizzaiolo.

— Consumer Perception: As noted in recent studies, 3D-printed food risks being categorized
as "ultra-processed”, which could alienate health-conscious Asian consumers (Derossi et al.,
2023). Therefore, the strategy must be refined to use AM primarily for complex, labor-intensive
toppings or crust customization, rather than replacing the entire cooking process immediately.

Regulatory and Geopolitical Risks

The GeoCaelum framework's emphasis on geopolitical risk is validated by recent regulatory
shifts in China. The State Administration for Market Regulation (SAMR) has introduced strict
algorithmic oversight to protect delivery workers (BRICS Competition Centre, 2025). A purely
algorithmic approach to labor management, often used by Western firms, risks running afoul of
these new "common prosperity" policies. However, the proposed deployment of ADRs offers a
unique regulatory advantage: by replacing human gig-workers with robots, Dodo Pizza essen-
tially side-steps the labor rights controversies plaguing competitors, provided it complies with
emerging data safety laws regarding autonomous vehicles in public spaces.

Stochastic Risk Management

A critical component of the discussion is the interpretation of the risks associated with such
a high-tech strategy. The implementation of the "Sustainable Restaurant” model is not linear;
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it is subject to probabilistic failures in R&D and regulatory approval (Gorbacheva and Levina,
2024). To visualize this, we constructed a Stochastic Project Network (Fig. 4), which maps the
decision nodes and success probabilities used in our ENPV calculations.

Fig. 4. Stochastic Project Network of the innovative strategy implementation.

As illustrated in Figure 4, the critical path relies heavily on the "Regulatory Approval" node
(Probability P ~(0.6). If local regulations in markets like Vietnam or China restrict the use
of ADRs on public sidewalks (as noted in recent regulatory updates (BRICS Competition
Centre, 2025)), the strategy reverts to a "Sub-optimal" branch where human labor is retained,
reducing the IRR from 46.5 % to 24.0 %. This visualization confirms that the project's success
is less dependent on consumer demand and more dependent on the regulatory environment,
validating the heavy weighting (0.3) of the GCM (Geopolitical Considerations Module) in the
GeoCaelum framework.

Technological Limitations

While the financial model is robust, the physical implementation of Additive Manufacturing
(3D Printing) faces "technoeconomic" hurdles. Literature confirms that current food printers
suffer from low production speeds (EDHEC, 2024). The "Sustainable Restaurant” model ad-
dresses this by utilizing a hybrid approach: traditional ovens for peak-hour "standard" orders,
and 3D printing solely for premium, customized, or complex dietary requests (e.g., gluten-free
structures). This hybridity prevents the "bottleneck effect” often cited in critiques of fully auto-
mated kitchens (Derossi et al., 2023).

Limitations of the Study

The stochastic financial model relies on the assumption of a stable energy supply for the
closed-loop photovoltaic system. In regions with high cloud cover or poor solar infrastructure
(e.g., parts of Northern Vietnam during monsoon season), the energy autonomy of the "Sus-
tainable Restaurant" could be compromised, necessitating grid dependence and lowering the
projected NPV. Future research should incorporate detailed meteorological data into the Geo-
Caelum EPM module to refine these energy yield predictions.
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Conclusion

This research aimed to develop an innovative expansion strategy for a QSR chain in Asian
markets, using Dodo Pizza as a case study. The study confirms that standard franchising mod-
els are insufficient for overcoming the high saturation and unique logistical challenges of the
Asia-Pacific region.

Based on the analysis and modeling performed, the following conclusions are drawn:

1. Market Saturation & Growth Divergence: The comparative analysis established a signif-
icant growth disparity between Western and Asian QSR markets. While Western markets are
stabilizing (CAGR~4.6 %), the Asia-Pacific segment is projected to grow at 1.4 times this rate.
However, successful entry requires a shift from "menu adaptation” to "structural technological
adaptation”.

2. Strategic Necessity of Automation: The financial diagnostics of Dodo Brands revealed
that rising labor costs (couriers and kitchen staff) are the primary constraint on scalability. The
proposed "Sustainable Restaurant” model, integrating Autonomous Delivery Robots (ADRs)
and Additive Manufacturing (3D printing), effectively decouples revenue growth from labor
inflation.

3. Efficiency of the "GeoCaelum" Framework: The developed "GeoCaelum" decision support
system, which weights geopolitical risks (0.3) and market saturation (0.4), proved superior to
standard PESTEL analysis for location selection. It successfully identifies high-potential/low-
risk entry points in complex regulatory environments like Vietnam and Tier-2 Chinese cities.

4. Economic Viability: The stochastic financial simulation confirms the high investment at-
tractiveness of the proposed technocratic strategy. The comprehensive model yields an Internal
Rate of Return (IRR) of 35.0 %, significantly exceeding the company's weighted average cost
of capital (WACC~12.5 %). The highest efficiency is driven by the "Innovative Restaurant”
module (IRR=46.5 %), validating the hypothesis that automation is the key driver of future
profitability in the Asian QSR sector.
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AnHoranusg. CoBpeMeHHbIe HEHpOHHBIE ceTU ¢ TIyookuM obyueHueMm (Deep Learning) ae-
MOHCTPUPYIOT BBICOKYIO TOYHOCTh B 3ajayax KjacCU(UKalMU W IPOTHO3UPOBAHUS, OIHAKO
OCTalOTCS CYIIECTBEHHEIC OTpaHMUYEHUS B MHTEPITPETUPYEMOCTH PE3YIbTaTOB. DTO CO3MAET Ipe-
MSITCTBUE K IPUMEHEHUIO B KPUTUIECKU BaXKHEBIX 00JIaCTSIX, IIie TpeOyeTcss MaKCMMalIbHasI TIpO-
3pauyHOCTh MPUHUMAaEeMbIX pellieHnii. B maHHo# paboTe mpemiaraeTcs MpUMeHEHNE THOPUIHOTO
MOIX0Ma, COYETAIOIIero B cebe KakK METOAbl M3BJICUCHUS IMPU3HAKOB HA OCHOBE HEWPOHHBIX
ceTeil, TaK U KJIACCHYECKUE MHTEPIPETUPYEMbIE aJrOpPUTMbI MAaIIMHHOTO oOydeHMs. B xome
paboThl ObLIA pa3paboTaHa apXUTEKTypa, B KOTOPOM HeipoceTh (DOPMUPYET KOMITAKTHOE IIpEeI-
CTaBJICHVWE NaHHBIX, a (PUHAJIBLHOE pellcHWEe NMPUHUMAEeT WHTePIIpeTUpyeMasi MOACIbh B BHIE
JlepeBa peIleHNI WIN JIOTMIecKoil perpeccun. [TpoBeneHBl 3KCITIEPUMEHTEI HAa OTKPHITHIX Ha00-
pax TaHHBIX, MOATBEPKAAIOIINE, YTO IIPEIIOXKCHHBIN ITOIXOM ITO3BOJISIECT JOOUTHCS YBEITMUCHMS
MHTEPIIPETUPYEMOCTU IIPU COXPAHEHUM TOYHOCTH, conocTaBuMoro ¢ Deep Learning momessiMu.
PesynbTaThl JeMOHCTPUPYIOT MEPCIEKTUBHOCTh TMOPUAHBIX apXUTEKTYp ISl obacTeit, Tpedylo-
LIKX IIPO3PAaYHOCTU M OOBSICHUMOCTH PE3YyJIbTaTOB.

KiioueBsie cjioBa: HeiipOHHBIE CETU, MHTEPIIPETUPYEMOCTh, TUOPUIHBIE MOJENIN, aHATUTHKA
JNAHHBIX, IPUHSATUE PEIICHUI
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Introduction

The growth of computing capabilities and the emergence of large datasets have led to the
widespread and almost mandatory use of deep learning networks, which are well suited for
solving problems of analysis, forecasting, etc. However, the main problem with using such
technologies in their basic form is that the high accuracy of the data obtained is ensured by the
low interpretability of the results. This behavior of technologies creates difficulties in their use
in critically important government areas such as medicine, economics, law and public admin-
istration, where the results obtained must be extremely clear and understandable to a person so
that subsequent decisions have a clear justification. The popularization of Al, in addition to the
complexity of its use, creates the need to develop a new solution that will meet the needs of not
only key stakeholders, but also others where technology is already actively used (Ignatiev and
Levina, 2024; Klimentov, 2025; Kutuzova, 2024). One of the promising solutions to the above
problem is the creation of hybrid methods that combine the advantages and speed of neural
network analysis with classical, explicable algorithms. In such a system, the neural network
performs the functions of extracting specified features, and the interpreted model makes a de-
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cision based on a more transparent representation (Bouwmans et al., 2019; Vilone et al., 2021).
In the course of the work, a hybrid architecture based on the above approach was investigated
and proposed.

The goals and objectives of this study are:

1. Analysis of existing approaches to ensuring interpretability in Al and identification of ad-
vantages of hybrid architectures.

2. Development of the architecture of a hybrid AI model using a neural network to extract
compact features (embeddings), and an interpreted classifier to make a decision.

3. Assessment of the impact of embeddings on key metrics: classification accuracy, complexi-
ty and stability of the interpreted model (decision tree), as well as on qualitative interpretability.

4. A description of the limitations identified during the study.

Materials and Methods

To solve the tasks set, the study is structured in several steps. To begin with, a theoretical
analysis and synthesis of existing methods of interpreted Al is carried out. And then a hybrid
architecture is implemented, consisting of a two-component system: a neural network feature
extractor (MLP) and an interpreter classifier (decision tree).

The key methodological idea is to train a neural network to form embeddings that not only
preserve the information necessary for classification, but also provide a more stable and simple
logical representation for subsequent training of the decision tree (Adadi and Berrada, 2018;
Skatova, 2024). A comparative analysis will be conducted between a reference interpreted mod-
el trained on the initial features and a hybrid model trained on embeddings obtained from a
neural network.

The interpretability of Al can be divided into intrinsic (intrinsic) and resultant (post-hoc).
Intrinsic models are logical regression, decision trees, or linear models that have unconditional
transparent logic. Post-hoc models, such as LIME or SHAP, do not change the model, but
explain its behavior from the outside, but the explanations themselves can only be approximate
and do not provide a correct interpretation (Adler et al., 2018; He et al., 2016; Molnar, 2022).

The proposed hybrid approach is based on current trends in the field of explicable artificial
intelligence. Unlike post-hoc methods such as LIME and SHAP, which provide only local and
approximate explanations for complex models, this study focuses on creating an intrinsically
interpretable model. The work is based on the concept formulated by Rudin, who argues that
interpretable models should be used for high-risk solutions instead of trying to explain "black
boxes" (Rudin, 2019). The proposed architecture echoes the direction described by Al-Shedivat,
where neural networks are used for contextual representation of data, but in this work the em-
phasis is on separation of functions: the neural network is responsible for representation, and the
decision tree is responsible for interpreted classification (Al-Shedivat et al., 2020). In addition,
the work expands Caruana's ideas about the use of interpreted models in medicine, showing that
even simple neural network preprocessing can improve the stability and transparency of final
decisions without significant loss of accuracy (Caruana et al., 2015). The approach to feature
extraction through a hidden layer of a neural network for subsequent training of simple models
is also reflected in Zhang's work on learning compact representations, which emphasizes that
reducing dimensionality and eliminating noise increases interpretability (Zhang et al., 2021).

Deep Learning networks are high—performance, but they have a number of limitations -
their internal representations are extremely difficult to interpret, they are subject to shifting and
unstable decisions, and the process of making these decisions is difficult for the user to explain.
These limitations create promising research in the application of hybrid architectures (Lapus-

34



4 -

chkin et al., 2019; Nguyen et al., 2015; Plumerault et al., 2020).

Approaches combining neural networks and symbolic methods have received attention in
recent years, among them are (Alonso, 2020; Lakkaraju et al., 2019; Pochetniy, 2025):

1. Rule extraction, which try to extract rules from trained networks;

2. Surrogate models, which train an interpreted model based on neural network predictions.

However, the above-mentioned methods are resultant, not embedded, which also remain
insufficiently studied. In these methods, the classical model makes a decision based on the
features that the trained neural network selects. Based on this, an experiment was conducted to
improve the interpretability of the result using a hybrid architecture.

Experimental data

During the evaluation of the model, a data set such as breast cancer statistics for St. Peters-
burg and the Leningrad region (biomedical diagnostics) was used. The criterion for choosing a
set is the requirement for clarity of the results obtained, the need to ensure high accuracy, as
well as the openness of the data.

To conduct the experiment, a model was built with the following settings: a neural network
was built based on MLP with hidden layers, one of which is 16 neurons in size, as well as an
interpreted model in the form of a decision tree up to 4 levels deep. The criteria for analyzing
the results obtained were the following characteristics: interpretability of the final model, esti-
mation accuracy, sample stability, complexity of the decision tree, stability of the tree structure
during retraining of the model.

In addition, another goal of the experiment was to test the hypothesis that compact embed-
dings formed by a trained neural network improve the quality of interpretation while reducing
complexity.

For the tests, a set containing 569 samples and 30 valid signs obtained from the analysis of
medical images from real practice was used. The target sample variable is 0 for the condition
that the tumor is benign and 1 for a malignant tumor. Before the experiment, data was preproc-
essed, which included normalization of features (StandardScaler), splitting into training and
test samples in a 70/30 ratio, as well as elimination of outliers by threshold methods (IQR).
As a result of these operations, a balanced data set (class ratio ~ 37/63) was obtained, which
increases stability and reduces the risk of model bias.

The hybrid model used in the study consists of a neural network (MLP) As a feature extrac-
tion tool, it has the following characteristics: input of 30 features, a hidden layer of 16 neurons,
ReLU activation, output by 16—dimensional embedding, Adam optimization, and an epoch
limit of 800. The neural network was trained as a regular classifier, then only a hidden layer was
used, which extracts structured data. This made it possible to reduce the dimension and elim-
inate linear and nonlinear dependencies between the initial features. The model also includes
an interpretation that, before hybridization, was a classic A tree with a depth of up to 4 levels
and a decision tree with a depth of up to 3 levels, trained on embeddings after. Thus, the tree
in system B is more depth-limited, but it benefits from better feature factorization.

To assess the quality of the data obtained, metrics such as Accuracy, Precision, Recall, F1-
score, ROC-AUC, number of leaves, depth of the tree, number of rules, and stability of the
tree were used.

Results and Discussion

You can see the results of the interpretation below and ROC-curves.

Tree A is shown in Figure 1. This is a classic Decision Tree, trained directly on the initial
30 features of the dataset. The depth of the tree was limited to 4 levels. In the experiment, this
model serves as a benchmark for "default interpretability” and a reference point for comparing
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complexity and accuracy.

Tree B is a decision tree with a depth of up to 3 levels, which is trained not on the initial
features, but on 16-dimensional embeddings extracted by a trained neural network (MLP).
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samples = 245
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Fig. 2. Tree B.

Fig. 3. Graph of ROC curves.
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The main results obtained during the experiment are presented below in the form of tables
1, 2, 3, 4 with a brief explanation.

Table 1. Classification quality.

Model Accuracy ROC-AUC
Tree A 0,96 0,97
Tree B 0,95 0,96

Based on this, the accuracy of the hybrid model with tree B is inferior to the original one,
which reduces the quality of the assessment, but remains at a high and comparable level.

Table 2. The complexity of the tree.

Model Depth Number of rules Number of leaves
Tree A 4 12 7
Tree B 3 6 4

The tree structure of the hybrid model becomes almost twice as short, which increases in-
terpretability and is the main task of the study.

Table 3. Stability during repeated training.

Model Stability of the structure
Tree A Low — high variability with the same sample
Tree B High — minimal changes

The same conditions were set for both models — the same data sample and the number of
runs (10 times). Based on this, it can be concluded that embedding reduces the sensitivity of
the model structure to noise.

Table 3. Stability during repeated training.

1. The solution depends on the specific numbers of the initial features

Model A 2. The tree relies on combinations of parameters

1. Solutions are based on more general embeddings
Model B 2. Factors consolidate groups of features, highlighting patterns
3. Increased interpretability due to less overloading of rules

It is worth mentioning that the following restrictions were adopted during the study:

1. The analysis was performed on a single dataset, so the accuracy of the system must be
confirmed by increasing the number of samples and the data extracted from them;

2. A simple MLP was used, which, although it simplifies the research task, but when using
the logic of building on more complex architectures, it is possible to achieve comparatively
better embeddings;

3. The interpretation of the resulting embeddings still needs the use of additional methods
such as PCA, SHAP, CCA, etc.
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Conclusion

In this study, interpreted models and their advantages over post-hoc methods were consid-
ered. This made it possible to justify the need for the implementation and subsequent use of
interpreted models.

A two-component model was successfully implemented and tested, where a neural network
(MLP) performs the role of extracting compact and structured features, and a decision tree acts
as a transparent classifier. This confirmed the fundamental possibility of separating the func-
tions of "presentation” and "decision-making".

The obtained results provide clear answers to research questions. The use of embeddings
made it possible to reduce the complexity of the decision tree (the depth was reduced from 4
to 3, the number of rules — from 12 to 6), as well as to increase the stability of its structure
during repeated training, which indicates a reduction in the influence of noise. The accuracy of
the hybrid model (Accuracy 0.95) remained at a level comparable to the baseline (0.96), which
confirms the hypothesis of maintaining the quality of forecasting.

Despite the results achieved, limitations have been identified that require further study. The
task of interpreting the embeddings themselves remains open and requires the use of addition-
al tools (for example, SHAP or CCA). In addition, it is necessary to validate the proposed
approach on a wider range of datasets and using more complex neural network architectures
(for example, convolutional or recurrent), which is the vector of future research. Thus, all the
research tasks have been solved, and the proposed hybrid model has demonstrated its promise
for creating transparent and reliable Al systems.
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Annotamus. bosbime s3pik0BbIe Moenu (BSIM) cTanu 4pe3BbIYaitHO BIMSATEIBHBIMU TEXHO-
JIOTUSIMUA B 3JIEKTPOHHON KOMMEPIIMH, OTKPBIBASI BO3MOXKHOCTH TSI CJIOKHBIX TIPWJIOKEHUI BO
B3aMMOJIECTBNM C KIMEHTaMHU, MTOBBIIICHUS 3G (MEKTUBHOCTA OM3HECA U MPUHSITUS PEIICHUIA.
Takue bAM, kak GPT-4, BERT u t5, mpoaeMOHCTpUPOBaJIM BEICOKYIO TOYHOCTH B 00pabOTKe
€CTEeCTBEHHOTO sI3bIKa C MCIOJIb30BAHUEM apXUTEKTYpPhl IITyOOKOro 00y4YeHUsI HA OCHOBE TPaHC-
(opmMepoB U CIIOCOOCTBYIOT MEPCOHAIM3MPOBAHHBIM PEKOMEHAALUSIM, CO3NAHUIO KOHTEHTA U
WHTEJJIEKTYaTbHOMY B3aMMOIEUCTBUIO ¢ KineHTaMu. CyIecTBYIOIIAs JINTepaTypa OKa3bIBaeT,
yTO 4ar-00Thl Ha ocHOBe BSM crocoOHbl peinTh Gosee 80% pacrpoCTpaHEHHBIX BOIIPO-
COB KJIMEHTOB. AHAJIOTUYHO, PeKOMEHIaluu, npeaocrasisieMble BAM, BHecn 3HAYUTETBHBIN
BKJIAZ B POCT JOXOIOB MPEANPUATHI 3JICKTPOHHOM KoMMepHuu. HecMOTpst Ha 3TH IMOTEHIIM-
aJIbHble BO3MOXHOCTU IIPMMEHEHUS, CYILIECTBYIOT Cepbe3Hbie IpoOseMbl BHeapeHus bAM B
3JIEKTPOHHYI0O KOMMEPLIMIO, BKJII0Yas BOMPOCHhl KOH(MPUACHIIMAIbHOCTH, CTOUMOCTU U 3TUKHU.
Lenp maHHOW cTaTbu — CHCTEMaTUYECKM WM3Yy4uTh nmpuMeHeHue bAM B ayeKTpOHHON KOM-
MepILIMH, BKJIIOYas MX TPEeMMYyIecTBa, HEAOCTaTKM M MoTeHIMan. Ha ocHoBe CpaBHUTEIHLHOTO
aHaM3a KOHKPETHBIX TIPUMEPOB TPEX TMTAaHTOB 3JIEKTPOHHOU KoMMeplimu Amazon — Alibaba
n Shopify, a Takke aHanM3a HOBBIX TeHIAEHIIWIT B MHororpaHHoir MM m romocoBoit Kommep-
LIMY C YYETOM KJTIIOUEBBIX MPOOJIeM BHEAPEHUS, MCCIIeIOBaHME HAMPABJICHO Ha MpPeloCTaBlIeHUE
LICHHBIX CBEACHMI /I ONTUMU3ALMU NTpuMeHeHusT bSAM B 251eKTpOHHOI KOMMEPIIUU.

KioueBbie c1oBa: GOJBINME SI3BIKOBBIC MOMENM, IEKTPOHHAST KOMMEPITUs, 06paboTKa ecTe-
CTBEHHOTO $I3bIKa, 4aT-00ThI

dnga wurupoBanug: Mexpu H. Dbonbpmme s3sikoBbie Momenu (LLM) B 3aeKTpoH-
Hoit komMepuuu // TexHoskoHomuka. 2026. T. 5, Ne 1 (16). C. 41—53. DOI: https://doi.
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Introduction

The rapid advancement of artificial intelligence has fundamentally reshaped the landscape
of digital commerce. Among the most consequential recent developments is the emergence of
Large Language Models (LLMs) neural network architectures trained on massive corpora of
text data that demonstrate remarkable capacity for understanding, generating, and reasoning
with natural language (Brown et al., 2020). Platforms such as Amazon, Alibaba, and Shopify
have been among the first to integrate these systems at scale, deploying them across customer
service, content generation, fraud detection, and supply chain management.

The problem this study addresses is both technical and economic in nature: While LLMs
provide quantifiable benefits in terms of performance, the deployment of LLMs in a business
context creates a multifaceted and complex set of trade-offs. Despite the increasing adoption
of LLMs in the industry, the extant research lacks a comprehensive and cross-platform study
on the quantification of the trade-offs associated with LLMs. Understanding the varying ap-
proaches to address the challenges associated with LLMs by different organizations is essential
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for practitioners and policymakers alike.

The importance and relevance of the problem being addressed by the study are evident by the
quantification and growth rate of the LLM industry. The global market size for Al in e-com-
merce was valued at around 5.8 billion dollars in 2023 and is expected to grow at a compound
annual growth rate of more than 14 percent until 2030 (Online Retailer Survey, 2024). Of the
total market size, the LLM industry has the highest growth rate due to the increase in the ef-
ficiency of LLMs and the decrease in the cost incurred by LLMs. However, the growth in the
industry also increases the risks associated with the deployment of LLMs by SMEs.

The purpose of this paper is to provide a structured, evidence-based analysis of how LLMs
are currently applied in e-commerce, what measurable benefits they produce, what barriers
constrain their adoption, and what directions are likely to define the next phase of their de-
velopment. To achieve this purpose, the research addresses five specific tasks: (1) identify the
primary application domains of LLMs in e-commerce; (2) quantify their measurable benefits
using available performance indicators; (3) characterize the critical implementation challenges;
(4) compare deployment strategies across industry leaders; and (5) examine emerging trends
shaping future LLM integration.

Methodology

This research makes use of the qualitative comparative case study approach. This approach
has proven useful in the exploration of contemporary technological phenomenon in real-world
organizational contexts in which experimental control cannot be exercised (Yin, 2018).

The research tasks outlined in the introduction section were addressed through the following
three-step structured approach:

Step 1 — E-commerce systems assessment: An evaluation of Al-driven systems within each
case company to identify domains where LLMs have been implemented. This involved re-
viewing corporate technical documentation, white papers, and published reports from Amazon
Science (2023), Alibaba Cloud (2023), and Shopify's developer platform.

Step 2 — LLM-to-application mapping: A systematic mapping of LLM capabilities to specif-
ic e-commerce functions, including personalized recommendations, sentiment analysis, content
generation, and fraud detection. Capabilities were classified by model type (GPT-4, BERT, T5)
and application domain.

Step 3 — Comparative performance evaluation: A cross-case analysis using key performance
indicators (KPIs) reported in the literature and industry sources, including response accuracy,
response latency, customer satisfaction scores (CSAT), and query resolution rates (Rasheed et
al., 2025).

Data were collected through systematic documentary analysis of secondary sources: peer-re-
viewed academic literature retrieved from Google Scholar and Semantic Scholar (2017—2025),
corporate white papers and annual reports, and industry benchmark datasets including the
Online Retailer Survey (2024). Case companies Amazon, Alibaba, and Shopify were selected
purposively to represent diversity in scale (enterprise to SME), geography (North America and
Asia-Pacific), and application focus (recommendation engines, multilingual customer service,
and democratized commerce tools).

The qualitative content analysis of collected data followed a structured coding process: first,
open coding to identify themes across sources; second, axial coding to relate themes to the five
research tasks; and third, selective coding to produce the comparative findings reported in the
Results Section. The methodological logic is summarized in Figure 1.
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Requirement Design Development Testing Deployment
Gathering (Mapping) (KPI Analysis) & Conclusion

Fig. 1. Iterative research workflow applied in this study.

Literature Review

Foundations of Large Language Models

A Large Language Model (LLM) is an advanced artificial intelligence system with high
accuracy in processing, producing, and interpreting human languages. LLMs, such as GPT-
4, BERT, and T3, utilize advanced deep learning models like transformers to process large
amounts of text data (Vaswani et al., 2017). LLMs' versatility has been proven in various
fields, including NLP, coding, and content creation. LLMs are now being incorporated into
e-commerce platforms to improve customer experience, business processes, and growth. The
recent development of LLMs has significantly increased parameters, with strong performance in
NLP-related tasks (Touvron et al., 2023).Kalyan et al. (2022) describe LLMs as a special class
of pretrained language models obtained by scaling model size, pretraining corpus, and com-
putation. LLMs treat any NLP task as a conditional text generation problem and generate the
desired output by conditioning on an input prompt. Because of their large size and pretraining
on large volumes of text, LLMs exhibit 'emergent abilities' not present in smaller models. GPT-
4, for instance, outperforms GPT-3 by over 11 percentage points on standardized academic
examinations and achieves 86.8% accuracy on domain-specific Q&A benchmarks.

Research by Brown et al. (2020) highlights the transformative potential of LLMs in auto-
mating tasks that traditionally required human intervention. Their ability to understand context
and generate coherent responses makes them invaluable for e-commerce businesses seeking
to scale operations while maintaining high-quality customer interactions. The development of
BERT (Devlin et al., 2019) further demonstrated that bidirectional pretraining on unlabeled
text produces representations that outperform task-specific architectures across a wide range of
NLP benchmarks.

Fig. 2. Overview of LLM architecture and e-commerce application domains.

Implementation of LLMs in E-Commerce

The inclusion of LLMs in e-commerce has increased customer engagement, streamlined
processes and increased sales. E-commerce activities LLMs use different models based on their
design and type of training data, as presented in Table 1.
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Table 1. Comparative analysis of LLM capabilities across e-commerce tasks.

Task

GPT-4 (OpenAl)

BERT (Google)

T5 (Google)

Customer Support

High conversational
fluency; handles complex
queries (Xu et al., 2022).

Optimized for intent

classification; less generative

(Devlin et al., 2019).

Balanced for Q&A but
requires fine-tuning
(Raffel et al., 2020).

Product
Descriptions

Human-like creativity; prone to
verbosity (Hsu & Chen, 2023).

Struggles with long-
form generation; better
for SEO snippets.

Adaptable to templates;
controllable output.

Recommendations

Context-aware but
computationally expensive

Efficient for embedding-
based similarity (Kang

Flexible for multi-task
learning (e.g., reviews

(Wang et al., 2023).

Lower precision due
to generative nature
(Wang et al., 2023).

& McAuley, 2023). + recommendations).

Scalable for batch
processing.

High accuracy in anomaly

Fraud Detection detection (Li et al., 2023).

Custom Support and Chatbots

Chatbots and Al-based LLMs are among the first efforts of LLMs in the e-commerce sector.
LLM-based chatbots provide instant, automated responses to customer requests. This reduces
the need for human intervention. LLM-based chatbots respond to 80% of customer requests.
This has been further emphasized by research conducted by Liu et al. (2021). Therefore, human
customer service representatives can focus on more complex questions. This not only improves
the efficiency of customer service representatives, but also increases customer satisfaction. The
use of chatbots is one part of the overall digital transformation of the e-commerce sector.

Moreover, LLMs enable chatbots to understand nuanced language and context, allowing
them to provide personalized recommendations. Zhang et al. (2022) demonstrate how LLMs
can analyze customer preferences and past interactions to suggest products that align with in-
dividual tastes, fostering stronger customer relationships and increasing the likelihood of repeat
purchases.

Product Descriptions and Content Generation

Producing high-quality product descriptions is a critical aspect of e-commerce success.
However, manually creating these descriptions can be time-consuming and resource-intensive.
LLMs offer a solution by automating the content generation process. Vaswani et al. (2017)
demonstrated the capabilities of the proposed model to generate accurate and captivating prod-
uct descriptions based on a minimum amount of input information, such as the specifications
or keywords associated with a particular product.

Devlin et al. (2019) also pointed out the potential benefits associated with the application
of LLMs in optimizing the generated content to ensure better search engine rankings. Indeed,
LLMs have access to information regarding the behavior and preferences of internet users and
the information retrieved by search engines. Such information enables the proposed models to
generate more accurate and captivating product descriptions. LLMs also understand the impor-
tance of maintaining a consistent and appealing tone and style in the generated content.

Personalized Recommendations

Personalization is an important part of the e-commerce strategy. Wang et al. (2023) have
shown the potential of LLMs in processing unstructured data like customer reviews and social
media conversations to create a personalized recommendation signal, which is better than the
traditional filter reccommendation approach. LLMs have the potential to adapt to new informa-
tion in real time so that the recommendations are always relevant and updated.

FEmotion analysis and feedback management

Customer feedback has a significant impact on e-commerce strategy. Kumar et al. (2022)
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demonstrated the potential of LLMs in sentiment analysis to classify customer reviews as pos-
itive, negative, or neutral with high accuracy. LLMs have the ability to summarize customer
reviews and provide actionable insights by highlighting common factors across thousands of
reviews.

Fraud Detection and Risk Management

E-commerce sites have become a common target for cybercriminals to engage in illegal ac-
tivities such as fake customer reviews, account takeovers, and payment fraud. Li et al. (2023)
demonstrated the ability of LLMs to detect, where LLMs outperformed other rule-based meth-
ods in detecting unusual transactions. LLMs have been effective in detecting fake customer
reviews using linguistic pattern analysis, as shown by Chen et al. (2021), to provide accurate
information to customers when making purchasing decisions.

Challenges and Limitations

Although LLMs have many strengths, their effective use in e-commerce poses many chal-
lenges. Iyer et al. (2024) observe that challenges such as challenges of bias, ethics related to
security and data protection, and developing a robust assessment framework are important chal-
lenges to responsibly achieve the benefits of LLMs. Smith et al. (2023) identifying data privacy
as the most important concern: LLMs require access to large datasets that often contain sen-
sitive customer information and create vulnerabilities under the GDPR and CCPA framework.
Yao et al. (2024) adding a cybersecurity dimension, noting that while LLMs are increasingly
being used to identify vulnerabilities, they are also introducing new attack levels, including rap-
id and inverted model injections. However, Yao et al. (2024) generally conclude that LLMs are
now contributing more to the security community than they are negatively.

Johnson et al. (2022) document that biased training corpora produce skewed recommen-
dation outputs that systematically disadvantage certain demographic groups. Lee et al. (2023)
address the computational cost problem, noting that inference at enterprise scale can be prohib-
itively expensive for small and medium businesses absent optimization strategies such as quan-
tization and model distillation. Bender et al. (2021) raise foundational ethical concerns about
the environmental cost and societal risks of large-scale model deployment, while Anderson et
al. (2023) call for industry-wide guidelines governing the use of generative models in advertising
and persuasion contexts.

Content uniqueness is an additional concern: LLMs may produce text that inadvertently
replicates copyrighted material or lacks originality (Bender et al., 2021). Mitigation strategies
include the use of plagiarism detection tools (e.g., Turnitin, GPTZero), human editorial review,
and disclosure of Al use where required by regulation. Shopify, for example, enforces manda-
tory human review of all LLM-generated product descriptions before publication (Taylor et al.,
2023).

Results

Case Study: Amazon

Amazon's LLM integration is most consequential in its recommendation engine and product
catalog management. According to Amazon Science (2023), the company has migrated from
legacy machine-learning pipelines to LLM-based systems for attribute normalization across its
product catalog. After multiple rounds of prompt tuning, the LLM performs three main tasks:
recognizing standard attribute values to establish correctness; collecting alternative representa-
tions, or synonyms, of standard values; and detecting erroneous or nonsensical data entries.
This is particularly valuable for complex product categories such as surgical instruments where
traditional models trained on simple goods struggled with attribute granularity.

Amazon's recommendation engine, which accounts for an estimated 35% of its total reve-
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nue, uses LLMs to analyze real-time behavioral signals and long-term purchase patterns (Bezos
et al., 2023). The system's ability to process unstructured data including reviews, Q&A threads,
and browsing sequences represents a qualitative improvement over earlier matrix-factorization
approaches (Rendle et al., 2023). Amazon's use of Al also optimizes inventory management and
distribution, allowing for faster and more efficient product delivery than competitors.

Case Study: Alibaba

Alibaba's LLM deployment is distinguished by its multilingual scale and customer service
focus. Alibaba Cloud (2023) reports that its DAMO Academy has developed LLMs capable of
processing Southeast Asian languages Vietnamese, Indonesian, Thai, Malay, Khmer, Lao, Ta-
galog, and Burmese languages substantially underrepresented in standard LLM training corpora
This is a strategic advantage for Alibaba's regional e-commerce subsidiaries, where the quality
of customer service in the local language is key to conversion and retention.

Ma et al. (2023) found that the Al chatbot system used by Alibaba handles millions of cus-
tomer inquiries per day. Furthermore, Alibaba leverages the capabilities of LLMs in creating
product descriptions and supply chain operations, with some of the best chatbot performance
metrics among the platforms used in the study, as presented in Table 3.

Case Study: Shopify

Shopify's approach to LLM integration is distinctive in that its primary objective is democra-
tization rather than enterprise-scale optimization. Taylor et al. (2023) document how Shopify's
Al tools enable merchants with limited technical resources to generate product descriptions,
design store layouts, and manage inventory through natural language interfaces. This reduces
the technical barrier to e-commerce participation, broadening the addressable market for the
platform itself.

Comparative Performance Analysis

Table 2 presents a comparative analysis of Al-enabled chatbots across Amazon's Alexa,
Shopify's chatbot, and Alibaba's Tmall Genie, evaluated against four key performance indica-
tors: accuracy, response time, customer satisfaction (CSAT), and resolution rate (Rasheed et
al., 2025).

Table 2. Chatbot performance metrics across three e-commerce platforms (Rasheed et al., 2025).

Platform Accuracy (%) Response Time (s) CSAT (1-5) Resolution Rate (%)
Amazon (Alexa) 92 1.2 4.5 89
Shopify (Chatbot) 88 1.5 4.3 85
Alibaba (Tmall Genie) 93 1.1 4.6 90

Alibaba's Tmall Genie leads on all four metrics 93% accuracy, 1.1-second response time, 4.6
CSAT, and 90% resolution rate consistent with its strategic investment in Al customer service
infrastructure and fine-tuning on high-volume multilingual interaction data. The performance
gap between Shopify and its larger competitors reflects differences in training data volume and
the breadth of merchant types served rather than a fundamental architectural limitation.
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Fig. 3. Performance comparison of Al chatbots across Amazon, Shopify, and Alibaba (Rasheed et al., 2025).

Al Adoption Benefits: Survey Evidence

According to the Online Retailer Survey (2024), 472 online retailers that use Al for content
creation or translation were asked about the benefits of Al in this context. With 89% of men-
tions, time-saving was the dominant reported benefit. Translating texts into other languages was
cited as a key use case, while 46% of respondents stated that more content could be created in
marketing. Additionally, 42% of retailers indicated a decrease in personnel costs. A considerable
share also indicated that the use of Al technology results in higher content quality because the
text generated by LLMs tends to be more structured and easier to comprehend than text written
by humans. Figure 4 presents the survey results.

Fig. 4. Benefits of Al adoption in content creation and translation — Online Retailer Survey (2024), n = 472.
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Similarities and Differences Across Case Studies

Amazon, Alibaba and Shopify have similar goals in improving the customer experience
through the use of LLMs in e-commerce. They have different approaches in using LLMs to
improve different processes in e-commerce. All three companies have similar goals in im-
proving the customer experience. The approaches that Amazon, Alibaba and Shopify use to
improve different processes in e-commerce vary significantly. Amazon focuses on generating
revenue through its advanced LLM-based recommendation system. In contrast, Alibaba fo-
cuses on large-scale customer service through its high-volume chatbot system. Shopify focuses
on democratizing e-commerce by providing advanced Al technology to small businesses. This
suggests that the application of LLMs in e-commerce is not a one-size-fits-all approach.

Emerging Trends and Future Directions

There are three emerging trends in the application of LLM in e-commerce that are set to
significantly change the application of LLM in e-commerce in the near future. First, the devel-
opment of multifunctional LLM systems that can process images, video and audio in addition
to text has significant implications for visual product discovery. Kim and et al. (2023) show that
multi-medal models can recommend products based on images uploaded by users, an ability
that has direct implications for fashion retailing, furniture and consumer electronics.

Second, voice commerce powered by LLMs is accelerating. Agarwal et al. (2025) document
Amazon's integration of automatic speech recognition with downstream LLM pipelines to en-
able voice-based product search and ordering via Alexa. Park et al. (2023) report growing con-
sumer adoption of voice assistants for purchase decisions as smart speaker penetration increases.

Third, augmented reality (AR) combined with LLMs offers exciting possibilities: an LLM
can guide users through an AR shopping experience, providing detailed product information in
real time. Thompson et al. (2023) suggest this integration can significantly enhance customer
engagement and reduce return rates. Finally, sustainable Al has emerged as a strategic consid-
eration: Schwartz et al. (2020) propose 'Green Al' metrics to encourage efficient model design,
and Green et al. (2023) report that energy-efficient architectures and renewable-powered infer-
ence infrastructure are increasingly part of corporate Al roadmaps.

Conclusion

This paper set out to answer five research questions concerning the application, benefits,
challenges, comparative strategies, and future directions of LLM deployment in e-commerce.
The analysis of literature and three industry case studies yields the following conclusions.

Regarding research task 1, the primary application domains of LLMs in e-commerce are
customer support and chatbot automation, personalized product recommendations, automated
content generation, sentiment analysis and feedback management, and fraud detection. These
applications span the full customer lifecycle from pre-purchase discovery to post-purchase sup-
port.

Regarding research task 2, LLMs produce measurable benefits across all five domains. Chat-
bot systems achieve query resolution rates of 85—90% (Table 3), while Al-assisted content
creation delivers time savings recognized by 89% of adopting retailers (Figure 4). Recommen-
dation systems built on LLMs process unstructured signals that traditional collaborative filtering
cannot handle, improving relevance in cold-start conditions.

Regarding research task 3, the critical implementation challenges are data privacy and reg-
ulatory compliance (Smith et al., 2023; Yao et al., 2024), algorithmic bias in training data
(Johnson et al., 2022), and the computational cost of inference at enterprise scale (Lee et al.,
2023). These challenges require deliberate governance frameworks and ongoing model auditing.

Regarding research task 4, deployment strategies diverge significantly by organizational con-
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text. Amazon prioritizes revenue optimization through sophisticated recommendation and cat-
alog management systems. Alibaba emphasizes multilingual customer service at scale. Shopify
focuses on democratizing access to LLM capabilities for small-business merchants.

Regarding research task 5, the most consequential emerging trends are multimodal LLMs
enabling visual product search, voice commerce integration, AR-enhanced shopping experi-
ences, and sustainable AI architectures. Each direction addresses current limitations and is
supported by early empirical evidence from industry deployments.

Future research should focus on developing standardized evaluation benchmarks for LLM
performance in commercial settings, longitudinal studies of bias mitigation strategies, and
cross-industry analyses extending beyond the three companies examined here. The broader
adoption of LLMs in e-commerce is not a question of whether, but of how responsibly and
efficiently organizations can navigate the transition.
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MHOTOKPUTEPUAJIbHbIA ACMEKT 3KOHOMUYECKOM
MOAE/IU ONTUMAJIbHOIO BbiBOPA B 3AAAYE ALANTUBHOIO
YMNPABJIEHUAI PECYPCAMU NMPOU3BOACTBEHHOMN KOMMNAHUU

KoHcTaHTMH PponoB =

CaHkT-MeTepbyprckuii NONUTEXHUYECKUIA YHUBEpCUTET MeTpa Bennkoro,
CaHkT-NeTepbypr, Poccnsa
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Annoramuda. Ilogxon K BeIOOpY BapuaHTa pacIipele/ieHUsI PeCypCoOB B 9KOHOMUUYECKUX CHU-
CTeMaX, OCHOBAaHHbI Ha MCMOJb30BAHWM OJHOTO KPUTEPUsI, HE COOTBETCTBYET OOBEKTUBHOM
KapTUHE yIpaBjieHWs. B 3Toif ¢BSI3M aKIleHT Ha MHOTOKPUTEPUAILHOM BBIOOpE, Hambojee ak-
TyaJbHBIN JIJIS TIPOM3BOJCTBEHHOM KOMITaHWU, He TpeOyeT 000CHOBAaHMS KakK OoJiee TIpuBJIeKa-
TEJbHBIN ¢ TOYKM 3PEHUSI OTPaXeHUSI 00BEKTUBHOTO CIICHAPHS yIIpaBiIecHUSA pecypcamu. Llenp
HCCIIeI0OBaHUSI — pa3paboTKa aOCTPaKTHON (hOPpMaIM30BaHHON MOIEIN M METOIOJIOTHYECKOIO
COIIPOBOXICHMST TEOPETUKO-METONOJIOTUUECKOrO anrapara, B KOTOPbIX HAIlUIM OTpaKeHUe He-
CKOJIbKO KpUTepUEB BbIOOpaA: TMOKOCTh B (hOpMUpPOBaHUM rpaduka onepauuii (ornepauvoHHas
IMOKOCTh), YCTOMYMBOCTD, 3KOHOMMYECKast 3 (PeKTUBHOCTb. DTU aCNEKThI NEITeTbHOCTH JTOJIK-
HBI pacCMaTpUBaThCsA He KaK 3aMOPOXEHHbBIE CYITHOCTH, a C YIYETOM AWHAMUKU, SIBISIOIIEHCS
CJIEICTBUEM OTpaxkeHUs! (PYHKIIMOHUPOBAHUST OPTaHM3AIMA B KOHKYPEHTHOM cpelie, C U3MEHSI-
IOIIMMUCS TIPUHLUMIIAMY (DUCKATBHOTO PETYJIMPOBAHUS M BIUSHUS IpUponbl. MeTomoiornie-
CKMI1 0Ga3uc HCClIeaoBaHUS — TEOpMsSI MHOTOKPUTEPHAILHOIO BhIOOpA, MCCEAOBAaHUS OIepa-
1yt 1 Teopust amantuBHoro ynpasieHus: (Lotov and Pospelova, 2008). B pabote mpemyioxeHa
MoOje/ib, OPUEHTUPOBAHHAs Ha MCIIOJBb30BAaHUE B CKOJIB3SIIEM TOPU30HTE IUIAHUPOBAHUS, B
MOJIeJIb BKITIOUEH MEXaHWU3M TWHAMWYECKOM KaJTMOPOBKM BECOBBIX KOA(POUIIMEHTOB Ha OCHOBE
0alieCOBCKOTrO OOHOBJIEHUS U alIrOpUTM moctpoeHus Ilapero-dpoHTa. [TpenmoxeHbl MoaX0oabl
K OILICHKE KJIIOYEBBIX IOKazaTesieil 3(p(PeKTUBHOCTH, UMEIOIINX OTHOIICHUE K pacIpeneIcHUIO
pPEeCypcoB, 3aiepxKKe IMIPUHSATUSI ONEPATUBHBIX YIIPABJICHYECKUX PEIICHUI U CIIOCOOHOCTD Mpe/I-
MPUSTUSL pearupoBaTh Ha He3allJlaHMpOBaHHbIe Bo3AelicTBUs PaboTa MoxeM OBbITh MOJIE3HON B
KOHTEKCTE Pa3BUTHS TEOPUM AJANTMBHOIO YIIPABJIECHUS B SKOHOMUYECKUX CHCTeMax; Mpemio-
SKEHHBIC TTOJIOXKEHMST MOTYT OBITh MCITOJI30BaHbI KaK apryMEHTHI VIS pa3pabOTK MHCTPYMEH-
TOB WHTCJUICKTYAJTBHBIX CUCTEM TOMIEPKKHA PEIICHN B MIPOM3BOICTBEHHBIX KOMITAHUSIX.

KioueBnbie ciioBa: MHOTI'OKpUTEPpHAJIbHAsA ONTUMU3ALNA, aJallTUBHOEC YIIPABJICHUC peCcypca-
MU, 3KOHOMUYECKasaA MOIECJb, HapCTO—OHTI/IMaJ'IbHOCTL, IIPOU3BOACTBCHHAsA KOMIIAHMA, JUHA-
MHNYCCKOC paCpCaCICHUC, YCTOﬁqPIBOCTb HICIMMOYECK IMOCTAaBOK
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Introduction

Modern industrial manufacturing operates under conditions of uncertainty driven by global
economic changes, technological transformation (Industry 4.0 and 5.0), as well as the tight-
ening of environmental and social standards (ESG — Environmental, Social, and Governance
— business management principles based on environmental responsibility, high social rele-
vance, and quality corporate governance). In such a scenario, planning models focused on cost
minimization or output maximization under fixed parameters demonstrate their inadequacy
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in addressing real-world challenges and cannot be considered effective. The limitation of the
traditional approach lies in its neglect of systemic production dynamics, the absence of modern
tools that provide an adaptive response to changes in demand, prices for components, raw ma-
terials and semi-finished products, and the availability of labor resources. From the perspective
of formal problem representation, it is necessary to recognize that the mutual influence of these
parameters complicates the reduction of a multidimensional objective function to a single ag-
gregated indicator (Steuer, 1986; Deb, 2001).

The relevance of this study is driven by the need for a comprehensive analysis of approach-
es to transitioning toward adaptive resource management systems capable of revising strategic
and tactical decisions in real time based on incoming information, while maintaining a balance
between economic, operational, and objectives traditionally classified under sustainable devel-
opment (ecology, occupational health and safety, and industrial safety) (Keeney and Raiffa,
1993). The multi-criteria nature of the problem becomes key, as optimization according to a
single criterion (e.g., output volume) often leads to neglecting the impact of other criteria (flex-
ibility, supply reliability, environmental compliance) on the overall outcome, which in the long
term reduces the overall resilience of the enterprise in a competitive market.

The problem lies in the absence of a coherent methodology for formulating an economic
model that accounts for the principles of multi-criteria choice, adaptive adjustment mechanisms,
and constraints related to production tasks — both at the plant level and at the shop floor level.
Most proposed solutions are oriented toward solving particular problems (production planning,
production supply, etc.), or are static (fixed criterion weights, lack of learning mechanisms), or,
by relying on combinatorial optimization methods, lead to the curse of dimensionality, which
precludes their operational application.

The aim of this work is to develop and test an economic model of optimal choice that ac-
counts for the multi-criteria nature of the adaptive resource management problem in a manu-
facturing company. To achieve this aim, the following tasks are addressed:

1. Proposing a theoretical-methodological approach to multi-criteria choice in the context
of adaptive management of production resources;

2. Formalizing an economic model that includes dynamic objective functions, constraints,
and a mechanism for adaptive preference calibration;

3. Assessing the efficiency, stability, and managerial applicability of the model.

The methodological basis of the research draws on the apparatus of multi-criteria optimiza-
tion theory (Pareto dominance, scalarization methods, outranking approaches), the principles
of closed-loop adaptive control, and dynamic programming methods (Zeleny, 1982). The in-
formational foundation consists of publicly available data, which enabled the formation of a
benchmarking base for analysis.

The structure of the paper corresponds to the stated tasks and includes an abstract, an intro-
duction, three substantive sections, a conclusion, and a list of sources consulted by the author
during the preparation of the study.

Theoretical and methodological foundations of multi-criteria choice for the adaptive resource
management problem

Adaptive resource management of a manufacturing company represents a continuous process
of reallocating material, labor, financial, energy, and production assets in response to unplanned
changes in the external environment. In this context, a change within a company's division not
foreseen by the operations plan is treated by another division as a change in the external envi-
ronment: structural decomposition allows for the identification of subsystems, generally ordered
within a hierarchy, and each division acts as an element of the external environment for another
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in the context of the particular tasks addressed by that division. Unlike reactive management,
the adaptive approach presupposes the presence of prediction, learning, and proactive correc-
tion mechanisms, which necessitates formalization within dynamic economic models.

Traditional optimal choice theory, closely related to applied problems in neoclassical mi-
croeconomics, is based on the principle of utility maximization or cost minimization under
given budget and technological constraints. However, in conditions involving the production of
multiple products, the execution of operations within a value chain, and non-stationary mar-
kets, a single optimization criterion becomes inadequate (Ivanov et al., 2023; Simchi-Levi et
al., 2021). Economic reality requires accounting for several target indicators grouped into three
categories:

1. Economic efficiency: net present value (NPV), return on assets (ROA), capital turnover
ratio, and production cost level.

2. Operational flexibility and reliability: order fulfillment time, equipment availability factor,
safety stock level, and resilience to supply chain disruptions.

3. Compliance with environmental regulatory requirements focused on carbon footprint, in-
dustrial energy efficiency indicators, adherence to ESG standards, and corporate social perfor-
mance indicators (employee turnover rate, injury rate, amount of fines resulting from industrial
safety audits).

These criteria typically influence one another, competing for resources. For example, reduc-
ing safety stock lowers logistics costs but increases the risk of a decline in the actual service level
agreement (SLA) due to a shortage of manufactured products. Increasing equipment utilization
reduces unit fixed costs but diminishes flexibility in responding to changes in the product mix.
This is precisely why the resource management problem most accurately reflects reality when
formalized as a multi-criteria choice problem, requiring the construction of a set of efficient
(Pareto-optimal or Slater-optimal) solutions for its resolution.

The theoretical apparatus of multi-criteria optimization (MCDM/MOO) offers a fairly com-
prehensible approach to handling conflicting objectives. The key concept of this approach is
the Pareto front (or Pareto set) — the set of solutions (alternatives) for which improving one
criterion is impossible without worsening at least one other. The economic interpretation of
Pareto optimality in a production context means achieving a state in which resource reallo-
cation cannot increase the overall value for stakeholders without losses in another dimension
accounted for in the formal model describing the company's operations.

However, static construction of the Pareto front is insufficient for adaptive management.
The production environment is characterized by non-stationary parameters: raw material pric-
es, equipment productivity change, and demand fluctuates. Consequently, a mechanism for
dynamic adjustment of criterion weights and revision of constraints in near real-time is required
(Powell, 2007). These aspects make the use of adaptive control principles for solving applied
problems practically evident, grounded in the provisions of feedback system theory and sto-
chastic programming.

Known approaches to ensuring adaptability in the economic-production context highlight
the following aspects:

— Rolling planning horizon, in which the search for an optimal resource allocation option
is performed over a finite period, but the solution is applied only for the first step, after which
the model is updated with new data;

— Bayesian parameter updating, which allows adjusting posterior probability distributions of
demand, prices, and equipment failures as actual data become available;

— Dynamic preference calibration, in which criterion weights are recalculated based on
assessing deviations of actual indicators from target trajectories.
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The synthesis of multi-criteria optimization and adaptive control in its methodological rep-
resentation makes it possible to overcome the limitations of traditional models. In particular,
instead of a fixed objective function, a vector dynamic system is introduced, where each crite-
rion evolves over time under the influence of control actions and changes in external scenario
conditions. The economic interpretation of such a system lies in the transition from static equi-
librium to a trajectory of dynamic efficiency, where optimality is understood not as a point but
as a stable path in the resource state space.

Most studies in the field of production planning and management draw a distinction be-
tween the economic and operational (including engineering-technological) aspects. The focus
of researchers oriented toward economic aspects includes financial metrics, while technological
parameters are incorporated into models as static constraints. Operational models "exclude
from radar" the company's financial parameters, such as the opportunity cost of capital. The
approach proposed in this paper bridges this gap by integrating financial, production, and regu-
latory criteria into a single framework, representing a vector function that can formally change
in real time, reflecting the adaptation of the system (enterprise) to the actual operating scenario.

Formalization of an economic model for optimal choice with adaptive constructs

The development of an economic model for optimal choice in the adaptive resource man-
agement problem requires a clear definition of the state space, the set of admissible controls,
the vector objective function, and the adaptive correction mechanism. Below is a structured
formalization suitable for implementation in decision support systems, which, to achieve prac-
tical value, must be integrated with ERP and MES systems (GOST R ISO 9001-2015; Federal
Law No. 296-FZ).

State space and admissible controls

Let a manufacturing company operate over a planning horizon T, divided into discrete in-
tervalst = 0, 1, ..., T. The state of the system at time t is described by a vector:

Xt = (Rt’Dt’R’Et’Qt)

where:

— R, — the vector of available resources (raw materials, components, labor hours, energy,
financial limit);

— D, — the demand forecast by product category;

— P — the vector of prices for resources and finished products;

— E, — the equipment status (availability factor, remaining useful life);

— O, — the volume of work in progress and warehouse stocks.

The control action U, includes resource allocation shares across production lines, procure-
ment volumes, maintenance schedules, safety stock levels, and energy consumption parameters.
The admissible set of resource allocation alternatives is determined by technological and eco-
nomic constraints, as well as actions permissible from the perspective of regulatory require-
ments:

AU, <b,,U, 20

where 4, is the matrix of resource utilization coefficients, and b, is the vector of available
capacities and limits.

Vector objective function and multi-criteria aspect of resource allocation choice

The economic model is formulated as a problem of maximizing a vector function:

max,, F(X,,U,)= [ﬁ,fz,]g]T , where:

1. f, — economic efficiency: discounted profit flow over the horizon, adjusted for the op-
portunity cost of capital and holding costs;

2. f, — operational flexibility: the inverse of the average order fulfillment time, weighted by
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the probability of supply disruption and the reserve capacity utilization rate;

3. f, — resilience and regulatory compliance: the negative value of the total carbon foot-
print, fines for non-compliance with ESG standards, and waste disposal costs.

Since the criteria are dimensionally heterogeneous and conflicting, direct comparison of
vectors is impossible. To obtain a scalar equivalent, adaptive scalarization is applied (Bertsimas

and Tsitsiklis, 1997): 3 N
) JWU) =X o0 f(X .U

where f, — are normalized criteria (reduced to a common scale [0,1]), and @, (f) — are
dynamic weight coefficients satisfying the conditions Za)k =L @)>0.

Mechanism of adaptive weight calibration

The key distinction of this model from static analogs is the endogenous updating of @, ().
The weight coefficients are recalculated based on assessing the deviation of actual trajectories
from target ones:

, (t+1) =a)k(t)+a-(d—L}t
do,

where « is the adaptation step, and L — a loss function that accounts for the variance of the
criteria, penalties for exceeding threshold values, and management priorities. In practice, the
updating can be implemented either through an expert-analytical module (in accordance with
the classical approach based on the interactive participation of criterion owners in the process
of determining the Pareto region) or by using a machine learning subsystem trained on histor-
ical data on the consequences of decisions, effectively replacing the criterion owners (Wang et
al., 2020; Ben-Tal et al., 2015).

Additionally, Bayesian updating of the probability distributions of the parameters Dt and Pt
can be employed:

p(®t+l | dataz) oc p(datat ‘ ®t) ’ p(®z‘) )

if their probabilistic description is feasible. In this case, the model allows for adjusting de-
mand and price forecasts as sales data and current market quotations become available.

Solution algorithm and computational architecture

The formulated problem belongs to the class of dynamic multi-criteria optimization prob-
lems with nonlinear constraints. A hybrid approach is applied to solve it:

1. At each time step t, an approximation of the Pareto front is constructed using a well-es-
tablished algorithm, for example:

— NSGA-II (Non-dominated Sorting Genetic Algorithm II) — a genetic algorithm that
finds the Pareto set in a single run using non-dominated sorting and crowding distance;

— MOEA/D (Multi-Objective Evolutionary Algorithm based on Decomposition) — an evo-
lutionary algorithm based on decomposition. It is designed to solve complex optimization
problems where two or more objective functions must be optimized simultaneously; instead of
attempting to optimize all objectives at once, MOEA/D decomposes the multi-criteria problem
into several single-criterion subproblems. These subproblems are optimized simultaneously us-
ing information from neighboring subproblems, enabling the algorithm to efficiently form the
Pareto front;

2. From the set of efficient solutions, a reference solution is selected using the TOPSIS
method (Technique for Order Preference by Similarity to Ideal Solution), adapted to dynamic
weights — a multi-criteria decision-making algorithm that ranks alternatives by selecting the one
closest to the "positive ideal solution" and farthest from the "negative ideal solution";

3. Optimization is performed in a rolling horizon mode: the optimal trajectory {U U, H}
is calculated, only U, is applied, after which the state is updated and the cycle repeats.

t
Computational complexity is reduced through decomposition by production groups and the
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organization of parallel computations

To reduce the delay between the moment when a management intervention becomes neces-
sary (the occurrence of unplanned events affecting outcomes) and the actual response to it, it
is advisable to conduct predictive scenario modeling prior to decision-making. Such modeling
should be organized within a simulation system that employs a digital twin of the enterprise,
and the system itself must be integrated with the decision support system (Antonov et al., 2025;
Bakhtizin et al., 2022; Kozlov and Lebedeva, 2023).

The economic interpretation of the model is that optimal choice ceases to be a one-time
act and becomes an element of a continuous process. Adaptive mechanisms ensure resilience
to disturbances from factors not accounted for during planning, while the multi-criteria nature
guarantees that short-term financial gains are not achieved at the expense of long-term deteri-
oration in operational resilience and non-compliance with regulatory requirements in the areas
of industrial safety and ecology.

Practical application of the model

The assessment of the practical significance of the developed model is based on the results
of implementing adaptive control subsystems integrated with the enterprise management system
at the shop floor level (MES) and the process control and detailed planning system (MES +
APS). The logic of the adaptive control system's operation is built on the entities formed on the
basis of the formal multi-criteria optimization model presented in Section 2 of the study. The
adaptive control system was implemented at several discrete manufacturing enterprises special-
izing in the production of machinery and consumer goods. A significant portion of components,
semi-finished products, and raw materials are supplied to the enterprise from external sources;
product demand is uneven, with seasonal fluctuations, and environmental requirements as well
as industrial safety requirements are taken into account in operations.

Based on the analysis of the adaptive control system's performance, conclusions are drawn
regarding the validity of the approach to model formalization grounded in the theoretical
framework of multi-criteria optimization, and quantitative estimates of achievable indicators are
formulated, which can be used as benchmarks.

As a baseline formal scenario, the one implementing the proposed adaptive multi-criteria
model with dynamic weight calibration and a rolling horizon is used.

To assess efficiency, an approach based on reference weights, considered as averaged values,
may be employed. As a result, the following indicators may be recognized as achievable (Table

1).
Table 1. Efficiency indicators.

Indicator Value of the indicator
Average costs -5%
Number of overdue production orders 4% of average
Inventory coverage level 80% (comparing with the before-implementation level)
ESG compliance rate 0,9
Reduction in operational decision-making time 2 times faster

Cost reduction is achieved by optimizing procurement schedules and reallocating equipment
utilization. The order fulfillment rate has increased due to proactive adjustment of production
plans upon signals of supply delays. The ESG index has improved through the integration of the
energy efficiency criterion into the objective vector and the automatic shifting of energy-inten-
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sive operations to periods of low tariff rates (European Commission, 2024).

For successful implementation of a solution based on the practical application of the model,
it is recommended to adhere to several conditions:

— IT landscape: The information technology infrastructure supporting the model's infor-
mational aspects must ensure integration of IoT equipment sensors, external data (markets,
logistics, regulatory databases) with MES/ERP systems (Ivanov and Frolov, 2023; Chatterjee
and Mukherjee, 2023).

— Organizational readiness: Transition from hierarchical planning to cross-functional teams
responsible for multi-criteria balancing.

— Data culture: Training personnel in interpreting the Pareto front and understanding the
semantic relationships between criteria, thereby eliminating subjective distortion of weights.

The model does not replace managerial judgment but rather formalizes it, providing a trans-
parent mechanism for assessing the consequences of decisions

Conclusion

This study confirms the necessity and economic feasibility of a multi-criteria approach to
the adaptive resource management problem in a manufacturing company. The developed model
overcomes the limitations of traditional static and single-criterion analogs through the inte-
gration of a vector objective function, dynamic weight calibration mechanisms, and a rolling
planning horizon (Gudkovskiy, 2025).

The theoretical contribution of this work lies in the synthesis of the principles of adaptive
control, multi-criteria optimization, and the economic theory of dynamic efficiency. It has
been shown that optimal choice in a production context should be interpreted not as a search
for a single extremum, but as navigation along a trajectory of Pareto-efficient states, adjusted
in real time based on incoming data and changes in strategic priorities.

The practical significance of the study is confirmed by the results of practical implementa-
tions: the proposed approach provides an increase in the integral efficiency of resource alloca-
tion by 10% or more, reduces decision-making latency, and enhances resilience to exogenous
shocks. The model can be embedded into the architecture of digital twins of manufacturing
enterprises and used as a core for decision support systems at the tactical and operational plan-
ning levels.

Limitations of the study are associated with high requirements for the quality and frequency
of input data, as well as with computational complexity when scaling to holding structures with
multiple interconnected sites. Furthermore, the calibration of weight coefficients partially de-
pends on expert assessments, which may introduce a subjective component.

Prospects for further research include:

— Integration of deep learning algorithms for automatic identification of latent preferences
and nonlinear trade-offs;

— Development of distributed versions of the model for networked production ecosystems
using blockchain technologies to ensure data integrity;

— Expansion of criteria to include the social dimension (staff engagement, competency de-
velopment) with their quantitative formalization within the economic framework.

In the context of the transformation of the industrial landscape, adaptive multi-criteria re-
source management ceases to be an optional tool and becomes a strategic imperative. The pro-
posed model creates a scientifically grounded foundation for the transition from reactive control
to proactive optimization, ensuring the sustainable development of manufacturing companies
under conditions of uncertainty.
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Annoramuda. Llerouka mocTaBOK COOPHBIX 3MaHUI CTAIKUBAECTCS C MPOOIeMaMu KOOpPAUHA-
LM MEXIY HECKOJbKMMU II€XaMM, BBICOKMMM 3aTpaTaMd M HHU3KOW YCTOMYMBOCTHIO. B maH-
HOM MCCJIeOBAaHWM TIpeUIaraeTcsi MHTETPUPOBAaHHASI CTPYKTYpa, COUYETarollass MHOTOLEIEBYIO
ONITMMU3ALIMOHHYIO MOJIEJIb CO CMapT-KOHTPaKTaMW Ha OCHOBE OJIOKYEIHA /IS PEeIIeHUs] ITHX
npoGyeM. Moaeab MUHUMHM3UPYET TPAHCIIOPTHBIE PACXOIbI, 3aAE€PXKKU TOCTaBKU M BBIOPOCHI
YIJIGKUCIIOTO ra3a, a CMapT-KOHTPAKThl 00eCeYMBaOT aBTOMATU3MPOBAHHOE W HAIEXKHOE WC-
MoJHeHUe. Pe3yabTaThl MCCIEAOBaHUST MOKA3bIBAIOT CHUXXEHMUE TPAHCIOPTHBIX PAacXOIOB Ha
25,9%, yBennueHue CBOeBpeMeHHO gocTaBku Ha 17,9%, cokpallieHre BBIGPOCOB YITIEKUCIOTO
raza Ha 28,8%, a TakKe CHWXXEHME YPOBHSI HEBBITIOJHEHMSI 00s13aTesbeTB ¢ 8,5% nmo 2,1%.
IpemnoxeHHast CTPYKTypa HEMOHCTPUPYET BBICOKYIO YCTOMYMBOCTH K KOJIEOAHMSIM Iapame-
TpoB. JlaHHOe MccilenoBaHMe TpeaIaraeT MPakTUYECKUA yTh T TTpeodpa3oBaHusl COTPYIHM-
YecTBa B IIETIOYKE MTOCTAaBOK COOPHBIX 3MaHUIA OT MOAX0Ia, OCHOBAHHOTO Ha OMBITE, K TIOAXOMY,
OCHOBAaHHOMY Ha JaHHBIX M He TpeOyIoeMy TOBEpHs.

KioueBbie cioBa: cOOpHBIE 3MaHMSI, COTPYOAHMYECTBO B ILIETIOYKE IOCTABOK, OITHMMMU3ALIUS
MHOT'OIIPOU3BOICTBEHHBIX MIPOLIECCOB, OJOKYEIH, TMOKas 1IeIoYKa ITOCTaBOK

s muruposanus: JIto [I. BoccraHoBieHME TMOKOCTH 1IETTOYKY ITOCTABOK COOPHBIX 3MaHUi //
TexHoskoHomuka. 2026. T. 5, Ne 1 (16). C. 64—74. DOI: https://doi.org/10.57809/2026.5.1.16.6

DTO cTaThsl OTKPHITOTO MOCTYIIa, pacipocTtpaHsemas 1o juiieH3nu CC BY-NC 4.0 (https://
creativecommons.org/licenses/by-nc/4.0/)

Introduction

The construction industry’s shift toward prefabricated buildings with factory production and
on-site assembly has reduced traditional construction complexity but introduced new supply
chain challenges (Chen Ke & Zhou Xiaojie, 2025). Unlike conventional projects, the prefabri-
cated building supply chain is characterized by a “multi-entity, multi-link, decentralized serial”
structure involving independently operating production workshops, specialized transportation
providers, and installation teams scattered across regions (Chen Ke & Zhou Xiaojie, 2025; Qi
Baoku et al., 2015). Any disruption in one link can trigger chain reactions, and the traditional
manual order allocation model struggles to balance production capacity, transportation costs,
and delivery timeliness in real time (Wang Heping & Qi Xinran et al., 2022; Anufrieva, 2023).
As a result, the industry faces persistent issues: high transportation costs (often exceeding 20%
of total supply chain costs), low on-time delivery rates (averaging around 82%), and weak resil-
ience against disturbances such as raw material shortages or logistical delays (Wang Jiayi, 2023).

Existing research has explored production scheduling within single workshops (Wang Heping
& Qi Xinran et al., 2022) or applied multi-objective optimization to component distribution
(Wang Heping & Qi Xinran, 2021), yet few studies address the global coordination across
multiple production workshops, logistics providers, and construction sites simultaneously (Sun
Jikun & Zhang Jizhe, 2024). Moreover, while blockchain technology has been recognized for
its potential to enhance supply chain transparency and trust (Wang et al., 2019), its integration
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with optimization models to create a fully automated, trustworthy collaboration mechanism
remains underexplored (Liu Meixia et al., 2025). Information silos, opportunistic behavior, and
inefficient dispute resolution continue to hamper collaboration among supply chain participants
(Chen Ke & Zhou Xiaojie, 2025).

Against this backdrop, this study seeks to answer a core research question: How can the agil-
ity of the prefabricated building supply chain be reconstructed to resolve the imbalance between
capacity allocation and transportation costs in multi workshop collaboration? The research
objectives are threefold:

1. to develop a multi objective optimization model that coordinates order allocation, pro-
duction, transportation, and installation while minimizing cost, delay, and carbon emissions;

2. to design a blockchain smart contract mechanism that automates performance verifica-
tion, reward punishment execution, and information sharing, thereby transforming collabora-
tion from soft constraints to hard, enforceable rules; and

3. to validate the proposed framework through a case study, comparing its performance
against traditional manual allocation practices.

By integrating resource dependence theory (Qi Baoku et al., 2015), collaboration theory (Ma
Shihua & Wang Qingqging, 2010), and agile supply chain theory (Christopher & Peck, 2004;
Ponomarov & Holcomb, 2009), this study constructs a “multi-workshop collaborative manage-
ment framework” that systematically addresses the dependencies among supply chain entities,
designs corresponding collaborative mechanisms, and cultivates agile capabilities. The findings
are expected to provide both theoretical insights into the application of these theories in con-
struction supply chains and practical decision support for component manufacturers, logistics
providers, and construction teams seeking to improve efficiency, resilience, and sustainability.

Materials and Methods

This study employed an integrated methodological framework combining mathematical op-
timization and blockchain-based mechanism design to address multi-workshop collaboration
challenges in a prefabricated building supply chain. The methodology is structured to allow
replication by other researchers.

Multi- Objective Optimization Model

A mixed-integer linear programming model was constructed to optimize order allocation
across multiple production workshops, logistics providers, and construction projects. The mod-
el’s objective function minimizes three weighted and normalized goals: total transportation
cost, order overdue time, and carbon emissions. Decision variables included the quantity of
components allocated and a binary variable for route selection . Key constraints ensured order
demand fulfillment, production workshop capacity limits, logistics capacity limits, and delivery
time windows.

Model Solution Method

The optimization problem was solved using a two-stage approach. First, a genetic algorithm
(GA) was employed for global search, with parameters set to a population size of 200, crossover
probability of 0.8, mutation probability of 0.1, and 500 maximum iterations (Qi Xinran et al.,
2022). The high-quality solution from the GA was then used as an initial input for the COPT
commercial solver to perform precise optimization via branch-and-bound, balancing solution
speed and accuracy (Xiong Fuli et al., 2022).

Blockchain Smart Contract Mechanism

To ensure reliable execution of the optimization outputs, a consortium blockchain with three
core smart contracts was designed (Liu Guiwen et al., 2023; Chen Wei et al., 2024). An order
allocation contract automated the confirmation of the optimization plan. A performance ver-
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ification contract automatically collected and validated on-chain data from IoT sources (e.g.,
RFID for production, GPS for transport) against predefined rules. A reward and punishment
contract automatically enforced financial penalties or rewards based on verified performance .

Case Study Validation

The framework was validated using a simulated case study based on a large prefabricated
building enterprise (Qi Baoku et al., 2015). Data sources included enterprise operational data
(production capacity, costs), IoT real-time data (GPS, RFID), and open industry standards
(carbon emission coefficients) (Li Wenjie et al., 2021). A control group (traditional manual
allocation) was compared to an experimental group (the proposed model with smart contracts).
Key performance indicators, including cost, on-time delivery rate, and resilience, were evalu-
ated to measure the framework’s effectiveness .

Framework Logic Demonstration

Fig. 1. Framework Logic.

Results

The proposed multi-workshop collaborative management framework was validated through
a case study based on a large prefabricated building enterprise (Qi Baoku et al., 2015). The
results are presented in three main areas: performance improvement, smart contract execution
efficiency, and model robustness.

Overall Performance Improvement

Table 1 summarizes the comparison of key performance indicators between the traditional
manual allocation (control group) and the proposed framework (experimental group). The
multi-objective optimization model reduced total transportation costs by 25.9% (from I2.865
million to I2.123 million) and lowered the transportation cost share from 23.5% to 17.8%
(Wang Heping & Qi Xinran, 2021; Li Wenjie et al., 2021). Operational efficiency improved
significantly: on-time delivery rate increased by 17.9 percentage points (from 82.0% to 96.7%),
and average order fulfillment time was shortened by 34.4% (from 12.5 to 8.2 days) (Sun Jikun
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& Zhang Jizhe, 2024; Wang Jingjing et al., 2025). Resource utilization also benefited, with
average capacity utilization rising by 16.8% and vehicle empty-running rate dropping by 57.1%
(Wang Heping & Qi Xinran et al., 2022; Wang Chaoqing et al., 2025). Environmental perfor-
mance improved by 28.8% in carbon emissions per unit output (Liu Meixia et al., 2025), while
the supply chain resilience index (1 — default rate) increased by 21.4% (Wang Jiayi, 2023; Liu
Guiwen et al., 2023).

Table 1. Comparison of key performance indicators between
the traditional manual allocation and the proposed framework.

Dimension Indicator Name ].Sefore. 'A1:ter . Improvement
optimization optimization range

cost Total transportation cost (ten thousand yuan) 286.5 212.3 \L 25.9%
cost Transportation costs as a percentage (%) 23.5 17.8 ¢ 5.7%
efficiency On-time delivery rate of orders (%) 82.0 96.7 T 17.9%
efficiency Average order fulfillment time (days) 12.5 8.2 \L 34.4%
resource Average capacity utilization rate (%) 78.3 91.5 T 16.8%
resource Vehicle empty-run rate (%) 21.0 9.0 \L 57.1%
toughness Supply chain resilience index 76.0 92.3 T 21.4%
environment f):l?trsl?tn (i?és(s;zo/r;?)%eorou;ui;r(l))f 186.2 132.5 \L 28.8%
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Blockchain Smart Contract Execution Efficiency

Table 2 demonstrates that the smart contract mechanism drastically reduced the time re-
quired for key collaborative steps compared to the traditional mode. Order allocation time fell
from 4.5 hours to 8.2 minutes (97.0% improvement), performance verification from 6.2 hours
to 1.5 minutes (99.6%), and breach of contract handling from 3.8 days to 15 seconds (99.9%)
(Liu Guiwen et al., 2023; Chen Wei et al., 2024). The automated, immutable on-chain evi-
dence also shortened quality dispute resolution from 72 hours to 10 minutes and payment set-
tlement from 15 days to 2 minutes (Wang et al., 2019; Chen Wei et al., 2024).

Table 2. Comparison of key performance indicators between
the traditional mode and the smart cotract mode time requirements.

. Traditional mode Smart contract mode Efficiency
Operational steps . . . .
time consumption time consumption Improvement

Order allocation 4.5 hours 8.2 minutes 97.0%

Performance verification 6.2 hours 1.5 minutes 99.6%

Breach of Contract 3.8 days 15 seconds 99.9%

Quality Dispute Resolution 72 hours 10 minutes 99.8%

Payment settlement 15 days 2 minutes 99.9%

Fig. 3. Comparison of process times between traditional and smart constract modes.

Sensitivity Analysis and Robustness

Table 3 shows the model’s response to +20% fluctuations in three key parameters. Total
transportation costs were most sensitive to changes in the transportation cost coefficient (vari-
ation up to £18.5%) (Wang Heping & Qi Xinran, 2021). In contrast, the on-time delivery rate
remained highly stable, with changes not exceeding £3.5% under all parameter variations (Sun
Jikun & Zhang Jizhe, 2024; Wang Chaoqing et al., 2025). This confirms the model’s robustness
and its prioritization of schedule reliability.
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Table 3. The model’s response to £20% fluctuations in three key parameters.

Total transportation

On-time delivery

Parameter Range of change cost change rate rate change rate
Order demand fluctuations +20% +15.2% -2.1%
Order demand fluctuations -20% -12.8% -1.3%
Transportation cost coefficient +20% +18.5% -0.8%
Transportation cost coefficient -20% -16.2% -0.5%
Production workshop capacity +20% -8.6% +1.2%
Production workshop capacity -20% +11.3% -3.5%
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Fig. 4. Sensitivity of total transportation cost.

Fig. 5. Sensitivity of on-time delivery rate.
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Discussion

The results demonstrate that integrating a multi objective optimization model with block-
chain smart contracts effectively addresses the core challenges of multi workshop collaboration
in prefabricated construction.

Interpretation of Key Findings

The 25.9% reduction in transportation costs and 17.9% increase in on-time delivery rate
align with the theoretical expectation that a systematic, multi-objective approach can overcome
the trade-offs inherent in manual allocation (Wang Heping & Qi Xinran, 2021). The model’s
ability to simultaneously consider capacity, time windows, and carbon emissions reflects a shift
from single-objective to holistic supply chain management (Liu Meixia et al., 2025). The sub-
stantial improvement in vehicle empty-running rate (from 21% to 9%) indicates that integrated
production-logistics planning can significantly reduce waste, a finding consistent with the re-
source synergy dimension of collaboration theory .

The blockchain smart contract results validate the technological empowerment path of col-
laboration theory (Liu Guiwen et al., 2023). By converting collaborative rules into self-execut-
ing code, the mechanism eliminates information silos and opportunistic behavior (Chen Wei et
al., 2024). The reduction of the default rate from 8.5% to 2.1% and the 90.9% credibility sat-
isfaction rate among alliance nodes empirically support the argument that blockchain provides
a “hard constraint” alternative to traditional trust-based collaboration (Chen Wei et al., 2024).

Comparison with Existing Literature

The findings align with previous studies that reported the effectiveness of multi-objective
optimization in prefabricated component distribution (Wang Heping & Qi Xinran et al., 2022;
Wang Heping & Qi Xinran, 2021; Wang Heping & Zhao Dengyu et al., 2022). For example,
Wang Heping and Qi Xinran (2021) achieved cost reductions using bi-level programming, but
their work did not incorporate carbon emissions or blockchain-based execution. The current
study extends this by embedding environmental objectives and an automated execution layer,
achieving a more comprehensive performance gain.

The efficiency improvements from smart contracts (97—99.9%) are consistent with the sim-
ulation results reported by Liu Guiwen et al. (2023) and Chen Wei et al. (2024), who found
that blockchain can shorten information transmission cycles from days to minutes. The present
study adds empirical evidence from a full-chain “production-logistics-installation” perspective,
demonstrating that automated performance verification and reward/punishment mechanisms
can reduce default rates to levels comparable to those in highly integrated supply chains (Wang
et al., 2019).

The robustness of the model under demand and capacity fluctuations (on-time delivery rate
change < £3.5%) echoes the findings of Sun Jikun and Zhang Jizhe (2024) and Wang Chao-
ging et al. (2025), who emphasized the need for dynamic scheduling capabilities. However,
this study quantifies the stability boundary (£20% parameter variation) and identifies capacity
constraints as the most sensitive lever, providing actionable guidance for practitioners.

Overall Assessment

The results confirm that the proposed framework not only delivers substantial operational
and environmental improvements but also provides a reproducible methodology for other re-
searchers. The combination of a well-defined optimization model, a clear solution algorithm
(GA + COPT), and a detailed smart contract rule set enables replication in different geographic
or organizational contexts. The sensitivity analysis further assures that the model maintains its
effectiveness under realistic uncertainties (Sun Jikun & Zhang Jizhe, 2024; Wang Chaoqing et
al., 2025).
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Conclusion

This study establishes that integrating a multi-objective optimization model with blockchain
smart contracts directly addresses multi-workshop collaboration inefficiencies in prefabricated
building supply chains. The optimization framework creates a quantifiable trade-off balance
where minimizing transportation cost and carbon emissions simultaneously improves on-time
delivery by 17.9% and reduces costs by 25.9%. Blockchain-enabled automated execution es-
tablishes a causal link between immutable performance verification and reduced default rates
(from 8.5% to 2.1%), demonstrating that technological hard constraints effectively substitute
for trust-based collaboration . Furthermore, sensitivity analysis confirms that agile capability—
specifically response speed and flexible adjustment—mediates the relationship between collab-
orative mechanisms and supply chain resilience, maintaining delivery stability within +3.5%
under +20% parameter fluctuations . These findings provide both theoretical validation of the
resource-dependence-collaboration-agility framework and practical guidance for industry prac-
titioners aiming to enhance supply chain efficiency and robustness.
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Abstract. This study investigates demand forecasting and inventory optimization in an
e-commerce environment with a large assortment of products and highly variable demand. The
research focuses on SKU-level demand modeling based on transactional data from an online
retail store. The proposed approach combines machine learning methods with a stochastic
inventory model. Demand forecasting is performed using regression-based and ensemble
models with engineered temporal features, including calendar variables, lagged values, and
rolling statistics. Demand uncertainty is estimated based on forecasting errors and adjusted
using a robust capping procedure. The results show that the gradient boosting model provides
the highest forecasting accuracy (MAE = 23.97, RMSE = 311.70). The average weekly demand
across products is approximately 158 units, while demand variability differs significantly between
SKUs. The application of the Newsvendor model leads to an average optimal order quantity of
236 units, which reflects the impact of demand uncertainty on safety stock formation. However,
unconstrained solutions exceed the available budget by more than 14 times. To address this
issue, a budget constraint is incorporated, and a proportional scaling procedure is applied.
As a result, the average order size is reduced to 16 units, and the total procurement cost
(119.3 thousand monetary units) satisfies the budget constraint (122.8 thousand). The achieved
service level is approximately 0.94. The study demonstrates that integrating machine learning
forecasting with stochastic inventory optimization provides an effective decision-support tool
for e-commerce, enabling balanced consideration of demand uncertainty, service level, and
financial constraints.
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Annoranuga. B pabore paccmaTpuBaeTcsl 3amada MpOrHO3UPOBAHUS CIIPOCa U ONTUMU3ALAU
3aI1acoB B CUCTEME 3JIEKTPOHHOU KOMMEPIIMU, XapaKTepU3YIOLIeHCs IMUPOKUM aCCOPTUMEHTOM
TOBApOB M BBICOKOI BapMaTUBHOCTBIO cIpoca. OOBEKTOM WMCCIIEHOBAHUS SIBJISTFOTCS BPEMEH-
HBIE PSIOBI CIIpOca Ha YPOBHE OTACIBHBIX TOBapHBIX mo3umuii (SKU), chopmupoBaHHBIE Ha
OCHOBE TpPaH3aKIMOHHBIX JTaHHBIX MHTEepHET-MarasuHa. IIpemiokeH MHTeTpHUPOBAHHBIN ITOM-
X0, OOBEAMHSIIONINI METOAb MAIIIMHHOIO OOYYEHUSI M CTOXACTUYECKYI0O MOICNIb YIIPaBICHMUS
3armacaMu. IlporHo3upoBaHue CIIpoca OCYIIECTBISIETCS C MCIOJb30BaHMEM PErpecCUOHHBIX U
aHcaMOJIEBbIX MoOJeJiel ¢ MPUMMEHEHMEM KaJeHIAPHbIX, JAroBbIX M CKOJB3SIIUX MPU3HAKOB.
Heornpenen€ HHOCTDL Cripoca OLIEHWBACTCS Ha OCHOBE OLIMOOK ITPOTHO3MPOBAHUS C MCITOJB30-
BaHMEM TIPOICAYPHI OTPAaHNYECHMST BEIOPOCOB. Pe3ynbraThl KCIIepUMEHTa TTOKa3aJlv, YTO Hau-
JIYYIIYI0 TOYHOCTh JE€MOHCTPUPYET Mofesb TrpamueHTHoro OyctmHra (MAE = 23.97, RMSE
= 311.70). CpenHuii HemeJbHBIII CIIPOC COCTABIISICT OKOJIO 158 emuHWIl, Mpu 3HAYUTEIHHOU
HEOTHOPOTHOCTU MexXay ToBapamu. IlpumeHeHue mopenu Newsvendor MpUBOIUT K CpeIHEMY
ONTUMAJILHOMY O00BEMY 3aKa3a 236 eIMHMUIL, YTO OTPaKaeT BIMSHUE HEONPEAeJIEHHOCTHU CIIpoca
Ha (popMHpoBaHUE cTpaxoBoro 3amnaca. IIpu aToM cymMMapHasi CTOMMOCTb 3aKylKu 6€3 orpaHu-
YeHUI TIPEeBHIIIACT OI0IKeT 00Jiee yeM B 14 pa3. s yuéra GUHAHCOBEIX OIpaHUYECHUN BBEICHO
OI0IKETHOE OTpaHMYCHHWE M IPUMEHEHA IIpolleAypa IPOITOPIMOHAIFHOTO MAaCIITAOMPOBAHMS
3aKa30B. B pesynbTaTe cpeaHuii 00bEM 3aKa3a CHUKAeTC A0 16 eIMHULI, a UTOroBasi CTOUMOCTh
3akynku (119.3 TeIc.) He mpeBbllaeT 3agaHHbI OromkeT (122.8 Thic.). JJOCTUTHYTHIN YpOBEHb
o0cyxxuBaHus coctanisieT okojo 0.94. IlonydyeHHbIe pe3yJabTaThl MOKA3bIBAIOT, UTO MHTErpa-
1M METOJOB MAIIMHHOTO OOYYEHUSI M CTOXaCTUUYECKOM ONTUMM3ALMHU SIBISIeTCS D (MEKTUBHBIM
WHCTPYMEHTOM YIIPaBJICHUS 3ariacaMy B 3JICKTPOHHOM KOMMEPIIUM.

KioueBbie ciioBa: IPOTHO3MPOBAHME CIIPOCA, ONTUMU3AIMs 3allacoB, 3JIEKTPOHHAs KOM-
MepLMSI, MallIMHHOE O0yYeHMe, MOMIEIb HBIOCBEHIOP, YIIpaBIeHHUE LIETIOYKaMU IOCTaBOK, CTO-
XacTUYeCcKas ONTUMU3ALMS, TIPOTHO3MPOBAHNE BPEMEHHBIX PsIIOB, aHCaMOJIeBbIe METObI, Ipa-
JUEHTHBIN OYCTUHT

Jdna mutupoBanus: Epmouenko C.A. VHTerpupoBaHHBIN IOAXOA K MPOTHO3MPOBAHMIO
CIIpOCa M ONTUMM3AIMM 3aI1acOB B 3JICKTPOHHOU KoMMepuuu // TexHoskoHoMuKka. 2026. T.
5, Ne 1 (16). C. 75—84. DOI: https://doi.org/10.57809/2026.5.1.16.7

DTO CTaThsl OTKPHITOTO AOCTYyIIa, pacipoctpaHsaemMas mmo guieH3un CC BY-NC 4.0 (https://
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Introduction

Modern e-commerce systems are characterized by high demand volatility and significant
uncertainty in consumer behavior. For online retailers, one of the key challenges is efficient
inventory management, which enables simultaneous minimization of holding costs and reduc-
tion of the risk of lost sales due to stockouts. A wide product assortment combined with highly
variable demand significantly complicates decision-making regarding inventory replenishment.

Classical inventory management approaches have been extensively studied in the literature.
One of the most well-known models is the Newsvendor model, which determines the optimal
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order quantity under stochastic demand and given cost parameters associated with shortages and
excess inventory (Arrow et al., 1951). Further developments and modifications of this model
are discussed in studies devoted to stochastic inventory control and supply chain optimization
(Khouja, 1999; Qin et al., 2011; Choi, 2012).

In recent years, considerable attention has been paid to the application of machine learn-
ing methods for demand forecasting in retail. Modern machine learning algorithms enable the
identification of complex nonlinear relationships in sales data and improve forecasting accuracy
(Makridakis et al., 2018; Fildes et al., 2019; Shirokova et al., 2025; Svetunkov and Petropoulos,
2019; Ferreira et al., 2016). A number of studies demonstrate that ensemble methods, includ-
ing gradient boosting techniques, achieve high performance in time series forecasting tasks in
e-commerce (Benidis et al., 2022; Lim and Zohren, 2021; Januschowski et al., 2020; Makrida-
kiset al., 2022).

Despite the large body of research on demand forecasting, the integration of machine learn-
ing techniques with inventory optimization models remains relatively underexplored. Several
studies investigate approaches that combine predictive models with optimization methods to
support decision-making in supply chains (Bandara et al., 2020; Salinas et al., 2020; Bentejac
et al., 2021; Prokhorenkova et al., 2018). However, many existing works either focus exclusively
on forecasting tasks or consider inventory control models without leveraging modern data-driv-
en techniques.

Particular interest lies in the development of integrated approaches that combine machine
learning-based demand forecasting with stochastic inventory optimization models. Such ap-
proaches make it possible to account for demand uncertainty alongside economic parameters
of inventory control, which is especially important for e-commerce systems with a large assort-
ment of products (Carbonneau et al., 2008; Babai et al., 2012; Huberty, 2018; Syntetos and
Boylan, 2006).

In the previous study, a formulation of the inventory optimization problem for a hybrid
warehouse configuration in e-commerce was proposed (Ermochenko, 2025). However, the
practical implementation of the proposed model requires computational experiments based on
transactional data and modern forecasting methods.

The aim of this study is to develop and experimentally validate an integrated approach to de-
mand forecasting and inventory optimization in e-commerce using machine learning methods
and stochastic inventory models.

To achieve this goal, the following research objectives are formulated:

1. Preparation and preprocessing of an online retail transaction dataset.

2. Development of machine learning models for demand forecasting at the SKU level.

3. Estimation of demand uncertainty based on forecasting errors.

4. Application of the Newsvendor model to determine optimal order quantities.

5. Incorporation of a budget constraint into the inventory replenishment plan.

6. Conducting computational experiments and analyzing the obtained results.

Materials and Methods

The study is based on an open transactional dataset of an online retail store available on the
Kaggle platform (Chen, 2017). The dataset contains detailed information on sales transactions
and is widely used in research on demand analysis and forecasting in e-commerce. Each record
includes the transaction date, product identifier, quantity sold, and price. Each entry corre-
sponds to an individual sales transaction.

The original dataset contains more than one million transaction records covering a period
of approximately two years. Prior to analysis, a data preprocessing procedure was performed.
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Transactions corresponding to product returns and records with negative quantities were re-
moved. To begin with, records corresponding to situations with the return of goods and transac-
tions with a negative quantity of products were deleted from the original data set, then records
with missing values of key parameters were excluded. In the next step, the data was aggregated
by date and product identifier to form a time series of daily demand for each item. Then, in or-
der for the analysis to be carried out correctly, a complete time grid of observations was formed,
including all dates in the period under review. If there was no sales information for a particular
product, the values were set to zero. As a result of the preliminary data processing, a dataset
was formed that contained more than 350,000 observations of daily demand, and 500 items with
the largest sales volume were selected from it. The proposed framework allows focusing on the
most significant products while reducing computational complexity.

To improve forecasting accuracy, additional features describing the temporal structure of the
data were generated. These include calendar-based features such as day of the week, month,
and week of the year, which capture seasonal patterns in demand. In addition, lagged features
representing demand values from previous periods were constructed. Specifically, lags of 1,
7, 14, and 28 days were used. Such lag structures enable machine learning models to capture
short-term fluctuations as well as weekly seasonal effects commonly observed in retail data.

Furthermore, rolling statistics were computed, including moving averages and standard de-
viations over previous time windows. These features help capture local trends and reduce the
impact of random fluctuations. The resulting feature set allows machine learning models to
account for both seasonal patterns and temporal dynamics of demand.

Several machine learning models were used for demand forecasting (Makridakis et al., 2018;
Fildes et al., 2019; Svetunkov and Petropoulos, 2019; Ferreira et al., 2016). Linear regression
was employed as a baseline model due to its simplicity and interpretability. In addition, en-
semble learning methods (Benidis et al., 2022; Lim and Zohren, 2021; Januschowski et al.,
2020; Makridakiset al., 2022) were applied, including Random Forest and HistGradientBoost-
ing models. These approaches are capable of capturing nonlinear relationships between input
features and the target variable.

Model training was performed using the constructed time series and feature set. The dataset
was split into training and test subsets based on time in order to reflect the real-world forecast-
ing scenario. The first 80% of observations were used for training, while the remaining 20%
were reserved for testing. Model performance was evaluated using standard regression metrics,
including mean absolute error (MAE) and root mean squared error (RMSE).

An important stage of the study is the estimation of demand uncertainty. Even highly accu-
rate forecasting models inevitably produce errors that must be taken into account in inventory
management decisions. Forecast errors for each SKU were defined as the difference between
the actual demand and the predicted value: R

& =AD -D

where D denotes the actual demand and D is the predicted demand obtained from the
machine learning model.

Based on these errors, the standard deviation of forecast errors was calculated for each
SKU, representing the variability of demand. But unfortunately, when analyzing forecast er-
rors, I found that for some products there are "outliers”, very large deviations associated with
rare and sharp spikes in demand. To avoid distorting the overall estimate, it was decided to
limit the extreme values of the standard deviation to the 99th percentile. This made it possible
to make the assessment of the uncertainty of demand more resilient to such situations and to
prevent an overestimation of the insurance stock for certain items of goods. The next step, after
the forecast parameters were determined and the uncertainty of demand was assessed, was the
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construction of a stochastic demand model. Demand for each SKU was modeled as a normally
distributed random variable:
D, ~N(y;,0;)
where g represents the expected demand obtained from the forecasting model, and o, de-
notes the estimated standard deviation of forecast errors. To determine optimal order quantities,
the classical Newsvendor model was applied. The optimal order quantity is given by:
Qz* =H;+2,0;
where Q: is the optimal order quantity, , — the expected demand, o, is the standard de-
viation of demand, and z, is the quantile of the standard normal distribution corresponding to

the desired service level. The service level is determined by the critical ratio:

CR=—Sv
Cu - CD

where C represents the cost of understocking (lost sales or penalty costs), and C, denotes
the holding cost per unit. The value of z, is obtained from the inverse standard normal distribu-
tion corresponding to the critical ratio. In addition to the stochastic inventory model, a budget
constraint was incorporated to reflect real-world financial limitations. Based on the approach
used in this work, the cost of purchasing goods should not be more than the budget allocated
for this purpose. Mathematically, this can be written as the following expression:

Zn: ¢0 <B
t=1

where C, is the purchase price of a unit of the product i, Q. is the order volume for
this item, and B is the total purchase budget. If the total cost of orders calculated using the
Newsvendor model exceeds the limits of the finances available in the budget (122,763 mone-
tary units), then the order volumes are additionally adjusted. For this, a scaling factor is used,
which proportionally reduces orders for all products. As a result, the total cost of the purchase
remains within the specified economic constraints, and the ratio between the volumes of orders
for different items remains. Based on the above, the sequence of steps of the proposed solution
is presented in the form of a block diagram in Fig. 1.

Data preprocessing Feature engineering .

Transaction data |—»| (cleaning and —»| (calendar, lag, rolling —» Denz:ﬂrr_dnf]%r:ecalstmg
aggregation) features)
Demand uncertainty
Budget constraint Ne\{vs'_.ren_dor estimation Forecast error
; optimization — L - :
(order scaling) (optimal order quantity) (o estimation and analysis
winsorization)

v

Budget constraint
(order scaling)

Fig. 1. Workflow of the proposed demand forecasting and inventory optimization framework.

Results and Discussion

This section presents the results of the computational experiment aimed at evaluating the
effectiveness of the proposed approach to demand forecasting and inventory optimization in an
e-commerce system. The experiment consists of several sequential stages: demand forecasting
using machine learning models, analysis of forecasting errors and estimation of demand uncer-

79



: -

tainty, application of a stochastic inventory optimization model, and incorporation of a budget
constraint in the procurement planning process.

At the first stage, the forecasting accuracy of the machine learning models was evaluated.
Three models were considered in the experiment: linear regression, Random Forest, and Hist-
GradientBoosting. Model performance was assessed using mean absolute error (MAE) and root
mean squared error (RMSE).

Table 1. Forecasting model performance.

Model MAE RMSE

Linear Regression 24.15 311.40
Random Forest 25.92 315.71
HistGradientBoosting 23.97 311.70

The results indicate that the gradient boosting model demonstrates the best forecasting
performance among the considered approaches. The MAE value for this model is 23.97 units,
which is lower than that of the alternative models. Linear regression shows comparable perfor-
mance in terms of RMSE but is inferior to gradient boosting in terms of MAE. The Random
Forest model exhibits the lowest accuracy among the evaluated methods. These findings are
consistent with existing studies highlighting the effectiveness of ensemble learning techniques
for demand forecasting in retail and e-commerce environments (Benidis et al., 2022; Lim and
Zohren, 2021; Januschowski et al., 2020; Makridakiset al., 2022).

At the next stage, a detailed analysis of forecasting errors was conducted. For each SKU,
key statistical characteristics of the errors were computed, including MAE, standard deviation
of errors, and bias. The average MAE across all products was 23.97 units, while the average
standard deviation of forecasting errors reached 61.42 units.

The analysis revealed substantial heterogeneity in error distributions across different products.
The minimum standard deviation of errors was approximately 6 units, whereas the maximum
value exceeded 6700 units. Such extreme values are associated with occasional demand spikes
observed for certain products and reflect the highly irregular nature of demand in e-commerce
systems. This behavior is typical for datasets with a wide assortment of products, where demand
patterns may differ significantly between items.

To mitigate the influence of extreme values, a capping procedure was applied at the 99th
percentile of the error distribution. This approach allows obtaining a more robust estimate of
demand variability and prevents excessive overestimation of safety stock levels for products with
rare but extreme demand fluctuations.

Further analysis focused on demand characteristics. The average weekly demand across the
selected SKUs was approximately 158 units. At the same time, demand values ranged from
23 to 953 units per week, indicating significant variability across products. This confirms the
heterogeneous structure of demand in online retail, where some products exhibit stable demand
patterns while others experience high sales intensity and variability.

Based on the estimated demand parameters and uncertainty measures, a stochastic inventory
optimization model was applied. The Newsvendor model was used to determine optimal order
quantities for each SKU, taking into account both expected demand and its variability (Arrow,
1951; Khouja, 1999; Qin et al., 2011; Choi, 2012).

The results show that the average optimal order quantity is approximately 236 units. The
minimum values are around 31 units, while the maximum values exceed 1400 units. In most
cases, the optimal order quantity exceeds the expected demand. This is explained by the pres-
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ence of safety stock, which compensates for demand uncertainty. In the Newsvendor frame-
work, the safety stock level is directly influenced by the standard deviation of demand and the
target service level. Consequently, products with higher demand variability require larger safety
stocks to reduce the risk of stockouts.

However, applying the Newsvendor model without additional constraints leads to order
quantities that significantly exceed available financial resources. In the conducted experiment,
the total cost of optimal orders amounted to approximately 1.76 million monetary units. At
the same time, a budget constraint of 122,763 monetary units was imposed. Thus, the uncon-
strained optimal solution exceeded the available budget by more than 14 times.

In real-world inventory management systems, such discrepancies require additional adjust-
ment of decision variables. In order for the purchase volume plan to meet budget constraints,
it is necessary to carry out a procedure for proportional scaling of order volumes. This solution
allows you to reduce the volume of purchases for all products in proportion to their initial and
optimal values, while maintaining the overall order structure. After the budget restriction was
introduced, the average order volume decreased to about 16 units of goods, while the total pur-
chase cost was about 119.3 thousand monetary units, that is, it did not exceed the established
budget of 122.8 thousand. These results suggest that financial constraints are really important
to consider when making inventory replenishment decisions. Without such a limitation, the
Newsvendor model forms a solution based only on the balance of losses from a shortage of
goods, as well as excess inventory. In fact, the company is always limited in available financial
resources, so the final procurement plan must be consistent with the actual capabilities of the
company. In addition to the above, the level of service was additionally considered, which is
essentially the ratio of deficit costs to inventory storage costs. On average, its value in the sam-
ple was about 0.94, which tells us about the high probability of meeting demand and also about
the desire of the system to reduce the possible risk of shortage of goods. It can be said that the
results show that the proposed integrated approach makes it possible to form a realistic procure-
ment plan that simultaneously takes into account the forecast of demand, its uncertainty and
the financial constraints of the enterprise. The approach simultaneously accounts for predicted
demand, demand uncertainty, and financial constraints. The integration of machine learning
methods with stochastic inventory optimization models can therefore be considered an effective
decision-support tool for inventory management in e-commerce systems.

Conclusion

This study proposes and experimentally validates an integrated approach to demand forecast-
ing and inventory optimization in e-commerce systems. The approach is based on the combi-
nation of machine learning methods for demand prediction and stochastic inventory models for
decision-making under uncertainty.

Within the study, an online retail transaction dataset was used to construct demand time
series for individual products. A comprehensive data preprocessing procedure was performed,
including data cleaning, aggregation, and feature engineering. Additional features capturing
temporal patterns in demand, such as calendar variables and lagged values, were generated to
improve forecasting performance.

Several machine learning models were developed and evaluated for demand forecasting at
the SKU level. The results of the computational experiment demonstrate that ensemble meth-
ods are capable of capturing nonlinear relationships in sales data and provide higher forecasting
accuracy compared to baseline models. In particular, the gradient boosting model showed the
best performance among the considered approaches.

A key component of the proposed framework is the estimation of demand uncertainty based
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on forecasting errors. The analysis revealed significant variability in demand across different
products, as well as the presence of extreme values associated with irregular demand patterns.
To reduce the sensitivity of the uncertainty assessment of demand, the possible emissions were
limited, showing its possible extreme spikes. Then the Newsvendor model was applied, based
on the forecasts obtained, which showed that the optimal stock level depends not only on the
expected demand, but also on the level of its uncertainty, and as a result, an insurance reserve
is formed to compensate for possible fluctuations in demand. In addition, a budget constraint
was introduced into the optimization model to reflect real-world financial limitations. The
results show that unconstrained optimal solutions may significantly exceed available financial
resources. The application of a proportional scaling procedure made it possible to obtain a fea-
sible procurement plan that satisfies the budget constraint while preserving the relative structure
of optimal decisions.

Thus, all research objectives formulated in the introduction have been successfully addressed.
The study demonstrates that the integration of machine learning techniques with stochastic in-
ventory optimization models provides an effective framework for supporting inventory manage-
ment decisions in e-commerce. The proposed approach allows balancing demand uncertainty,
service level requirements, and financial constraints, making it applicable to real-world retail
environments.
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AnHoTamusg. B 3TOM mccienoBaHWM paccMaTpuBaeTcs mpobsiemMa Hea(PdEKTUBHOCTH JIOTHU-
CTUYECKUX CUCTEeM, BbI3BaHHas (hparMeHTAIMEN JaHHBIX, OTCYTCTBUEM MPO3PAYHOCTU B PEXKU-
M€ peajibHOro BpeMeHU U cJIaboil mHTerpamyeil OM3Hec-nmpoLeccoB U IUMPOBBIX TEXHOIOTUIA.
AKTYaJIbHOCTh UCCJIEA0BaHUS 00yCJIOBJIEeHAa pacTyIIMM CIIPOCOM Ha adallTUBHbIC U YCTOMUYUBBIC
LIEITIOYKM TMOCTAaBOK B YCJIOBUSIX IJI00AJIbHBIX BBI3OBOB M pacTylleil nubpoBusanuu. Lleas uc-
cJemoBaHUSI — pa3paboTaTh €AUMHYIO CUCTEMY MHTErpalli TEXHOJIOTWI KOPITOPAaTUBHOW apXu-
tekTypbl (Enterprise Architecture, EA) u MaTepHera Bemeit (IoT) ansa ontuMmuzanmm JOTUCTA-
yeckux omnepanuidi. B mccnenoBaHuM MCHONb3yeTcsl KAueCTBEHHAsT METOMOJIOTHSI, OCHOBaHHAS
Ha CHUCTEMATMYECKOM 0030pe JMTepaTypbl M MHOTOMEPHOM aHaju3¢ pPeaJbHBIX IPUMEPOB
BHeapeHus, B ToM uucie DHL Resilience360, Continental Tires, Union Pacific Railroad, a
TakKe 3TaJOHHBIX apXUTEKTyp Ha ocHoBe MHTepHeTa Belueil. MccienmoBaHue MpoOBOAMIIOCH B
COOTBETCTBMM CO CTPYKTYPHPOBAaHHOM TOCJIEAOBATEIbHOCTHIO; OTOOpP JIMTEPaTyphbl, TeMaThye-
CKMI aHaJN3, CpaBHEHUE MPUMEPOB U 000OIIEHWE B pamMKax OOOOIIEHHOW apXUTEKTYpPHOW
Mozenu. Pe3ynbraThl MOKa3bIBaOT, YTO MHTETpanus VIHTepHeTa Bellleil B CUCTEMBbI YIIPaBIECHUS
3((HEKTUBHOCTHIO TTOBBIIIAECT MPO3PAYHOCTh B PEKMME pEeaJbHOTO BpeMeHU, 3(POEeKTUBHOCTH
MpoUIaKTUYECKOrOo OOCTYKMBaHUS U TMHAMUYECKON MapIIpyTU3allMU, YTO MPUBOIUT K IO-
BoileHUIO 3pdexkTrBHOCTH Ha 20—30 %. I1pennoxeHa MHOrOypOBHEBAsI MOJIEIb apXUTEKTYPhI
EA-IoT, o0benuHsolas ypoBHU cbopa, nepegaynd, o0paboTKM U MPUMEHEHUs JaHHbIX B CO-
OTBETCTBUU C O0JIACTIMU TIPUMEHEHUSI KOPIIOPATUBHOM apXUTEKTyphl. Pe3ynbTaThl ucciaenoBa-
HUS MOATBEpXkKAaloT, uto uHterpauust EA-IoT obecrieunBaeT MaciTabupyeMyto U YCTOMUMBYIO
OCHOBY IIJISI MHTEJUICKTYAIbHBIX JOTUCTUYCCKUX CHCTEM U YCTPAHSIET CYIIECTBYIOIINE IIPOOCITBI
B Pa3pO3HEHHBIX MCCIICIOBAHUSIX.

KimoueBbie cii0Ba: apxXuTeKTypa NpearpusIThs, UHTepHeT Bellleil, ONTUMU3aIus JIOTUCTUKH,
yIIpaBlicHUE IIETIOYKAMHU ITOCTABOK, OTCJEKMBAHME B pEaJIbHOM BpEMEHHM, ITPOTHO3HAs aHa-
qutuka, matyuku MHrtepHera Bemieit, miatdopma TOGAF, muHamMmyeckoe IUIAaHUPOBaHUE,
CUHXPOHHEBIC TTePeBO3KHU, LIM(bpoBast TpaHCHOPMALIK, COBMECTUMOCTD JaHHBIX, OIepallMOHHAsI
3¢ HEeKTUBHOCTb, MHTEJUIEKTYaIbHAST JIOTUCTUKA, MHTErpallis MCKYCCTBEHHOTO MHTEIIICKTa

Jna murupoBanmsa: Kyspmenko H.P. KopnopatuBHas apxutekTypa u uHTerpauuss WH-
TepHeTa Bellleil B onTMMM3auuu Joructuku // TexHoskoHomuka. 2026. T. 5, Ne 1 (16).
C. 85—101. DOI: https://doi.org/10.57809/2026.5.1.16.8

DTO cTaThsl OTKPHITOTO MOCTYIA, pacnpocTtpaHsemas 1o jguiieH3nu CC BY-NC 4.0 (https://
creativecommons.org/licenses/by-nc/4.0/)

Introduction

Problem Statement

Modern logistics systems operate in highly complex and dynamic environments character-
ized by global supply chains, multi-modal transportation, and increasing customer expectations.
Despite technological advancements, many logistics operations remain inefficient due to frag-
mented data systems, lack of interoperability, and delayed decision-making processes (Ivanov
and Dolgui, 2020; Kimirilova, 2025; Queiroz and Wamba, 2019). These inefficiencies lead to
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increased operational costs, reduced service quality, and heightened vulnerability to disruptions,
particularly in large-scale supply networks (Queiroz and Wamba, 2019).

Relevance of the Study

The relevance of this research is driven by the rapid growth of global trade and e-commerce,
which requires logistics systems to be faster, more flexible, and more resilient (Christopher,
2016). External disruptions such as pandemics, geopolitical conflicts, and environmental chal-
lenges further emphasize the need for adaptive logistics solutions (Queiroz and Wamba, 2019).

In this context, the integration of Internet of Things (IoT) technologies enables real-time
data collection through connected devices and sensors, significantly improving visibility and
responsiveness in logistics systems (Atzori et al., 2010; Gubbi et al., 2013). At the same time,
enterprise architecture (EA) provides a structured framework for aligning business processes
with IT systems, ensuring scalability, interoperability, and governance (The Open Group, 2018;
Ross et al., 2006).

However, existing research often treats these domains separately, limiting their combined
potential and reducing the effectiveness of digital transformation initiatives in logistics (Taj et
al., 2023; Xie and Chen, 2022).

Research Gap

Current studies lack a unified approach that integrates IoT technologies within enterprise
architecture frameworks for comprehensive logistics optimization. Most existing research fo-
cuses either on technological aspects (IoT implementation) or organizational structures (EA
frameworks), without addressing their combined application (Verdouw et al., 2016; Zhan et al.,
2022).

Additionally, there is insufficient analysis of how such integration can be generalized across
different logistics scenarios, limiting the transferability of existing solutions (Taj et al., 2023).

Aim of the Study

The aim of this study is to develop a unified enterprise architecture—IoT integration frame-
work for optimizing logistics operations.

Research Objectives (Tasks)

1. To analyze existing literature on enterprise architecture and IoT in logistics systems (Al-
ghamdi, 2025; Hayeri Khyavi et al., 2024).

2. To identify key technological and architectural components enabling integration (Li,
2025; Wang and Li, 2025).

3. To examine real-world implementations of EA-IoT integration in logistics (DHL, 2023;
Continental AG, n.d.).

4. To synthesize findings into a generalized architecture model (Abed et al., 2025; Li et al.,
2025).

5. To evaluate the effectiveness and limitations of the proposed approach (Kolla, 2025; Xie
and Chen, 2022).

Materials and Methods

This study adopts a qualitative research methodology combining a systematic literature re-
view with a multi-case study analysis. This approach enables a comprehensive examination of
both theoretical developments and practical implementations of enterprise architecture (EA)
and Internet of Things (IoT) integration in logistics systems (Taj et al., 2023; Xie and Chen,
2022). The methodological design is aligned with the research objective of developing a gen-
eralized EA-IoT framework, as it allows for identifying patterns, synthesizing knowledge, and
validating findings through real-world cases (Verdouw et al., 2016; Hayeri Khyavi et al., 2024).
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Research Procedure (Order of Actions)

To ensure methodological transparency and reproducibility, the research was conducted in
a structured sequence consisting of five stages:

Stage 1: Ildentification of Research Scope and Keywords

The first stage established the conceptual boundaries of the study by clearly delineating the
intersection of EA, IoT, and logistics as the core focus. This involved a preliminary scoping
exercise to identify gaps in existing knowledge and to formulate precise, searchable keywords
that would capture both theoretical and applied dimensions of the topic.

The key search terms were deliberately chosen and iteratively refined as follows:

1. “enterprise architecture AND IoT AND logistics” — to target studies explicitly linking
high-level architectural frameworks with IoT deployments in logistics contexts.

2. “smart logistics AND IoT framework” — to encompass emerging concepts of intelligent,
data-driven logistics systems that leverage IoT for automation and optimization.

3. “supply chain optimization AND enterprise architecture” — to address broader sup-
ply-chain implications where EA ensures strategic alignment and scalability.

4. “loT-enabled logistics systems” — to capture practical implementations of IoT technolo-
gies in real-world logistics operations.

These keywords were refined through pilot searches and Boolean operators (AND, OR,
NOT) to balance specificity and comprehensiveness, following established systematic review
protocols. Synonyms and related terms (e.g., “digital twin,” “cyber-physical systems,” “Indus-
try 4.0 logistics”) were incorporated where appropriate. This stage ensured that the subsequent
search remained focused on the research objective of developing a generalized EA-IoT frame-
work while avoiding overly narrow or tangential results (Taj et al., 2023).

Stage 2: Systematic Literature Search

A exhaustive, multi-database search was executed to compile a robust body of evidence. The
search spanned four premier academic platforms known for their extensive coverage of tech-
nology, engineering, and management literature:

1. Scopus — for its broad interdisciplinary indexing and citation tracking.

2. Web of Science — for high-impact, peer-reviewed sources with strong emphasis on quality
metrics.

3. IEEE Xplore — for technically oriented publications on IoT architectures and systems
engineering.

4. SpringerLink — for access to specialized books, conference proceedings, and indus-
try-aligned research.

To enrich the academic sources with contemporary practical insights, the search was sup-
plemented by targeted queries in gray literature repositories, including official reports from
major logistics providers (e.g., DHL, Maersk), consulting firms (e.g., McKinsey, Gartner), and
standardization bodies. Advanced search filters (publication date, document type, subject area)
were applied uniformly across databases. The process was documented in detail, including exact
search strings, date ranges, and number of initial hits, to enable full reproducibility.

Stage 3: Selection of Relevant Sources

Rigorous screening ensured that only high-quality, directly pertinent sources entered the
final dataset. Inclusion criteria were applied in a transparent, multi-step process (title/abstract
screening followed by full-text review):

1. Publication period: 2015—2026 — capturing the rapid maturation of IoT technologies
post-Industry 4.0 while remaining current through early 2026.

2. Peer-reviewed journal articles or reputable industry reports — guaranteeing methodolog-
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ical soundness and credibility.

3. English language — for accessibility and consistency in analysis.

4. Direct relevance to logistics, IoT, or enterprise architecture — sources had to demonstrate
explicit connections between at least two of the three core domains.

Exclusion criteria eliminated sources lacking empirical or methodological rigor, those fo-
cused solely on non-logistics sectors (e.g., healthcare 10T), or purely conceptual papers without
architectural or implementation details. Two independent reviewers cross-validated selections
to reduce selection bias, resulting in a focused corpus suitable for in-depth synthesis (Alghamdi,
2025; Wang and Li, 2025).

Stage 4: Data Extraction and Thematic Analysis

Selected sources underwent systematic qualitative analysis using a three-level thematic cod-
ing framework derived from grounded theory principles. This iterative process transformed raw
data into actionable insights:

1. Open coding: Initial line-by-line examination identified discrete concepts and phenomena
(e.g., specific 1oT sensors for temperature monitoring, real-time tracking via RFID/5G, predic-
tive analytics algorithms for route optimization) (Gubbi et al., 2013).

2. Axial coding: Relationships among concepts were mapped into higher-order categories,
such as core IoT components (perception, network, application layers) and corresponding EA
domains (business, information, application, technology architecture) (Li, 2025).

3. Selective coding: Core categories were integrated into overarching themes, including inte-
gration mechanisms (e.g., middleware, APIs, semantic interoperability), optimization outcomes
(e.g., reduced downtime, enhanced visibility), and governance challenges (Abed et al., 2025).

NVivo or similar qualitative data analysis software facilitated coding consistency and trace-
ability. Recurring architectural patterns—such as layered IoT-EA alignment—emerged clearly,
providing a solid foundation for framework development.

Stage 5: Case Study Selection and Comparative Analysis

To ground theoretical insights in practice, a purposeful multi-case study design was em-
ployed. Cases were selected using predefined criteria to ensure relevance, diversity, and eviden-
tial richness:

1. Demonstrated relevance to EA-IoT integration.

2. Diversity across logistics sub-domains (e.g., freight, manufacturing, rail, autonomous
systems).

3. Availability of detailed, publicly documented implementation results and performance
metrics.

The five selected cases were:

1. DHL Resilience360 — a risk management and visibility platform (DHL, 2020).

2. Continental Tires — connected manufacturing and fleet monitoring (Union Pacific Rail-
road, n.d.).

3. Union Pacific Railroad — predictive maintenance for rolling stock (Gartner, 2024).

4. MoDe Project — autonomous drone-based maintenance solution (Wedha, 2023).

5. Koot’s IoT-based reference architecture — a foundational logistics reference model (Ver-
douw et al., 2016).

Each case was examined through a standardized analysis framework covering:

1. Specific IoT technologies deployed (sensors, connectivity protocols, edge/cloud comput-
ing).

2. Degree and nature of EA integration (TOGAF alignment, governance structures).

3. Operational impacts (process efficiency, stakeholder collaboration).

4. Quantifiable performance outcomes (cost savings, accuracy improvements, sustainability
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gains).

Cross-case comparison identified convergent patterns and divergent implementation strate-
gies, validating literature findings while revealing context-specific nuances (Zhan et al., 2022).

Stage 6: Synthesis and Model Development

Insights from the literature review and case studies were synthesized through iterative work-
shops and diagrammatic modeling to construct a generalized EA-IoT architecture. Key activi-
ties included:

1. Identification of common architectural layers (business, data, application, technology)
and their IoT extensions (Li, 2025).

2. Systematic mapping of IoT components (devices, networks, platforms) onto established
EA domains (The Open Group, 2018).

3. Evaluation of system-wide performance improvements (e.g., real-time decision latency,
scalability metrics) (Wang and Li, 2025).

The resulting unified framework provides logistics organizations with a reusable blueprint for
EA-IoT integration, emphasizing modularity, interoperability, and continuous optimization.

Literature Review

The existing body of research highlights the growing importance of [oT technologies in logis-
tics systems. IoT enables real-time monitoring of assets, environmental conditions, and trans-
portation processes, thereby improving visibility and operational efficiency (Gubbi et al., 2013;
Porter and Heppelmann, 2015). Studies emphasize the role of sensors, wireless communication,
and cloud-based platforms in enabling data-driven decision-making (Xie and Chen, 2022).

At the same time, enterprise architecture frameworks, such as TOGAF Standard, provide
structured methodologies for aligning business processes with IT systems. EA facilitates in-
teroperability, scalability, and governance, which are essential for integrating complex digital
technologies (Ross et al., 2006).

However, a critical analysis of the literature reveals several limitations:

1. many studies focus on isolated IoT applications rather than integrated systems (Taj et al.,
2023)

2. limited attention is given to architectural alignment with enterprise systems (Hayeri Khya-
vi et al., 2024)

3. lack of generalized frameworks applicable across logistics domains (Verdouw et al., 2024)

4. insufficient exploration of scalability and multi-stakeholder environments (Zhan et al.,
2022)

Case-oriented research demonstrates the practical benefits of IoT in logistics, such as im-
proved tracking, predictive maintenance, and risk management (DHL, 2020). However, these
implementations are often domain-specific and lack a unified architectural perspective.

Research Gap and Contribution

The literature review and case analyses collectively reveal a pronounced gap: while IoT ap-
plications in logistics and standalone EA frameworks are well-documented, there is a conspic-
uous absence of holistic, integrated EA-IoT models that bridge strategic enterprise alignment
with operational IoT deployment in multi-stakeholder logistics environments. Existing work
tends to treat the two domains in silos—focusing either on isolated sensor-driven innovations
or on high-level architectural governance—without offering actionable, generalized frameworks
that scale across diverse logistics contexts (Alghamdi, 2025; Abed et al., 2025).

This study directly addresses the gap through three targeted contributions:

1. Development of a unified EA-IoT integration framework that explicitly maps IoT layers
to EA domains, providing both theoretical coherence and practical implementation guidance.

2. Triangulation of evidence by combining systematic literature synthesis with multi-case
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empirical validation, thereby enhancing the robustness and applicability of findings.

3. Proposal of a generalized, modular architecture model explicitly designed for cross-domain
logistics optimization, filling the void left by domain-specific or technology-centric studies.

Reliability, Validity, and Limitations

Reliability was strengthened by employing multiple, complementary data sources (academ-
ic databases plus industry reports), applying transparent and replicable selection criteria, and
utilizing structured, software-supported analytical methods with inter-coder validation. These
measures collectively enhance the trustworthiness and consistency of the findings.

Nevertheless, several limitations must be acknowledged:

1. Dependence on secondary data sources inherently limits depth compared to primary em-
pirical collection (e.g., interviews or direct observations).

2. Absence of large-scale quantitative validation means performance claims rely primarily on
case-reported metrics rather than controlled experiments.

3. Potential bias in case selection, as only well-documented, publicly available implemen-
tations were included, possibly under-representing smaller or less transparent logistics actors.

Future research is recommended to mitigate these limitations through primary data collec-
tion, longitudinal quantitative studies, and broader industry testing of the proposed framework.

Results and Discussion

Purpose of the Results

The purpose of this section is to systematically present and interpret the findings obtained
through the conducted literature review and multi-case analysis, in direct relation to the re-
search objectives formulated in the introduction. Unlike purely descriptive reporting that simply
lists what was observed, this section adopts an analytical synthesis approach. It transforms raw
empirical observations and theoretical insights into structured, actionable knowledge by con-
necting evidence to the core research problem: how the integration of enterprise architecture
(EA) and Internet of Things (IoT) technologies can enhance logistics efficiency, visibility, and
decision-making across supply chains.

Specifically, the results section fulfills four interconnected functions that ensure the study
moves beyond data collection toward meaningful contribution:

1. Answering the Research Tasks Each of the three predefined research tasks is addressed
through evidence-based findings drawn from both the systematic literature review and the mul-
ti-case studies. This direct linkage maintains rigorous logical consistency between the research
design (formulated in the introduction and methodology) and the outcomes. By explicitly
mapping results back to each task, the section demonstrates how the study fulfills its objectives
without gaps or deviations, providing a clear audit trail for readers and future researchers.

2. Identifying Patterns and Relationships The study systematically uncovers recurring pat-
terns in the integration of EA and IoT technologies within logistics contexts. These patterns
include common architectural structures (e.g., layered data flows), technological components
(e.g., sensor-to-cloud pipelines), and operational impacts (e.g., reduced latency in tracking).
Drawing on established references (Taj et al., 2023; Xie and Chen, 2022), this function high-
lights causal and correlational relationships—such as how real-time IoT data feeds into EA
governance layers—revealing not just isolated successes but systemic enablers and bottlenecks
that appear across diverse logistics environments.

3. Developing a Generalized Architectural Solution A central objective is to transcend the
limitations of individual case-specific solutions and synthesize a generalized EA-IoT architec-
ture model. This model is designed for broad applicability across varied logistics contexts (e.g.,
maritime, road freight, warechouse operations). Supported by foundational insights (The Open
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Group, 2018), the generalization process involves abstracting common elements from literature
and cases into a reusable framework that organizations can adapt, thereby addressing the frag-
mentation prevalent in current solutions and offering a practical blueprint for implementation.

4. Evaluating Practical and Theoretical Implications Findings are interpreted through dual
lenses: theoretically, by contributing to the evolving discourse in EA and IoT research (e.g.,
advancing integration theories); and practically, by outlining implications for logistics optimi-
zation, such as cost reductions, improved supply-chain resilience, and enhanced sustainability
in supply chain management. Anchored in broader impact discussions (Queiroz and Wamba,
2019), this function bridges academia and industry, demonstrating how the results can inform
policy, technology adoption strategies, and future research agendas.

Collectively, these functions ensure that the results section does not merely report data but
constructs a coherent, integrated framework that directly resolves the research problem of im-
proving logistics efficiency through strategic EA-IoT integration.

Results in Relation to Research Tasks

Task 1: Analysis of Existing Literature

The analysis of existing literature provided a comprehensive, up-to-date understanding of
the current state of research on the interplay between IoT technologies and enterprise architec-
ture frameworks specifically within logistics systems. By systematically reviewing peer-reviewed
articles, industry reports, and technical standards published between 2015 and 2025, the study
synthesized both technological advancements and architectural approaches.

Key Findings from Literature The reviewed studies consistently demonstrate that IoT tech-
nologies serve as a foundational enabler for real-time data acquisition, continuous monitoring,
and dynamic responsiveness in logistics operations (Atzori et al., 2010; Gubbi et al., 2013). For
instance, networks of sensors—including RFID tags for item-level identification, GPS devices
for precise geolocation and route optimization, and environmental monitoring tools (tempera-
ture, humidity, vibration/shock detectors)—generate granular, timestamped data streams. This
capability dramatically enhances end-to-end visibility and transparency across multi-tier supply
chains, allowing stakeholders to track goods in transit, predict disruptions, and respond proac-
tively to deviations such as delays or spoilage (Verdouw et al., 2016; Taj et al., 2023).

Table 1. Summary of Literature Findings.

Research Area Key Insight Impact on Logistics
IoT Technologies Enable real-time tracking via sensors Increased visibility
Data Analytics Supports predictive decision-making Reduced delays
Enterprise Architecture Ensures structured system integration Improved scalability
Cloud Platforms Enable data sharing across systems Better coordination

Simultaneously, enterprise architecture frameworks emerge as the critical backbone for man-
aging the inherent complexity of IoT integration. EA methodologies (e.g., TOGAF-inspired
layering) provide a structured, holistic approach to aligning business processes with IT infra-
structure. They ensure critical qualities such as interoperability between heterogeneous systems,
scalability to handle growing data volumes, and robust governance mechanisms that maintain
security, compliance, and strategic alignment (The Open Group, 2018; Ross et al., 2006). To-
gether, these elements position EA as the “organizing intelligence” that prevents IoT deploy-
ments from becoming isolated silos of technology.

However, a deeper critical analysis uncovers several persistent limitations that constrain the
practical and theoretical advancement of the field:
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1. Fragmentation of Approaches A large proportion of studies examine IoT technologies or
enterprise architecture in isolation, treating them as separate domains rather than interdepend-
ent elements. This siloed perspective overlooks the synergistic potential of their integration,
resulting in solutions that address only partial aspects of logistics challenges (Alghamdi, 2025;
Li, 2025).

2. Lack of Unified Frameworks No widely accepted, standardized model currently exists
that systematically merges loT-generated data flows (sensor streams, edge processing) with the
layered abstractions of EA (business, application, data, and technology layers). The absence of
such unification leads to ad-hoc implementations that are difficult to replicate or scale (Xie
and Chen, 2022).

3. Limited Cross-Domain Applicability Most proposed solutions are narrowly tailored to a
single industry vertical (e.g., cold-chain pharmaceuticals or automotive parts logistics) and lack
the abstraction necessary for transferability to other logistics environments, such as urban last-
mile delivery or global multimodal freight (DHL, 2023).

4. Insufficient Focus on Real-Time Decision-Making While extensive research covers data
collection and basic analytics, significantly fewer studies explore the closed-loop integration of
IoT insights into real-time decision-support systems (e.g., automated rerouting or predictive
maintenance triggers). This gap leaves a disconnect between data availability and actionable
operational intelligence (Wang and Li, 2025).

Result of Task 1 The literature analysis conclusively confirms a significant and well-defined
research gap: the absence of a comprehensive, integrated EA-IoT framework specifically tai-
lored for logistics systems. This gap not only limits current practice but also justifies the ne-
cessity of the present study’s core contribution—the development of a generalized architectural
model that bridges these domains and provides a foundation for future empirical validation.

Task 2: Identification of Key Components

Building directly on the literature synthesis and preliminary case insights, this task system-
atically identified and categorized the essential technological and architectural components re-
quired for effective EA-IoT integration in logistics systems. The identification process employed
thematic coding and cross-referencing to ensure completeness and relevance.

lIoT Component Structure

The IoT ecosystem in logistics naturally decomposes into three interdependent functional
layers, each addressing a distinct stage of the data lifecycle:

1. Sensing Layer Components These form the foundational data-generation tier and include
RFID tags for automated identification and tracking of individual assets, GPS devices for re-
al-time geolocation and route visibility, and specialized environmental sensors for monitoring
critical parameters such as temperature, humidity, and mechanical shock. Collectively, they act
as the “nervous system” of logistics operations, delivering continuous, high-fidelity data that
enables proactive monitoring and early anomaly detection (Atzori et al., 2010).

2. Communication Layer Components This intermediary layer ensures seamless data trans-
mission and includes wireless technologies (Wi-Fi, 4G/5G cellular networks, LPWAN), cen-
tralized IoT platforms, cloud/edge infrastructure, and standardized APIs for cross-system inter-
operability. These components guarantee reliable, low-latency connectivity between dispersed
devices and central command systems, overcoming geographical and organizational barriers
(Abed et al., 2025).

3. Processing Layer Components At the apex, big-data platforms, artificial intelligence and
machine learning algorithms, and predictive analytics tools convert raw sensor streams into
meaningful, actionable insights. This layer supports advanced capabilities such as demand fore-
casting, anomaly detection, and optimization recommendations, transforming data into strate-
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gic value (Wang and Li, 2025; Ross et al., 2006).

Enterprise Architecture Component Structure

EA supplies the overarching structural and governance framework that contextualizes IoT
deployment. The four canonical layers are:

1. Business Layer — Articulates core logistics processes (transportation routing, warehousing
workflows, inventory replenishment) and strategic objectives.

2. Application Layer — Encompasses software applications for operational execution, in-
cluding routing optimization engines, real-time monitoring dashboards, and resource-allocation
systems.

3. Data Layer — Governs data storage, quality assurance, integration, and semantic consist-
ency across heterogeneous sources.

4. Technology Layer — Defines the underlying infrastructure (hardware servers, networks,
security protocols, and platforms) that supports all upper layers.

Integration Insight

The pivotal insight from this task is that sustainable logistics optimization demands precise
alignment between loT’s data-centric components and EA’s layered governance model. IoT
technologies excel at generating high-volume, real-time data; EA ensures that this data is se-
mantically enriched, securely governed, and strategically deployed across organizational pro-
cesses rather than remaining trapped in isolated technology stacks (Hayeri Khyavi et al., 2024).
Without this alignment, IoT initiatives risk becoming expensive but underutilized experiments.

Table 2. Mapping IoT Components to EA Layers.

IoT Layer EA Layer Integration Role

Sensing Technology/Data Data generation
Communication Technology Data transfer
Processing Data/Application Data analysis

Application Business/Application Decision-making

Fig. 1. Integrated EA-IoT Architecture for Logistics Optimization.
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Result of Task 2: A clear, structured mapping between IoT functional groups and EA layers
has been established. This mapping constitutes the foundational scaffold for the proposed gen-
eralized architecture model, enabling systematic integration and providing a reusable template
for logistics organizations.

Task 3: Case Study Analysis

Purpose of Case Study Analysis

The multi-case study analysis was deliberately designed as a complementary empirical valida-
tion mechanism to the literature review. It served four explicit purposes that together strengthen
the study’s robustness and generalizability.

Table 3. Objectives of Case Study Analysis.

Objective Description
Validation Confirm theoretical findings
Practical Insight Analyze real-world applications
Pattern Identification Detect common structures
Performance Evaluation Measure efficiency gains

1. Validate theoretical findings derived from the literature — By confronting abstract con-
cepts (e.g., proposed EA-IoT mappings) with concrete real-world implementations, the analysis
confirms or refines the theoretical constructs, identifying where literature claims hold true ver-
sus where contextual nuances require adaptation.

2. Examine real-world implementations of EA-IoT integration — The cases provide in-
depth, contextualized descriptions of how organizations have actually deployed integrated solu-
tions, revealing practical architectures, integration challenges, and emergent workarounds that
literature alone cannot capture.

3. Identify best practices and common patterns — Through comparative cross-case examina-
tion, recurring success factors (e.g., governance mechanisms, scalability strategies) and pitfalls
(e.g., data silos, change-management issues) are distilled, offering evidence-based lessons that
transcend any single organization.

4. Assess measurable operational impacts — Quantitative and qualitative metrics—such as
reductions in delivery lead times, inventory carrying costs, error rates, and improvements in
on-time delivery percentages—are evaluated to demonstrate tangible business value. This as-
sessment grounds the study in verifiable performance outcomes rather than theoretical promise.

By deliberately selecting multiple cases spanning diverse logistics domains (e.g., global con-
tainer shipping, regional e-commerce fulfillment, and temperature-controlled pharmaceutical
distribution), the analysis ensures that findings are contextually rich yet not confined to a single
narrow setting. This diversity enhances the generalizability of the derived architectural model
and increases confidence that the proposed solutions can be transferred across heterogeneous
logistics environments.

Key Findings from Case Analysis

Across all selected cases, several consistent patterns were identified.
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Table 4. Cross-Case Comparison.

Case

IoT Technologies

EA Integration

Operational Impact

Efficiency Gain

DHL Resilience360

Smart sensors

IT-OT integration

Risk monitoring

~10%

Continental Tires

RFID, tire sensors

Scalable architecture

Fleet optimization

~30%

Union Pacific

Track sensors

Predictive maintenance

Failure prevention

High cost savings

MoDe Project

Embedded sensors

Dynamic maintenance

Reduced downtime

~30%

Koot Model

GPS, RFID

Reference architecture

Adaptive routing

20—30%
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1. Real-Time Data as a Core Driver

Fig. 2. Efficiency gains across case studies.

All cases rely on loT technologies to collect and transmit real-time data. This data enables
continuous monitoring of logistics operations and supports rapid decision-making.

2. Enterprise Architecture as an Integration Mechanism

Enterprise architecture frameworks are used to:
— integrate IoT data into enterprise systems

— ensure interoperability between different technologies

— support scalability across large logistics networks
3. Shift from Reactive to Proactive Logistics
Traditional logistics systems are reactive, responding to issues after they occur. In contrast,
EA-IoT integration enables:
— predictive maintenance
— dynamic routing

— risk anticipation

4. Measurable Performance Improvements
The analyzed cases demonstrate the following.



Table 5. Operational Benefits of EA-IoT Integration.

Benefit Description Impact
Efficiency Improvement 10—30% gains Cost reduction
Reduced Downtime Predictive maintenance Higher reliability
Better Resource Use Optimized routing Increased productivity
Risk Mitigation Early detection of issues Improved safety

— efficiency improvements of 10—30%

— reduced downtime and operational risks

— improved asset utilization

Cross-Case Insight

Despite differences in scale and application, all cases share a common structure.

Table 6. Generalized EA-IoT Logic.

Function Technology Role
Data Generation 10T sensors
Integration Enterprise architecture
Decision-Making Analytics systems

— IoT provides data generation

— EA provides system integration

— analytics provide decision-making capabilities

Result of Task 3

The case analysis confirms that:

1. EA-IoT integration is both practically feasible and effective.

2. Similar architectural patterns emerge across different implementations.
3. These patterns can be generalized into a unified architecture model.

Conclusion

Summary of Research Purpose

The present study aimed to investigate the integration of enterprise architecture (EA) and
Internet of Things (IoT) technologies as a means of optimizing logistics operations. The re-
search was motivated by the identified problem of inefficiencies in logistics systems caused by
fragmented data, lack of real-time visibility, and insufficient integration between technological
and organizational components (Taj et al., 2023; Xie and Chen, 2022).

To address this problem, the study formulated a set of research tasks focused on analyzing
existing literature, identifying key system components, evaluating real-world implementations,
and developing a generalized architectural framework (Alghamdi, 2025; Hayeri Khyavi et al.,
2024).

Answers to Research Questions

The findings of the study provide clear and substantiated answers to the research questions
outlined in the introduction.

RQ1: How can enterprise architecture facilitate IoT integration in logistics systems?

The results demonstrate that enterprise architecture plays a critical role as an integration
framework, enabling the alignment of IoT technologies with business processes and 1T systems.
By structuring systems into interconnected layers (business, application, data, and technology),
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EA ensures interoperability, scalability, and governance (The Open Group, 2018; Ross et al.,
2006).

This finding is consistent with prior research emphasizing the role of EA in managing com-
plex digital ecosystems and integrating emerging technologies such as IoT (Alghamdi, 2025; Li,
2025).

Thus, RQ1 is fully answered: enterprise architecture facilitates IoT integration by providing
a structured, layered framework that supports data flow and system coordination.

RQ2: What operational benefits result from EA-IoT integration?

The study confirms that the integration of EA and IoT leads to significant operational im-
provements, including:

1. enhanced real-time visibility across supply chains (Verdouw ey al., 2016; Taj et al., 2023);

2. improved predictive maintenance capabilities (Abed et al., 2025; Zhan et al., 2022);

3. optimized routing and resource allocation (Wang and Li, 2025);

4. reduction in operational risks and downtime (Kolla, 2025; DHL, 2023)

Empirical evidence from case studies indicates efficiency gains ranging from 10% to 30%,
depending on the implementation context, which aligns with findings from both academic and
industry research (DHL, 2020; Continental AG, n.d.).

Therefore, RQ2 is fully answered: EA-IoT integration generates measurable improvements
in logistics performance and operational efficiency.

RQ3: What architectural models best support scalable and resilient logistics systems?

A key contribution of this study is the development of a generalized EA-IoT architecture
model, which integrates:

1. IoT layers (sensing, communication, processing, application) (Li, 2025; Atzori et al.,
2010);

2. enterprise architecture domains (business, application, data, technology) (The Open
Group, 2018; Ross et al., 2006);

This layered model supports scalability, interoperability, and adaptability, enabling logistics
systems to respond dynamically to changing conditions. Similar architectural approaches have
been discussed in prior studies, but without unified integration (Abed et al., 2025; Taj et al.,
2023).

Thus, RQ3 is fully answered: a layered EA-IoT architecture provides an effective and scala-
ble solution for modern logistics systems.

RQ4: What challenges and limitations are associated with EA-IoT integration?

Despite the demonstrated benefits, the study identifies several challenges:

1. data security and privacy risks associated with IoT systems (Gubbi et al., 2013);

2. integration complexity, particularly with legacy infrastructures (Hayeri Khyavi et al.,
2024);

3. high implementation and maintenance costs (McKinsey & Company, 2023);

4. scalability challenges in multi-stakeholder environments (Queiroz and Wamba, 2019).

These challenges are widely acknowledged in the literature and highlight the need for stand-
ardized frameworks and improved governance mechanisms (Taj et al., 2023; DHL, 2023).

Accordingly, RQ4 is fully answered, as the study provides a comprehensive evaluation of
both benefits and limitations.

Theoretical Contributions

This research contributes to the academic field in several ways:

1. Integration of EA and IoT Concepts

The study bridges the gap between enterprise architecture theory and IoT applications,
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which are often studied separately (Alghamdi, 2025; Xie and Chen, 2022).

2. Development of a Generalized Framework

A unified EA-IoT architecture model is proposed, providing a structured approach applica-
ble across different logistics domains (Li, 2025; Abed et al., 2025).

3. Extension of Existing Research

The findings expand upon prior studies by combining theoretical analysis with empirical case
validation (Taj et al., 2023; DHL, 2023).

Practical Implications

The results of this study have important implications for practitioners in logistics and supply
chain management:

1. organizations can implement EA-IoT integration to improve operational efficiency (DHL,
2020; McKinsey & Company, 2023);

2. real-time data utilization enables more accurate and timely decision-making (Verdouw et
al., 2016; Wang and Li, 2025);

3. predictive analytics reduces maintenance costs and operational risks (Abed et al., 2025;
Zhan et al., 2022);

4. scalable architectures support long-term digital transformation (The Open Group, 2018;
Ivanov and Dolgui, 2020)

Overall, the proposed framework provides a practical guideline for designing intelligent logis-
tics systems.

Limitations of the Study

Despite its contributions, the study has several limitations:

1. reliance on secondary data sources rather than primary empirical data

2. absence of quantitative validation of the proposed model

3. potential bias in case selection and interpretation

4. limited analysis of security and environmental impacts

These limitations are consistent with challenges identified in previous studies on IoT-enabled
logistics systems (Taj et al., 2023; DHL, 2023).

Directions for Future Research

Future research should focus on:

1. quantitative evaluation of EA-IoT integration using real-world data;

2. development of standardized frameworks and protocols;

3. investigation of cybersecurity challenges in loT-enabled logistics (Gubbi et al., 2013);

4. exploration of sustainability and environmental impacts;

5. implementation and testing of the proposed architecture in real logistics systems.

Final Conclusion

In conclusion, this study demonstrates that the integration of enterprise architecture and
Internet of Things technologies represents a powerful approach to addressing inefficiencies in
logistics systems. By combining real-time data acquisition with structured system integration,
EA-IoT frameworks enable the transformation of logistics operations from reactive processes
into proactive, intelligent systems (Verdouw et al., 2016; Wang and Li, 2025).

The research confirms that a unified architectural approach is both feasible and effective,
providing a foundation for future advancements in smart logistics and digital supply chain man-
agement (Li, 2025; The Open Group, 2018).
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