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Introduction 
The Supporting Information provided here includes several figures and tables which are referenced in the main manuscript. These figures include observed data, uncertainty, and parametric isolation for the four clay mineral species (Kaolinite, Illite, Chlorite, and Smectite). Observed data and uncertainty units are in relative percent. Parametric isolation is expressed as relative distance in parameter space to single nearest observed data point. Tables include predictor citations used in geospatial machine learning predictions, and a table which defines selected hyperparameters utilized in the hyperparameterization of the geospatial machine learning model.




















	Property
	Source

	Elevation
	Tozer et al. (2019)

	Sedimentation Rate (log10)
	Restreppo et al. (2020)

	Sediment Thickness
	Straume et al. (2019)

	Sea Surface Particulate Organic and Inorganic Carbon
	Savtchenko et al. (2004)

	Wave Period, Direction, Height
	Wavewatch

	Chlorophyll Concentration
	Savtchenko et al. (2004)

	Crust Age
	Muller et al. (2008)

	Geoid
	Pavlis et al. (2008)

	Sea Conductivity, Oxygen (MLL; %Wt), Nitrate, Density, Phosphate, Salinity, Oxygen Utilization, Silicate, Temperature
	Boyer et al. (2013)

	Heat Flow
	Graw et al. (2023)

	Seafloor Total Organic Carbon
	Lee et al. (2019)

	Photosynthetically Available Absorption, Photosynthetically Available Radiation
	Wang et al. (2017)

	Density
	NASA Aquarius project (2017)

	Distance to Coast
	Generated

	Latitude
	Generated

	Current East
	HYCOM*

	Windspeed
	Fore et al. (2013)


Table S1: Table for predictor grids and their respective citations
*The 1/12 deg global HYCOM+NCODA Ocean Reanalysis was funded by the U.S. Navy and the Modeling and Simulation Coordination Office. Computer time was made available by the DoD High Performance Computing Modernization Program. The output is publicly available at https://hycom.org/publications/acknowledgements/ocean-reanalysis-data. Last access: 03/19/2014.




















	Algorithm
	Parameter Options
	Smectite
	Kaolinite
	Chlorite
	Illite

	K-Nearest Neighbors Regressors
	n neighbors = [5, 7, 9]; weights = [‘uniform’, ‘distance’]; power parameters = [1, 2]
	-
	5; ‘distance’; 1
	5; ‘distance’; 2
	9; ‘distance’; 1

	Random Forest Regressors

	number of trees = [50, 100, 150, 200]; max features = [‘auto’, ‘sqrt’, 1.0]; max depth of tree = [10, 30, 50, None]; minimum number of samples to split node = [2, 3, 5]; minimum samples at leaf node = [1, 4]; bootstrap = [True]
	-
	-
	-
	-

	Gradient Boosting Regressors
	learning rate = [0.01, 0.1]; number of estimators = [50, 100, 150, 200]; maximum depth = [3, 6, 12]; minimum samples to split = [2, 4]; minimum samples per leaf = [1, 2, 4]; max number of features = [‘sqrt’]
	0.1; 150; 6; 2; 1; ‘sqrt’
	-
	-
	-


Table S2: Table for hyperparameterization options and final hyperparameters and algorithm selected based on lowest 10-fold cross-validation error for each respective mineral clay species
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Figure S1. Observed (raw) data for each respective clay mineral species. Smectite plot is available in the manuscript (Figure 1b)
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Figure S2. Uncertainty maps for each respective geospatial machine learning prediction. These are +/- 1 standard deviation and determine via an inductive conformal technique (Graw et al., 2023; Vovk et al., 2005).
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Figure S3. Parametric isolation maps for each respective geospatial machine learning prediction. Higher values of parametric isolation indicate regions where future observations can most significantly improve future predictions, generally these spaces are under sampled in parametric (i.e., feature) space.
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