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Abstract

In recent decades, data-driven approaches have become a cornerstone of soil science. Concurrent with the increase
in the volume and diversity of soil data (from biological data at the rhizosphere scale to satellite imagery at the
regional scale), the need for novel analysis methods has become increasingly evident. Artificial Intelligence (Al)
and Machine Learning (ML) have experienced remarkable growth in this field since the early 1990s and are now
considered key tools for digital soil mapping, developing pedotransfer functions, proximal and remote sensing,
and even analyzing pedological scientific texts. This review aimed to systematically examine the main
applications of AI/ML in soil science from 1990 to 2025. The results indicated that algorithms such as Random
Forest, Support Vector Machines, and Deep Neural Networks have been most frequently applied at the field and
regional scales, while modern monitoring technologies (spectroscopy, CT imaging, and multi-temporal remote
sensing) have provided new opportunities for soil data analysis. Challenges such as the need for model
transparency (Explainable Al), the lack of standardized data, and the necessity of integrating pedological
knowledge with data-driven approaches persist. By introducing a conceptual framework linking scalability and
novel technologies, this article also outlines future directions, including the utilization of Large Language Models
and hybrid intelligence.

Keywords (Times New Roman, 10pt, Bold): Data-driven approaches, Explainable Artificial Intelligence,
Large Language Models, Multi-scale



