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INTRODUCTION

The soil organic matter represents a key function affecting other soil properties (Wiesmeier et al., 2019). Soil scientists are interested in spatially accurate
prediction of the organic matter content of soils, which are being greatly interfered with by humans. Irrigation applications and additional organic and chemical
fertilizer applications are applied to the soil in most of the arid and semi-arid areas. Model-based digital soil mapping is seen as a promising alternative to the
surrogate-based approach for quantifying organic matter content. It ensures some advantage time- and cost intensive measurements. In digital soil mapping, the
usability of soil organic matter information obtained from geostatistical approaches is limited in areas where there are socio-ecologically heterogeneous farms,
that is, different land uses (Mponella et al., 2020). However, the spatial location of training and test points is often neglected in the process of mapping studies
with machine learning algorithms currently used to generate spatial predictions. As a result, only data-driven modeling results may be oversensitive and
overfitting problems may be encountered.
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