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Abstract

Machine learning methods possess the capability to process complex, high-dimensional data and
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offer advantages in nonlinear pattern recognition, leading to their increasingly deep application
across several core areas of ore deposit research. This paper systematically reviews recent ad-
vances in the application of machine learning to ore deposit studies from three perspectives: ore gen-
esis and deposit type discrimination, alteration mineral spectral identification, and mineral prospec-
tivity mapping. In the area of ore genesis and deposit type discrimination, researchers have used trace
element data from minerals such as pyrite, magnetite, sphalerite, and apatite to build classification
models using algorithms including Random Forest, Support Vector Machine, and XGBoost, with accu-
racies generally exceeding 90%. The introduction of interpretability tools such as SHAP has also
facilitated the transition of “black-box” models toward geologically interpretable frameworks. In
alteration mineral spectral identification, the integration of shortwave infrared (SWIR) spectros-
copy, hyperspectral remote sensing, and alteration mineral chemistry with machine learning has
transformed alteration information from qualitative descriptions into quantitative metallogenic in-
dicator tools. This provides technical support for multi-scale, multi-method synergistic precise lo-
calization of concealed ore bodies, with notable progress achieved in the exploration of various de-
posit types including deep gold deposits and porphyry copper deposits. In mineral prospectivity
mapping, multi-source data fusion and three-dimensional metallogenic prediction have emerged as
important current development directions, with prediction paradigms rapidly shifting from tradi-
tional two-dimensional planar target delineation to three-dimensional deep target localization. At
present, the application of machine learning in ore deposit research remains constrained by factors
such as uneven data quality and insufficient depth of coupling with geological knowledge. In the
future, effectively embedding geological prior knowledge into data-driven models is expected to
become a key pathway for achieving breakthroughs in this field.
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Figure 1. Framework of machine learning applications in ore deposit research
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Table 1. Representative ML classification results based on indicator mineral trace elements
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