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Tectonic discrimination of oceanic basalt by machine learning
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Abstract: The geochemical composition of basalt is closely related to the tectonic setting of the formation, thus basalt is an important window
for viewing the deep Earth and the composition and geodynamic processes. To discriminate the tectonic setting of basalt formation, although a
series of tectonic discrimination diagrams have been established based on the geochemical characteristics of basalt, those discrimination
diagrams are limited to two-dimensional or three-dimensional data. With the explosive growth of global geochemical data of basalt, these
discrimination diagrams show gradually the shortcomings of being local and inaccurate. Therefore, using machine learning methods is beneficial
to analyze data multi-dimensionally and comprehensively, and to establish accurate and efficient discriminant models. A global modern oceanic
basalt dataset was established by using GEOROC and PetDB databases through a series of steps from data downloading, training, and analyzing.
The dataset was trained by the support vector machine (SVM) and random forest (RF) machine learning algorithms and a high-accuracy and
high-dimensional discrimination model was built. In addition, the accuracies of different machine-learning algorithms training were analyzed
against different geochemical composition datasets of modern oceanic basalt, and the discrimination models were applied to ophiolitic basalt to
explore the application of machine learning models for ancient oceanic basalt. This work provided a higher-dimensional approach to
discriminate oceanic basalt, and a successful attempt of using machine learning in earth science in the era of the big data.

Key words: geochemistry; tectonic setting; machine learning; oceanic basalt
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Fig.1 Tectonic discrimination of oceanic basalt using machine learning
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Fig.2 Global distribution of basalt in the world used in this study

a: Global distribution of original basalt samples downloaded from two databases of GEOROC and PetDB, b: global distribution of selecting basalt samples of

different tectonic setting. MAR: Mid-Atlantic Ridge, EPR: East Pacific Rise, CIR: Central Indian Ridge, SWIR: Southwest Indian Ridge, SWER: Southeast

Indian Ridge, PAR: Pacific Antarctic Ridge, JdFR: Juan de Fuca Ridge, 1: Aleutian Trench, 2: Tonga Trench, 3: Antilles Trench, 4: South Sandwich

Subduction Zone, 5: Sunda Trench, 6: Japan-Kuril Subduction Zone, 7: Izu-Bonin-Mariana Subduction Zone, 8: Hawaii Islands, 9: Socorro Islands, 10:

Galapagos Islands, 11: San Felix Islands, 12: Easter Island, 13: Tasman Islands. The topography data are from the ETOPO1.
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Fig.3 Histograms of the number of samples before and after data
processing

a: Histograms of the number of oceanic basalt sample, b: histograms of the
number of oceanic basalt samples from different tectonic settings before
data cleaning, c: histograms of the number of oceanic basalt sample from

different tectonic settings after data cleaning. OIB: ocean island basalt,
OPB: ocean plateau basalt, MORB: mid-ocean ridge basalt, IAB: island arc
basalt, BABB: back-arc basin basalt.
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Fig.4 Projection of IAB, MORB, and OIB data on the Ti/1000-V and Th-Hf/3-Ta diagrams

The accuracy is shown in bracket. IAB: island arc basalt, MORB: mid-ocean ridge basalt, OIB: ocean island basalt.
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Table 3 Classification accuracy, recall, and F1 score of each
dataset using RF algorithm
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Fig.5 The Ti-V and Th-Hf/3-Ta diagrams for ophiolite data used in this study

MOR: mid-ocean ridge, SSZ: supra subduction zone.
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Table 4 The feature importance metric
= RHE FHEE B R = RHE FHEE TR 4 RHIE FHEE TR

1 Pb**/Pb*™ 0.0997 19 Gd 0.0182 37 Ba 0.0013
2 Pb/Pb** 0.0848 20 Pr 0.0157 38 Ni 0.0012
3 Sr¥7/Sr* 0.0845 21 La 0.0143 39 Sm 0.0011
4 Nd'/Nd' 0.0826 22 Nd 0.0124 40 Zr 0.0011
5 Ta 0.0689 23 Nb 0.0112 41 FeO" 0.001 1
6 Li 0.0529 24 Dy 0.0108 42 SiO, 0.001

7 Ga 0.0492 25 Eu 0.0104 43 P,05 0.0009
8 Cs 0.0458 26 Sc 0.0096 44 AlLO; 0.0009
9 Lu 0.0443 27 Ce 0.0072 45 K,0 0.0009
10 Pb 0.0432 28 Co 0.0063 46 K 0.0008
11 Tm 0.0352 29 Cu 0.0057 47 MgO 0.0008
12 Yb 0.03 30 Sr 0.0048 48 CaO 0.0006
13 U 0.0264 31 Zn 0.0046 49 Rb 0.0006
14 Tb 0.0209 32 Th 0.002 50 Y 0.0006
15 Pb*7/Pb*™ 0.0204 33 Ti 0.0017 51 Mg 0.0005
16 Er 0.0193 34 Cr 0.0017 52 Na,O 0.0005
17 Hf 0.0189 35 TiO, 0.0015 53 P 0.0004
18 Ho 0.0187 36 \% 0.0014 54 MnO 0.0004
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