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Abstract: Pyrite is the most common gold bearing mineral in gold deposits, and its geochemical composition
can effectively indicate mineralization processes. This study systematically compiles trace element data of pyrite
from epithermal, porphyry, and orogenic gold deposits worldwide. Nine commonly used geochemical features
are selected, and three machine learning models including the K nearest neighbors algorithm, random forest, and
support vector machine are employed for model training, with the aim of establishing an efficient and accurate
method for identifying gold deposit types based on pyrite composition. The evaluation results of model classifi-
cation performance show that the classification accuracies of the trained K nearest neighbors, random forest, and
support vector machine models are 0.89, 0.96, and 0.95, respectively. In addition, pyrite compositional data from
the East Kunlun orogenic gold deposits that are not involved in model training are used for independent valida-
tion to assess the applicability and accuracy of the models in practical scenarios. The results indicate that all
three models correctly identify these pyrites as mainly derived from orogenic gold deposits, among which the
support vector machine model achieves the best performance with an accuracy of 0.88. To address the black box
issue in machine learning, an interpretable machine learning method is further introduced to quantify the contri-
butions of different pyrite trace element features to the classification results. The SHAP analysis reveals that As,
Co, and Cu are the three most influential trace element features for distinguishing porphyry and orogenic gold
deposits, whereas Cu, As, and Ni exert the greatest influence on the identification of epithermal gold deposits.
The results demonstrate that trace elements in pyrite can serve as effective indicators for discriminating genetic
types of gold deposits. In the future, combined with machine learning approaches, pyrite composition has the po-
tential to be further extended to the identification and classification of other types of mineral deposits, providing
new technical approaches for studies on ore genesis and mineral exploration prediction.
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Tab. 1 The source of trace element data for pyrite used in the paper
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KA ChalkidikiBE 7 #i 5™ F i) 117 Gregory et al., 2019
KA Cadiafit 7 4 5 it 1 614 Gregory et al., 2019
=Nl Apuan Alps#” JK i 1 A 77 George et al., 2018
T R BB, BRET T 1 7 25 Mills et al., 2015
L KA 42 T 1 7 13 Wu et al., 2018
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R AT Bendigofl” JK T 24 Thomas et al., 2011
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TR F S Darlot#i” & il 22 Belousov et al., 2016
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K F Victory#™ & i 1 A 50 Belousov et al., 2016
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Tab. 2 Statistical table of trace elements in pyrite among three types of ore deposits

B R A Py I
o P T HH it T HE it FHE
Au 0.01~166.00 12.35 0.01~15.53 0.31 0.01~415.00 10.77
Co 0.01~21417.67 1195.87 0.02~9600.73 1097.80 0.02~ 8 082.00 366.98
Ni 0.06~3330.00 385.06 0.06~9331.38 661.26 0.27~8189.28 448.53
Cu 3.34~196 448.00 9 844.66 0.01~8294.81 240.67 0.06~6493.16 238.07
7n 0.43~ 13 383.00 277.82 0.01~6218.86 33.75 0.02~ 13 609.00 122.69
As 0.83~76047.00 12013.62 0.22~14022.31 699.22 0.04~ 68 931.00 3700.65
Sb 0.05~3459.00 249.44 0.01~635.65 7.01 0.01~5090.00 137.09
Te 0.11~1430.90 88.98 0.01~3706.62 13.19 0.03~720.70 16.92
Pb 0.05~7641.00 509.07 0.01~1132.00 30.86 0.01~9550.00 146.37
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Fig. 1 Box illustrations of trace elements of pyrite used for training in this paper
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Fig. 3 Confusion matrix of machine learning model on test set
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Fig. 4 Confusion matrix of machine learning model on validation set
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