Our empirical analysis confirms that Al adoption across the EU manufacturing sector follows a
two-circuit model. Knowledge-intensive fields, led by pharmaceuticals and electronics, form the
innovation core, displaying rapid dynamics and systematic software integration, while traditional
subsectors show a gradual catch-up effect, prioritizing low-cost cognitive tools over heavy automated
hardware due to high financial barriers. Across functional domains, marketing and innovation-
oriented applications lead the way, whereas logistics adapts more slowly, reflecting the dominance
of an information-analytical model in EU manufacturing.

The new Al Application Strategy [4] marks a shift in EU policy from basic capacity building to
the practical deployment of digital tools across factories. For Ukraine, directly replicating these steps
is difficult due to wartime disruptions. Nonetheless, this pattern provides a practical benchmark:
under resource constraints, domestic policy should prioritize low-cost cognitive tools and targeted
support for SMEs to digitalize traditional sectors. In practice, taking this route allows Ukrainian
institutions to build a more consistent framework that helps accelerate industrial recovery and long-
term competitiveness.

References

1. Salikhov, M. M. (2025). Digitalization of the EU manufacturing sector: The use of artificial
intelligence. Statystyka Ukrainy — Statistics of Ukraine, 3, 88-101. https://doi.org/
10.31767/su.3(110)2025.03.07

2. Eurostat. (2026). Digital economy and society. Retrieved from https://ec.europa.eu/eurostat/
web/digital-economy-and-society

3. Polozova, T. V., & Salikhov, M. M. (2026). Implementation of artificial intelligence in EU
industry: Trends analysis. Statistics of Ukraine, 112(1), 108-116. https://doi.org/10.31767/
su.1(112)2026.01.10

4. European Commission. (n. d.). Apply Al strategy. Shaping Europe’s digital future. Retrieved
January 12, 2026 from https://digital-strategy.ec.europa.eu/en/policies/apply-ai

Voinikov M.Y.,
PhD in Economics,
Kyiv National Economic University named after Vadym Hetman

GENETIC PROGRAMMING AS A TOOL FOR INTERPRETABLE
DEMAND FORECASTING IN DIGITAL SUPPLY CHAINS

In the context of digital supply chains, demand forecasting has become a key analytical tool for
production planning, inventory management, logistics coordination, and strategic decision-making
[5]. The growing availability of real-time data from ERP systems, e-commerce platforms, IoT
devices, and customer interaction channels creates new opportunities for predictive analytics in
supply chain management [1; 2]. However, the increasing complexity and volatility of markets also
require forecasting models that are not only accurate but also understandable for managers and
domain experts [1]. Inaccurate forecasts may cause stockouts, excessive inventory, higher logistics
costs, and reduced supply chain responsiveness [2; 5].

Modern machine learning and deep learning methods are widely used for demand forecasting
because they can capture nonlinear dependencies and complex patterns in large datasets.
Nevertheless, many of these models remain difficult to interpret. Neural networks, ensemble methods,
and other black-box approaches often provide high predictive accuracy. Still, their internal logic is
not transparent, which creates a barrier to practical implementation, especially in supply chain
management, where forecasts must often be explained, justified, and aligned with business
knowledge. Recent studies emphasize the importance of interpretable, explainable forecasting models
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to improve trust in Al-based supply chain decisions [1]. Therefore, this paper should be understood
as a conceptual and methodological contribution aimed at systematizing the use of GP for
interpretable demand forecasting, rather than as an empirical validation of a forecasting model.

Genetic programming and symbolic regression offer a promising alternative to black-box
forecasting models. Genetic programming is an evolutionary computation method that automatically
searches for mathematical expressions that describe relationships between input variables and target
values. Unlike many machine learning algorithms, GP produces explicit symbolic formulas. Such
formulas may include historical demand, prices, seasonality, promotional factors, macroeconomic
indicators, or other relevant variables. As a result, the final model can be directly inspected by experts,
compared with domain knowledge, and used as a transparent forecasting rule, which makes GP
especially relevant for digital supply chains, where decisions must combine data-driven analytics with
managerial reasoning [3; 4].

To address the need for a more systematic application of GP in demand forecasting, this study
proposes a structured five-step conceptual framework. The framework includes: 1) defining the
solution space by linking historical supply chain data and explanatory variables to terminal and
function sets; 2) selecting population initialization strategies that support structural diversity;
3) designing a fitness function that combines forecasting error metrics, such as MAE, RMSE, or
MAPE, with structural complexity penalties to reduce the risk of overfitting; 4) specifying
evolutionary dynamics, including selection, crossover, and mutation operators; and 5) establishing
stopping criteria. The framework does not claim to replace empirical model validation but provides
a methodological basis for developing transparent algebraic forecasting models that can incorporate
domain constraints and managerial logic.

Previous studies suggest that Al-based and GP-based models may achieve competitive
forecasting performance under specific data conditions and experimental settings. Carbonneau,
Laframboise, and Vahidov demonstrated the potential of machine learning techniques for supply
chain demand forecasting [2], while Sohrabpour et al. proposed a genetic programming framework
for export sales forecasting and applied it to real business data [5]. At the same time, recent studies
on symbolic regression and human-in-the-loop genetic programming indicate that GP can support the
development of accurate and more transparent models under appropriate methodological conditions
[3; 4]. This is especially important in supply chain environments where managers need to understand
why a forecast was produced and how key variables influence the result.

The scientific value of GP in demand forecasting lies in its potential to bridge predictive accuracy
and interpretability. While black-box models may perform well, they often provide limited insight
into the logic behind their predictions. In contrast, symbolic models generated by GP can be
represented as analytical expressions, which may support expert validation, sensitivity analysis, and
integration into decision-support systems. However, symbolic representation alone does not
guarantee practical interpretability: overly complex GP expressions may still be difficult for managers
to understand. Therefore, complexity control, domain constraints, and empirical validation are
essential for the practical use of GP-based forecasting models.

Thus, genetic programming can be considered a promising methodological direction for
interpretable demand forecasting in digital supply chains. Its main advantage lies in the possibility of
generating transparent symbolic models that may support managerial trust, explainability, and expert
analysis. However, the practical effectiveness of this approach should be verified in future studies
using benchmark datasets, baseline model comparisons, and real-world supply chain applications.
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BUKOPUCTAHHA WUTYYHOI'O IHTEJNIEKTY B MAPKETUHIY

VY cydacHy enoxy nudgpoBux TexHojorii mryunui inTenekt (I1I) BuxoauTs Ha epeaHii TiaH i
3MIHIO€ YSIBIICHHS MPO KJIACHUYHUI croci® poboTu mapketonoris. LLTydyHuil iHTENEKT - 1€ Tany3b
iH(OpMaTUKH, KA CTBOPIOE ANTOPUTMU Ta CHUCTEMaMHM, 3/1aTHI JO CaMOHABUYaHHS Ta MPUNHHATTSA
pilieHs Ha OCHOBI 3i0paHuX AaHux Ta nocBiny [1]. IHmmMu cioBamu, HaAUIEHHS KOMII IOTEpa
MOXJIUBICTIO BHKOHAaHHS 3aBJaHb, fKI 3a3BHuYail MOB’si3aHI 3 PO3YMOBUMHU Ta KOTHITUBHUMHU
3nioHOCTSIMU JTrouHE. L1 3acTOCOBYIOTH y pi3HUX cepax, BKIOYAIOUN MAPKETHHT.

Huni cTpiMkuii po3BUTOK iH()OpMAIIHHO-KOMYHIKAIIIHHUX TEXHOJIOTIH 1 KOHIEMIIIH MITyYHOTO
iHTesIeKTy NPU3BiB 10 MPAKTUYHOTO i MIHPOKOTO BUKOPUCTAHHS IHTENEKTYaIbHUX CHCTEM. IXHIO [Iif0
MO)KHA 3HaWTH B MOOUTbHUX TenedoHAX, eKCIEPTHUX CHCTEMax, MPOTHO3YBaHHI TOIIO. EBotolis
iHpopMmamiiHuX cucteM y OiK iXHBOI IHTENEKTYaJbHOCTI TpHU3BETa JIO TOSBH HOBOTO THITY
MPOTpaMHUX TMPOAYKTIB, K OTPUMAJIN Ha3BY «IHTENCKTyallbHI iHGopMarliitHi cuctemm» [2, c. 130].

AHanizyloun JaHi MUHYJIHX TOMIH, IO CTOCYIOThCS KIEHTIB, KOHKYpeHTiB Tomio, LI moxe
3pOOUTH TOYHHH 1 OOTPYHTOBAHUH BUCHOBOK MO0 MalOyTHBOIT MPOTYKTHBHOCTI Ha OCHOBI PI3HUX
¢dakropiB. [IporHo3yBaHHS MONHWTY — II€ OJHE 3aBIAHHSA, 3 SKAM MOXE BIIOPATUCh INTYYHHUN
inTenext. Mloro MoHa BUKOPHCTOBYBATH IS aHAII3y iHTEpeCiB

CTOXHMBAYiB, MI00ATBHUX MO/IN Ta IHIIUX JHKEpel, 00 BU3HAUUTH, UM Oy/e 3pOCTaHHS MOMUTY
Ha reBHi mpoayktu. Bukopuctoyroun I mist Takux minedt y 2020 porri, KOJu movanach ermiaemis,
MoO>kHa OyJi0 6 YHUKHYTH Ae(PIIUTY MEBHUX MPOAYKTIB Ta JOTMOMOITH MiANPHEMCTBAM 1 HACEICHHIO
BITOPATHUCS 3 KPU3010 MpocTiie i mBuame. CroIu Takoxk BapTo BIIHECTH JUHAMIUHE Ta aBTOMAaTHYHE
LIHOYTBOPEHHS, sike Moxke 3a0e3neuntn LI [3].

BTim, ocoOucTi pekoMeHallii Ta MepcoHai30BaHi MOBIIOMJICHHS, 1I€ HE BCE, Ha IO 3JaTHUU
IITYYHUH 1HTENEKT ChOTOAHI. BiH BXe poOOUTH MOXIMBUM Ui CIIOKHMBaya MEperisigaTu
HaJIAIITOBaHy BEPCil0 BEO-CAlTy, BUKOPUCTOBYIOUM TOBEAIHKOBI CHUTHAJIM Ta MHUHYIY ICTOpIIO
MePerJIsiAiB UM MOKYTIOK. J{nHaMiuHi BeO-caliTH ajanTyroThCs 10 OKPEMHUX KOPUCTYBaviB, TOKA3yIOUN
iMm pi3Hi mpomykth Ta BiacHuid Maker. Il Takox [gomomMarae HamamTyBaTH KOHTEHT,
BUKOPUCTOBYIOUM Takl JaHl, SK TMOMYyJApHI TEMH, IMOMMUPEHI MOIIYKOBlI 3amuTH abo
MICIIC3HAXO/DKEHHSI KOpUCTyBava. Jleski caliTh BHKOPHUCTOBYIOTH MICIIEBI IOTOJIHI YMOBH, II00
PEKOMEHIYBaTH BiJIMOBIIHI TOBApH, SIK-OT pEKIaMy COHIIE3aXHUCHHUX 3ac00iB ITiJ] yac crieku [4].

Opnak, Ha *allb, BAKOPUCTAHHS IITYYHOTO IHTEIEKTY B MAPKETHHTY B TAaKMX BHUMAJKaX TaKOXK
MOX€E CTBOPHUTH MPOOJIeMH MIOA0 KOH(IAEHIIHHOCTI. 30ip Ta aHaNI3 JAaHUX TPO KIIEHTIB MOXKE
MOPYIIUTH iXHIO TIPHBATHICTh, TOMY MapKeToJoraM HeoOXigHO OyTH OOCpe)KHHUMH Ta
BUKOPHUCTOBYBATH JIaH1 TUIbKH 3 J03BOJY KIIIEHTIB [5].
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