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This supplementary document contains the following information:
Supplementary Figure 1. Histogram of mafic igneous geochemical concentration.
Supplementary Figure 2. Filtering outliers in mafic igneous geochemistry data.
Supplementary Figure 3. Time series record of global mean mafic geochemistry composition.
Supplementary Figure 4. Cluster analysis of mafic geochemistry composition data.
Supplementary Figure 5. SOM analysis of mafic igneous geochemistry data.
Supplementary Figure 6. Principal component analysis of mafic igneous geochemistry data.
Supplementary Figure 7. Parameterization and optimization in SVR modeling.
Supplementary Figure 8. SVR modeling test with different uncertainties in training labels.
Supplementary Figure 9. SVR modeling test with constraints in boring billion and GOE.
Supplementary Figure 10. SVR modeling test using different training datasets.
Supplementary Figure 11. PCA and SVR modeling of CLR-transformed composition data.
Supplementary Figure 12. O, modeling curves using different machine learning methods.
Supplementary Figure 13. Feature importance of all elements in RF modeling.

Supplementary Figure 14. Sedimentary-hosted paleo-oxybarometers through time.
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Histogram of mafic igneous geochemical concentration. Frequency distribution of mafic igneous geochemical concentration (few

examples) during the Phanerozoic (blue) and Precambrian (brown) time. Trace elements often follow lognormal distribution, while
major elements follow normal distribution.
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Filtering outliers in mafic igneous geochemistry data by using mean %36 thresholding. Logarithm transformation was applied to trace
elements data for outliers filtering. The bule points indicate the filtered samples while red points are for calculation.
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Supplementary Figure 3

Time series record of global mean mafic geochemistry composition. (a-e) Time series records of mean geochemical concentration
obtained by the weighted bootstrap sampling method? from filtered data with RARZ <5% (blue line) and RAR<50% (black line), and
non-RAR filtered dataset (red line). (f) Atmospheric O, modeling patterns obtained from filtered and non-RAR filtered datasets. The
error bar shows 2 standard deviation (2-SD) uncertainties.
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Supplementary Figure 4

Cluster analysis of mafic geochemistry composition data. Correlation matrix and cluster analysis of mafic composition spanning 44
elements from mafic igneous geochemical composition data; each square shows the Pearson’s correlation coefficient for a pair of
elements, and the intensity of the red or blue color indicates the value of correlation, as shown on the color bar; hierarchical clusters are
represented by a cluster tree on the left panel.
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SOM analysis of mafic igneous geochemistry data. (a) U-matrix of the trained SOM, uniform areas of low value indicate clusters while
high values indicate cluster border, and color bar is the distance between the prototype vectors. (b) Component plots of 44 elements in
SOM analysis. Component plots show the principal relations visually identified between the 44 variables. Warm colors represent high
contribution to the SOM pattern, while cool colors represent low contribution. (c) SOM classification result of global mafic igneous
geochemistry time series data, with colors coded in light blue, dark blue, yellow, and red for clusters 1, 2, 3 and 4, respectively.
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PCA analysis of mafic igneous geochemical data. (a) and (d) show the element loadings of PCA2 and PCAL, respectively. (b)
Variance contribution of PCA1, PCA2 and rest principal components. (c) PCA1 loadings vs. PCA2 loadings for all elements.
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Supplementary Figure 7

Parameterization and optimization in Support Vector Regression (SVR) modeling. (a) Illustration
shows one example of prediction accuracy in variation with RBF function parameter y and
coefficient of penalty C for SVR, and the optimal parameters (y = 0.1, C = 10) used in the
calculation are determined by the maximum of R?=0.92. (b) The root-mean-square-error (RMSE)
curve of SVR modeling with Monte Carlo simulation.
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Supplementary Figure 8

SVR modeling test with different uncertainties in training labels. Left panels (a) to (c) show the
prediction of atmospheric O, variation through Monte Carlo simulation, using random labels
(including numbers and values) ranging from 0.5 to 1.2 PAL post 0.5 Ga and 10%° to 107> PAL
pre 2.5 Ga, while right panels (d) to (f) show the prediction using random labels ranging from 0.1
to 2 PAL post 0.5 Ga, and 10 to 10° PAL pre 2.5 Ga. Illustrations (a) and (d) show one example
of SVR predictions, while (b) and (e) show 100 curves of SVR predictions. (c) and (f) show the
time series record of mean O prediction through SVR and Monte Carlo simulation. The error bar
shows 2 standard deviation (2-SD) uncertainties.
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Supplementary Figure 9

SVR modeling test with constraints in boring billion and GOE. (a) All SVR modeling curves of
atmospheric O2 content using global mafic igneous geochemistry data through Monte Carlo
simulations (n = 100) with additional informed labels during the “boring” billion and the “oxygen
overshoot” of GOE. (b) Estimated atmospheric O variation through time using mean value of
1000 simulations, the error bar shows 2 standard deviation (2-SD) uncertainties
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Supplementary Figure 10

SVR modeling test using different training datasets. (a) SVR modeling only using the highly
correlated elements as suggested by cluster analysis in supplementary Fig. 4 (i.e., precluding FeOr,
Ta, Pb, Cu, V and Zn). (b) SVR modeling of atmospheric O> contents using mafic igneous
geochemical time series data prepared with 50 Myr bin and uncertainty age = 50 Ma. (c) SVR
modeling of atmospheric Oz contents using mafic igneous geochemical time series data prepared
with 100 Myr bin and uncertainty age = 100 Ma. (d) SVR modeling of atmospheric O, contents
using the time series dataset of Keller and Schoenel. The error bar shows 2 standard deviation (2-
SD) uncertainties.
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Supplementary Figure 11

PCA and SVR modeling of Centered Log-Ratio (CLR)? transformed global mafic composition
data. (a) The first principal component in PCA of global mafic composition data. (b) Atmospheric
O> prediction using SVR method with CLR transformed mafic composition data. The error bar
shows 2 standard deviation (2-SD) uncertainties.
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Supplementary Figure 12

O2 modeling curves using different machine learning methods. SVR modeling of atmospheric
oxygen level using (a) min-max scaling and (b) log scaling normalization methods. Also shown
are reconstruction of atmospheric oxygen content using (c) artificial neural network and (d)
random forests algorithms, respectively. The error bar shows 2 standard deviation (2-SD)
uncertainties.
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109 Supplementary Figure 13

110  Feature importance of all elements in Random Forests modeling. Averaging feature importance of
111 all elements after 10000 stochastic simulations, illustrating how each composition variable
112 influences the final prediction model of atmospheric oxygen levels.
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119  Sedimentary-hosted paleo-oxybarometers through time. (a) The emerge curve of atmospheric O>
120  level in the present study, the error bar shows 2 standard deviation (2-SD) uncertainties. (b) Pyrite
121 and sulfate A®S data®. (c) Carbonate §*3C data. (d) Uranium concentrations from marine shales®.
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