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Abstract. The article examines modern digital tools for assessing enterprise
creditworthiness. An original six-group classification of these tools is proposed. A
compar ative analysis of traditional and digital approachesis carried out, and the advantages
of ensemble machine learning methods are substantiated.
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The article examines the transformation of approachesto ng the creditworthiness
of enterprises in the context of the digitalization of the financial sector. It summarizes
theoretical and applied approaches to credit scoring, identifies the limitations of classica
methods, in particular their retrospective nature, subjectivity of assessment, and insufficient
consideration of non-financial risk factors. It is proven that the implementation of machine
learning technologies, big data, APl integrations, RegTech solutions, blockchain
technologies, and alternative data platforms provides increased accuracy, speed, and
scalability of credit analysis.

The purpose of the study isto systematize and classify modern digital toolsfor assessing
creditworthiness, conduct a comparative analysis of their effectiveness relative to traditional
methods.

Theresults of the study indicate that ensemble machine learning algorithms demonstrate
the highest predictive accuracy, surpassing traditional statistical models. At the same time, it
was found that logistic regression retains its value in the context of regulatory transparency
and interpretability of decisions. A comparative characteristic of traditional and digital
approaches is proposed, which confirms the advantages of digital technologies in data
processing speed, automation and the ability to analyze new enterprises without a credit
history.

The scientific novelty lies in the development of a generalized classification of digital
tools for assessing the creditworthiness of enterprises and the construction of a four-level
conceptual model of an integrated credit analysis system that combines the stages of data

@)ov-ne .



ISSN 2304-1692 ®IHAHCOBWUU NPOCTIP 2026 No 2 (60)

collection, processing, modeling and formation of a substantiated credit decision with
elements of algorithm explainability.

The scope of application of the results covers banking institutions, financial companies,
the FinTech sector and regulatory authorities that carry out credit risk assessment and
implement digital scoring technologies.

The conclusions confirm the feasibility of transitioning to hybrid credit analysis models
that combine algorithmic digital tools and expert assessment. Further development of the
research is associated with the adaptation of the models to the Ukrainian market, increasing
their interpretability and improving the regulatory support for algorithmic credit scoring.
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