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A B S T R A C T   

The development of analytical and computational techniques and growing scientific funds collectively contribute 
to the rapid accumulation of geoscience data. The massive amount of existing data, the increasing complexity, 
and the rapid acquisition rates require novel approaches to efficiently discover scientific stories embedded in the 
data related to geochemistry and cosmochemistry. Machine learning methods can discover and describe the 
hidden patterns in intricate geochemical and cosmochemical big data. In recent years, considerable efforts have 
been devoted to the applications of machine learning methods in geochemistry and cosmochemistry. Here, we 
review the main applications including rock and sediment identification, digital mapping, water and soil quality 
prediction, and deep space exploration. Research method improvements, such as spectroscopy interpretation, 
numerical modeling, and molecular machine learning, are also discussed. Based on the up-to-date machine 
learning/deep learning techniques, we foresee the vast opportunities of implementing artificial intelligence and 
developing databases in geochemistry and cosmochemistry studies, as well as communicating geochemists/ 
cosmochemists and data scientists.   

1. Introduction 

Earth system is characterized by its complexity on scales from 10−10 

m (size of atoms) to 1012 m (heliopause) on space, and from 10−10 s 
(equilibration time of fast chemical reactions) to 1017 s (age of Earth) in 
time. Each component of the system interacts with others and consti-
tutes a constantly involving system. To describe the system, a great 
number of spatial-distributed and time-sequential variables are 
involved. As a part of Earth science, geochemistry has an inherent 
feature of complexity. With the development of space exploration, 
cosmochemistry has also shown its high-dimensionality in data. 

In recent years, our abilities of collecting, storing, transferring, 
managing, and processing data are improved drastically. Lunar and 
Mars exploration is currently in full swing. It is expected that more data 
will be accessible, such as the samples brought back by the Chang’E−5 
project and the data collected by the Mars Rover ZhuRong. While the 
data amount is exploding, the data structure becomes more and more 
intricate. The geochemical feature of an object has multiple dimensions, 
such as its compounds, elements, and isotope compositions. Information 
contained in the multi-dimensional spaces are largely undiscovered, due 
to limitation on ability of processing massive amount of multi- 
dimensional data. Effective and efficient data analysis techniques are 
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more needed now to improve the induction and deduction processes. 
Big data and artificial intelligence are flourishing, which brings 

optimistic expectations for the future Earth and Space sciences (Bergen 
et al., 2019; Reichstein et al., 2019). Machine learning (ML) methods are 
powerful tools for finding and describing structural patterns in data, 
which help to extract information contained in data and assist in making 
predictions or decisions (Jordan and Mitchell, 2015). Each step of the 
scientific approach, i.e., the iteration of scientific problem determining, 
phenomenon observing, hypothesis formulating, prediction testing, and 
testable models or theories abstracting, is submerged by the flood of data 
(Mjolsness and DeCoste, 2001). The advantages in data processing and 
model optimization for specific tasks have already been demonstrated, 
such as rock and sediments identification (e.g., Petrelli et al., 2017), 
mineral prospectivity (e.g., Gregory et al., 2019), soil mapping (e.g., 
Hengl et al., 2017), and water/soil quality prediction (e.g., Wen et al., 
2021). The applications in cosmochemical researches, such as Lunar 
surface geochemical mapping (e.g., Wang and Niu, 2012), decoding 
Laser-induced breakdown spectroscopy (LIBS) data on the Curiosity 
Mars Science Laboratory Rover (e.g., Boucher et al., 2015), and deter-
mining chemical contents of Apollo Lunar glasses by X-ray absorption 
fine structure (XAFS, e.g., Lanzirotti et al., 2018), have also been 
explored. In addition, ML methods have also been used to advance and 
improve research techniques, such as analysis techniques (e.g., Chen 
et al., 2020; Sutton et al., 2020), numerical modeling (e.g., Lee, 2020; 
Prasianakis et al., 2020), and theoretical calculation (e.g., Han et al., 
2018; Wu et al., 2018; Pfau et al., 2020). 

Liberating human from repeated works by computers can free great 
minds from tedious laboring, and can allow us devoting into creative 
works. Thus, the collaboration between geochemists/cosmochemists 
and data scientists is necessary. In this work, we review the recent 
research improvements in data acquiring, data processing, and research 
tool developing in geochemical and cosmochemical studies (Fig. 1). In 
section 2, we start from a brief history of ML and its main tasks to give 
the reader an impression about ML and its ability. Then, in section 3, we 
present the research methods improved by ML. In section 4, we review 
the most popular applications of ML on geochemistry and cosmochem-
istry, including lithology classification, geochemical mapping, soil/ 

water quality predictions, and look forward the successful experiences 
that can be used on cosmochemistry in the near future. The main goal of 
this review is to communicate geochemists/cosmochemists with data 
scientists. Therefore, in section 5, we discuss the problems and de-
velopments of specialized databases and propose several feasible ap-
proaches that can strengthen geochemists/cosmochemists with data 
science knowledges. 

2. Brief History of Machine Learning and its main tasks 

Arthur Samuel coined the term “Machine Learning” for a checker 
program in 1959 (Samuel, 1959). A ML model, which is data-driven, can 
learn from data and improve its accuracy to the extent that is not 
explicitly programmed. After decades of developments, it has gradually 
evolved into different learning technologies, such as connectionism, 
symbolism and statistical learnings. 

2.1. Symbolism 

In the 1960s–1970s, the symbolic learning algorithms that are based 
on logical representation, were flourishing. Decision tree (DT) algorithm 
is one of the remarkable algorithms for symbolic learning. A DT model is 
a flowchart-like structure, in which each internal node represents a 
“test” on an attribute, each branch represents the outcome of the test, 
and each leaf node represents a class label (Michalski and Baskin, 1983). 
Its structure highly depends on the training dataset. Introducing any 
new data can lead to completely different tree structures. Thus, a DT 
model can hardly be transferred to another or an expanded dataset. In 
order to reduce the high variance of the DT algorithm, random forests 
(RF) algorithm was developed (Breiman, 2001). The RF algorithm 
adapted DT and bootstrap aggregating algorithms, in which the decision 
is made by the ensemble result of all the randomly generated DTs. 

2.2. Statistical learning 

The symbolic learning became less popular in the latter half of the 
1990s, since its limited ability in handling problems with massive 

Fig. 1. Data acquiring, data processing, and research tool developing for geochemistry and cosmochemistry with machine learning methods. Numbers in text denotes 
the corresponding sections in this paper. 
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volume of data. The support vector machine (SVM) algorithm, which is a 
representative algorithm of the statistical learning, showed its superior 
performance on automatic text categorization (Cortes and Vapnik, 
1995). It led the trend of statistical learning here after. A SVM model 
constructs the maximum margin hyperplanes to separate the vectors in a 
training dataset, which is suitable for solving classification problems 
with a small number of samples. However, for large-size data, it is prone 
to overfitting and requires special treatments to solve 
multi-classification problems. 

2.3. Connectionism 

2.3.1. Neural network 
The representative algorithm for connectionism, perceptron, i.e., a 

single layer neural network (NN), was brought out in the 1950s (Rose-
nblatt, 1958). The core idea is to imitate human neurons, which receive 
information and transmits it to all adjacent neurons after processing. At 
that time, single layer NN models worked poorly even on some simple 
logic functions, such as the exclusive-or function (Minsky and Papert, 
2017). The NN algorithm gained widespread recognition again in 1980s, 
when the Hopfield NN (Hopfield et al., 1983) and the back propagation 
(BP) algorithm (McClelland and Rnmelhart, 1986; Rnmelhart and 
McClelland, 1986) emerged. A BP neural network (BPNN) model has a 
hierarchical structure, in which every neuron in a layer is fully con-
nected with all the neurons in the next layer (Kohonen, 1988). The 
learning process of a BPNN model is to adjust the weights between 
neurons and the bias of each neuron, which makes it to possess excellent 
nonlinear fitting abilities. The NN models are suitable for identification, 
classification, and prediction tasks. 

2.3.2. Deep learning 
Deep learning (DL) was proposed in 2006 based on the NN algo-

rithms. Compared to traditional NN algorithms, deep neural network 
(DNN) algorithms have more (deeper) layers, which can map more 
complex nonlinear relationships hidden in data. In computer vision 
domain, a typical example is that a convolution neural network (CNN) 
model, the AlexNet, executed image classification tasks with extraordi-
nary performance (Krizhevsky et al., 2012). The CNN algorithm has 
been successfully applied to object detection, facial detection/recogni-
tion, image segmentation, and edge detection (Chua, 1998). On 
sequential analysis problems, the recurrent neural network (RNN) al-
gorithm improved the accuracy of voice recognition and natural lan-
guage processing tasks to practical standards (Sutskever et al., 2014). 
Nevertheless, the major obstacles of DNN models are the lack of data, 
high training costs, and troublesome external parameter adjusting 
process. 

2.4. Basic tasks of machine learning 

The basic tasks of ML are classification, regression and clustering. 
Classification is to segment and separate data based on the given rules, 
which is used in supervised training. New data item can be mapped to a 
certain category according to the classifier. The commonly used algo-
rithms for classification tasks include SVM, DT, Logistic Regression (LR), 
and K-nearest neighbor (KNN). Regression refers to a statistical analysis 
method to determine the quantitative relationship between two or more 
variables. Typical regression analysis algorithms include linear regres-
sion, LR, and least absolute shrinkage and selection operator (Lasso). 
Clustering is similar to classification, which separates data into similar 
groups, but it is used in unsupervised training that does not give re-
quirements in advance. K-Means and hierarchical clustering are repre-
sentative clustering algorithms. ML algorithms are used in geochemical 
and cosmochemical researches in tasks like recognition, recommenda-
tion, dimensionality reduction, and predictive analytics. 

3. Improvements of research methods 

Geochemical research methods, such as spectroscopy, numerical 
modeling, and theoretical calculations have made great progresses by 
incorporating ML technologies. 

3.1. Analysis techniques 

ML methods have been used to improve the effectiveness and effi-
ciency of analysis techniques. In this section, we focus on the im-
provements of LIBS and XAFS spectroscopies, and briefly introduce the 
applications in micro x-ray fluorescence (μXRF) and micro x-ray 
diffraction (μXRD), as well as electron probe microanalyzer (EPMA). 

3.1.1. Laser-induced breakdown spectroscopy 
LIBS uses simple atomic emission by highly energetic laser pulse for 

in situ qualitative or semi-quantitative geochemical analysis (e.g., 
Boucher et al., 2015). Natural samples are mixtures, which result in 
complex LIBS spectra. To extract quantitative and qualitative informa-
tion from LIBS spectra and improve analysis speed and accuracy, mul-
tiple ML techniques have been introduced (Chen et al., 2020). By 
integrating SVM or RF models with the chemical properties obtained 
from LIBS, the identification and discrimination of ten iron ore grades 
were completed (Sheng et al., 2015). A binary search algorithm (BSA) 
model with Calibration-free LIBS detected the CaO/SiO2 mass ratios of 
iron ores (Wang et al., 2016). An independent component 
analysis-wavelet NN model was built for coal ash classification (Zhang 
et al., 2017). Kernel-based Extreme learning machine (ELM) models 
predicted carbon and sulfur contents, as well as calorific values in coal 
(Yan et al., 2017; 2019a; 2019b). Combining the variable reduction al-
gorithm (Wootton, Sergent, Phan-Tan-Luu, V-WSP) and a wrapper 
method particle swarm optimization (PSO), a hybrid feature selection 
model V-WSP-PSO improved the accuracy of LIBS analysis for coal 
calorific value determination (Yan et al., 2019a). A deep belief network 
model with principal component analysis (PCA) improved the Pd 
detection in tobacco planted soil (Zhao et al., 2019a). A BPNN model 
determined trace element concentration in soil from generalized LIBS 
spectra (Sun et al., 2019). A graph theory model with PCA was con-
structed for classification of sedimentary and igneous rocks by LIBS and 
nanoparticle-enhanced LIBS (El-Saeid et al., 2019). A partial least square 
(PLS) regression model detected rare earth elements in natural geolog-
ical samples (Bhatt et al., 2017). PLS, SVM, and RF models determined 
Zn, Cd, and Pb in seafood Tegillarca granosa (Ji et al., 2017). A locally 
linear embedding for regression model outperformed PLS and tradi-
tional locally linear embedding models on predicting the abundance of 
major elements in dust, rocks, and soils under Mars conditions, which 
was used to calibrate the LIBS is installed on the Curiosity Mars Science 
Laboratory Rover (Boucher et al., 2015). 

3.1.2. X-ray absorption fine structure spectroscopy 
XAFS spectroscopy uses the average electronic and molecular energy 

levels associated with a specific element to determine its valence state, 
coordination number, thereby to identity the nearest neighbors and 
bond lengths (e.g., McCanta et al., 2017). Recently, ML methods have 
been used to eliminate external factors that complicate the XAFS anal-
ysis and to aid data interpretation (Sutton et al., 2020). For instance, the 
PLS analysis of the entire X-ray absorption near edge structure (XANES) 
spectral region yielded accurate predictions of Fe3+ in garnets (Dyar 
et al., 2012) and iron valence state in amphiboles (Dyar et al., 2016a). In 
the predictions of iron redox state in silicate glasses, a Lasso model 
provided significantly better results than a PLS model (Dyar et al., 
2016b). Using the Lasso model trained by Dyar et al. (2016b), McCanta 
et al. (2017) determined Fe3+ contents of Lunar glass beads collected 
during Apollo missions 11, 14, 15, and 17. PLS and Lasso models also 
predicted the magmatic oxygen fugacity of equilibration in basaltic 
glasses, which avoided the need for an external measure of the V valence 
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(Lanzirotti et al., 2018). 

3.1.3. Other analysis techniques 
Similar applications were done for other analysis techniques. For 

instance, calibrated by Alternative least square multivariate curve res-
olution, NN, SVM, and kernel ridge, the iron oxidation state in mid- 
ocean ridge basalt glasses determined by Raman spectroscopy agrees 
with the Fe K-edge XANES and wet-chemistry results (Le Losq et al., 
2019). A NN model was trained to extract relationships between the 
element abundances from μXRF and mineral identity from μXRD. Based 
on this model, a Synchrotron-based Machine learning Approach for 
RasTer (SMART) mapper was developed that can identify minerals using 
only μXRF data (Kim et al., 2021). Integrating EPMA data with a 
multivariate polynomial regression (MPR) model provides an efficient 
and effective method for microanalysis of lithium in mica (Wang et al., 
2022). Compare with other models, RF and extra-trees models reduced 
the forecast error by 30–40% in the determination of the iron oxidation 
state in clinopyroxene (cpx) by Mössbauer spectroscopy (Huang et al., 
2022). ML techniques can greatly improve our ability of analyzing 
geochemical features of objects in laboratory and in field. 

3.2. Numerical modeling 

Numerical modeling conducts virtual experiments on different 
scales, which are important tools for geochemical and cosmochemical 
studies. There exists a common problem in different numerical modeling 
techniques, which is the great demands of computational resources. ML 
methods can reduce their computational complexities from atomic scale 
(e.g., Wu et al., 2018), to catchment scale (e.g., El Tabach et al., 2007), 
and to the scale of giant impacts (e.g., Cambioni et al., 2019; Zhou et al., 
2021 ). 

3.2.1. Chemical reaction kinetics 
Chemical reaction kinetics simulations can predict products and can 

calculate reaction kinetic parameters of geochemical reactions under 
given initial conditions. It was used to estimate organic matter charac-
ters and to evaluate source and reservoir rocks in oil industry (Lee, 
2020), and to predict propane isotopomer pyrolysis products for cali-
brating position-specific isotope analysis results (Goldman et al., 2019). 
Decomposition of organic matters involves an extensive number of re-
actions, where a series of nonlinear partial differential equations need to 
be solved. NN models accelerated chemical reaction kinetics simulation, 
and enabled a simple and efficient characterization of chemical re-
actions (Lee, 2020; Li et al., 2020a). 

3.2.2. Reactive-transport modeling 
The physics-based models (PBMs), including reactive-transport 

models (RTMs), simulate and reconstruct the movements and re-
actions of chemicals in systems like soil and groundwater (Li et al., 2017; 
Goddéris et al., 2019; Maher and Navarre-Sitchler, 2019). The quanti-
tative prediction usually requires solving a series of coupled nonlinear 
partial differential equations, such as a coupled transient 
convection-advection-diffusion-reaction equation that involves spa-
tial/temporal fields as well as variable fractional orders (He and Bao, 
2019). The integration of gauge/well datasets (e.g., river discharge, 
element concentration, shallow water table depth) with various pre-
dictors (e.g., temperature, land topography) in a ML model could bypass 
the limitations of PBMs by identifying parameters that infer 
multi-complex spatiotemporal relations between various predictors and 
gauge/well observations. 

Eutrophication modeling (EM) is considered one of the most difficult 
simulations of water-driven nutrient transport as well as the interactions 
between nutrients and biological communities (Shen and Kuo, 1998). It 
considers complexity in system interaction and nonlinear kinetics 
involved in biological dynamics. A NN-embedded genetic algorithm was 
used for inverse modeling of dissolved oxygen and chlorophyll-a from 

EM (Zou et al., 2007). Using the basic soil properties, a NN model 
determined transport velocity, dispersivity, and retardation factors of 
solutes in waters infiltrating soils (Mojid et al., 2019). In comparison to a 
complete RTM, emulator models including Gaussian processes, poly-
nomial chaos expansion, and DNN models completed the tasks of direct 
emulation, global sensitivity analysis, uncertainty propagation, and 
calibration (Laloy and Jacques, 2019). Compared with an exact RTM 
simulation using the law of mass action, a NN model performance was 
four orders of magnitude faster with negligible reduction in accuracy in 
a model of a macroscopic system (Prasianakis et al., 2020). 

3.2.3. Plate tectonics dynamics 
Plate tectonics dynamics simulations model mantle convection to 

understand the driving mechanism for plate movements. Based on 300 
mantle convection models, an SVM model determined the magnitude of 
the spin transition-induced density anomalies in mantle flows (Shahnas 
et al., 2018). Such model can be extended to predict more mantle 
properties, such as viscosity, elastic parameters, and the nature of 
thermal and chemical anomalies. 

3.3. Molecular machine learning 

Theoretical calculations, including molecular dynamics (MD), 
quantum mechanics (QM), and molecular mechanics, reveal geochem-
ical reaction behaviors on atomic scale. The calculations are limited by 
the molecular size. For instance, the QM computational time of a 
molecule with n atoms increases approximately proportional to n3 (Stern 
and Wolfsberg, 1966) or n4 (Rustad, 2009). The tradeoff between effi-
ciency and accuracy is a long-lasting challenge. Simplification, such as 
cluster model (He and Liu, 2015; Gao et al., 2018; Zhang et al., 2020; Li 
et al., 2021a), cutoff (He et al., 2020, 2021), and ONIOM (Chung et al., 
2015) methods are used to reduce the computational resources. In 
recent years, machine-learning architectures are used to predict prop-
erties of molecules, which is called molecular machine learning (Wu 
et al., 2018). 

3.3.1. Molecular dynamics 
The MD simulations predict the time-dependent atomic processes of 

a system. The classical MD is based on Newton’s equation of motion with 
simple analytical potential functions (Tsuchiyama et al., 1994). It does 
not require massive computational resources, but its accuracy is insuf-
ficient. The ab initio molecular dynamics (AIMD) describes atomic in-
teractions using first-principles electronic structure methods such as 
density functional theory (DFT, Luo et al., 2020a). The AIMD uses a path 
integration algorithm to obtain an accurate potential energy surface 
(PES), which leads to significantly higher accuracy with considerably 
low computational efficiency. To address the dilemma of accuracy 
versus efficiency in AIMD simulations, Behler and Parrinello (2007) 
designed a special multilayer BPNN model to fit the PES in DFT, which 
improved the computing speed of a 64-atom system by 5 magnitudes. 
Schütt et al. (2017) designed a deep tensor neural network (DTNN) to fit 
the PES of a system. However, the BPNN and DTNN models have their 
own shortcomings. The BPNN model needs to introduce manual oper-
ations to maintain the input to meet local symmetry, and the DTNN 
model is incapable of handling large organic molecules (Han et al., 
2018). 

The Deep Potential (DP) method was established to address the in-
adequacies (Han et al., 2018). The DP performs in the speed close to the 
classical MD, and its accuracy reached the AIMD level. On basis of the 
DP, an open-source software DeePMD-kit was developed, which can 
directly complete NN models training and parameter setting by calling 
the TensorFlow (Wang et al., 2018). With interfaces in the commonly 
used MD software LAMMPS and i-PI, the DeePMD-kit becomes a 
user-friendly, accessible tool. Using the DeePMD-kit, Jia et al. (2020) 
calculated a system with 403 million water molecules and 113 million 
copper atoms in the accuracy of the AIMD level. Before that, the largest 
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system calculated has 1 million silicon atoms (Hasegawa et al., 2011). 
The DeePMD-kit calculated a system with 13 times more atoms at a 
speed of 5000 times faster. 

Other molecular machine learning, such as TensorMol (Yao et al., 
2017) and TorchMD (Doerr et al., 2021), also show strong potential to 
compete with or even outperform conventional MD methods in bio-
molecular simulations. 

3.3.2. Quantum mechanics 
The QM calculation describes a system by solving its Schrödinger 

equation. In practice, obtaining the wave functions of a target system 
requires many approximations due to the limitation of computational 
resources. NN models have been trained to calculate electronic prop-
erties (Montavon et al., 2013) and molecular atomization energies 
(Rupp et al., 2012; Hansen et al., 2013), as well as to improve the ac-
curacy of the Møller-Plesset perturbation theory (McGibbon et al., 
2017). Pfau et al. (2020) of the famous DEEPMIND team built the Fer-
mionic neural network (FermiNet) for wave-function optimization. 
Although the FermiNet cannot converge the result for a large system, the 
electron density and optimized geometry calculation performances are 
comparable or better than all-electron CBS CCSD(T) method. The Fer-
miNet also predicted the dissociation energy curves of the nitrogen 
molecule and hydrogen chain, which reaches a higher accuracy than 
other ab initio QM methods. 

The application of ML on accelerating theoretical calculations can 
benefit geochemical studies, which need further explorations. 

4. Applications in geochemistry and cosmochemistry 

Under the guidance of experts’ knowledge, ML methods have been 
used to in many geochemical fields with great success in a relatively 
short time. Due to the limitation of data, ML are mostly used in several 
fields. In the following sections, we present these state-of-the-art ap-
plications in lithology classification, geochemical mapping, soil/water 
quality predictions, and deep space explorations. 

4.1. Lithology classification 

4.1.1. Trace element indiscrimination diagram and basalt identification 
The identification of lithologies, source of materials, special 

geological events, and mineralization zones from geochemical features 
is the basis of Earth and Space sciences. In the early stage, the dominant 
trend was to reduce the dimensionality of data and used only the 
representative geochemical features to serve research purposes. Taking 
basalt classification as an example, traditional geochemical methods 
compare different samples manually (e.g., mantle-normalized trace 
element diagrams, White, 1985), or reduce the variables into two to 
three key representatives (e.g., trace element discrimination diagrams, 
Debon and Le Fort, 1983; Batchelor and Bowden, 1985). Such methods, 
which are still widely used, appear to be applicable when the data 
amount is in handful sizes. However, with the increasing amount of 
data, some representative features fall short in drawing the whole pic-
ture. For instance, basalt trace element discrimination diagrams tend to 
fail when the datasets became tall, and they turned into “trace element 
indiscrimination diagrams” since different basalts largely overlapped on 
the diagrams (Li et al., 2015). Using a set of 13 rare-earth elements in 
zircon, Li et al. (2020c) exhaustively explored 4095 binary diagrams and 
12485 ternary diagrams and found that none of them is able to distin-
guish mineralization and barren granites. Such discrepancies brought 
out challenges in finding rigorous and unbiased ways of handling the 
constantly increasing amount of data. 

The Geochemistry of Rocks of the Oceans and Continents (GEOROC, 
Sarbas and Nohl, 2009) and the Petrological Database of the Ocean Floor 
(PetDB, Lehnert et al., 2000) are mature basalt geochemical databases, 
which are desirable well-structured training datasets. Using the data-
bases, classification tree models were used to distinguish basalts from 

different tectonic environments (Vermeesch, 2006). Similar applications 
are made with SVM (Petrelli and Perugini, 2016; Petrelli et al., 2017; 
Ueki et al., 2018), RF (Ueki et al., 2018; Zhao et al., 2019b), k–means 
and fuzzy c–means (Yoshida et al., 2018), swarm optimized neural fuzzy 
inference system (Ren et al., 2019), and DNN (Zhao et al., 2019b) 
models. Besides using geochemical data as the training data directly, one 
application represented geochemical data by 2-dimensional gray images 
and used a CNN model to identify the tectonic settings (Ge et al., 2021). 

4.1.2. Lithology and mineralogy classification 
Besides basalt identifications, other lithology classifications were 

also explored for specific tasks. A RF model was more accurate than a 
SVM model for lithological mapping of serpentinite, talus and terrace 
deposits, argillites, conglomerates, basic lavas, limestone, and shales 
(Othman and Gloaguen, 2017). RF and gradient tree boosting models 
showed similar accuracy for formation lithology identification, which 
exceeds the performance of Naïve Bayes, SVM, and NN models. Never-
theless, all the models have difficulties in distinguishing sandstone (Xie 
et al., 2018). A RF model was used to identify intrusive lithologies in 
volcanic terrains (Kuhn et al., 2020). Combined a DNN model with 
thermodynamic equations, ‘i-Melt’ was built to predict 18 properties of 
melts and glasses in the K2O-Na2O-Al2O3-SiO2 system. It has been used 
to explore the effect of the K/(K + Na) ratio on the properties of alkali 
aluminosilicate melts (Le Losq et al., 2021). Compared with a supervised 
PCA model using ten major-element geochemical data, an unsupervised 
self-organized map model obtained better lithological mapping results 
(Wu et al., 2021). SVM and Gaussian mixture models classified highly 
fractionated boninite series glasses from trace elements (Valetich et al., 
2021). 

Machine learning have also been used in the mineralogy classifica-
tion. Based on petrography and mineral chemistry features, a PLS model 
identified magnetite in magmatic, hydrothermal, and metamorphic 
volcanogenic massive sulfide deposits (Makvandi et al., 2016). Huang 
et al. (2019) used trace element compositions to classify igneous and 
hydrothermal magnetite from porphyry deposits by a PLS model. A RF 
model distinguished ore deposit type and barren sedimentary pyrite 
from pyrite trace element data (Gregory et al., 2019). A SVM model 
slightly outperformed a NN model in discriminating the genesis of py-
rites sampled from sedimentary rock, orogenic and volcanic hosted 
massive sulfide deposits, which revealed the multi-stage ore-forming 
history (Zhong et al., 2021). A linear discrimination analysis model 
outperformed traditional discrimination diagrams in discriminating 
ore-bearing and fertile granites based on trace element compositions of 
zircon (Li et al., 2020c). Iron oxide-copper-gold and iron oxide-apatite 
deposits were distinguished using magnetite composition by a RF 
model (Hong et al., 2021). A SVM model characterized the crystalliza-
tion environments of quartz using trace elements (Wang et al., 2021b). 
PCA and SVM models traced the source rocks of detrital apatite 
(O’Sullivan et al., 2020). 

In the classification tasks, the SVM classifiers usually yielded 
outstanding performance (Abedi et al., 2012; Kuwatani et al., 2014; 
Gonbadi et al., 2015; Heung et al., 2016; Petrelli and Perugini, 2016; 
Othman and Gloaguen, 2017; Petrelli et al., 2017; Mohammadi and 
Hezarkhani, 2018; Xie et al., 2018; Ueki et al., 2018; Hao et al., 2019; 
Sun et al., 2019; Lin et al., 2020; Flores et al., 2021; Zhong et al., 2021). 

4.2. Geochemical mapping 

The book Geochemical method of prospecting for ore deposits (Sergeev 
and Sokoloff, 1941) marked the dawn of geochemistry exploration and 
mapping. Since then, multivariate statistical methods, such as cluster 
analysis and factor analysis, have been developed to determine 
geochemical anomalies, element combinations, and to predict mineral 
deposits or soil contaminations (Cheng, 2007; 2012; Zuo and Cheng, 
2008). Nowadays, researchers are exploring feasible ML methods on 
digital mapping problems. 
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4.2.1. Random forest 
The RF models result in notable higher precision than other models, 

even the NN models, in many cases. Thus, it has become one of the most 
popular models in geochemical mapping, such as Cu (Rodriguez-Galiano 
et al., 2014, 2015), Cu-Au (Keykhay-Hosseinpoor et al., 2020), 
Ag–Pb–Zn (Wang et al., 2020), and terrestrial 87Sr/86Sr isoscapes 
(Bataille et al., 2018). Incorporating more than 9000 river sediments 
and 400 rock samples, tectonic unit, geological background, and 
geomorphic landscape, the geochemical anomalies identified by a RF 
model were in good agreements with the known Cu deposits (Tian et al., 
2019). Using fuzzy-transformed input variables, three new highly pro-
spective tungsten mineral targets were identified by a RF model (Yeo-
mans et al., 2020). 

4.2.2. Neural networks 
The NN algorithm have been gradually implemented in geochemical 

explorations. The potential of hydrothermal gold and silver deposits 
predicted by a NN model had the accuracy higher than 70% (Oh and Lee, 
2010). Polymetallic prospectivity mapping by an ELM model was 26 
times faster than a LR model (Chen and Wu, 2017). Integrating spatial 
characteristics of shape, overlap, and zoning of multivariate geochem-
ical anomalies and haloes, a CNN model was constructed for poly-
metallic deposits prospectivity mapping (Li et al., 2020b). Using labeled 
training data obtain from geochemical maps by the pixel-pair feature 
method, a CNN model identified geochemical anomalies that were 
consistent with the known mineral deposits (Zhang et al., 2021). Inte-
grating information extracted from a deep variational autoencoder 
network, the obtained geochemical anomaly maps were in good agree-
ment with known Fe polymetallic deposits (Luo et al., 2020b). 

4.2.3. Other algorithms 
ML methods were also used to identify possible mine sites (Abedi 

et al., 2012; Mohammadi and Hezarkhani, 2018; Dornan et al., 2020; 
Roshanravan, 2020), geochemical anomalies (Gonbadi et al., 2015; 
Esmaeiloghli and Tabatabaei, 2020), ore-forming stages of mineral de-
posits (Zhong et al., 2021). Combining PCA and local singularity anal-
ysis (LSA), the hybrid model performed better than a traditional factor 
ratio model in felsic intrusion mapping (Xiong and Zuo, 2016). An 
isolation forest model outperformed Boltzmann machine and LR models 
on both accuracy and efficiency in predicting Fe deposits (Chen and Wu, 
2019). For both Sn and W prospectivity mapping, a DT model achieved 
the best accuracy (Iglesias et al., 2020). A SVM model showed the best 
performance in Cu-Au mineralization target prediction (Ghezelbash 
et al., 2021). Compared to other models, an Adaptive boosting (Ada-
Boost) model not only yielded the best results, but also simplified data 
preprocessing and hyperparameter tuning in fitting geochemical logging 
curves (Blanes de Oliveira and de Carvalho Carneiro, 2021). The 
eXtreme Gradient Boosting and RF models performed well in 
carbonate-hosted Zn-Pb mineral prospectivity mapping (Parsa, 2021). 

4.3. Digital soil mapping and soil property predictions 

Detailed global soil information is needed for climate change, sus-
tainable environment development, and agricultural productivity 
problems (Hengl et al., 2017). Based on comprehensive soil databases, 
ML algorithms have been successfully applied to digital soil mapping 
and soil property predictions. 

4.3.1. Neural networks 
The NN algorithm is very suitable for predicting the distribution of 

soil pollutants and soil properties. A radial basis function neural network 
(RBFNN) model predicted acid sulfate in soil (Beucher et al., 2013). 
Compared with a RF model, a CNN-based “hybrid scale” model for 
digital soil mapping returns the most accurate results (Behrens et al., 
2018). A CNN model predicted soil properties from regional spectral 
data with higher accuracy than the most commonly used models for soil 

spectroscopy (Padarian et al., 2019). The application in estimating soil 
organic matter content showed that NN models with different com-
plexities resulted in the same accuracy (Fernandes et al., 2019). A NN 
model combined with geostatistics technology improved the prediction 
accuracy for spatial heavy metal content in topsoil (Sergeev et al., 2019). 
The determination and consistency correlation coefficients of a CNN 
model could greatly improve the prediction accuracy for total organic 
carbon at different soil depths (Wadoux et al., 2019). A DNN model had 
the best accuracy on soil organic carbon prediction (Emadi et al., 2020). 

4.3.2. Other algorithms 
The RF algorithm also showed good performance in soil studies. It 

worked the best in predicting soil categories (Brungard et al., 2015), soil 
carbon concentration (Keskin et al., 2019; Mahmoudzadeh et al., 2020), 
and ion concentration and geochemical gradients (Diaz et al., 2021). A 
RF model effectively extracted the relationship between soil parent 
material and terrain, and the soil maps generated were highly consistent 
with soil surveys (Heung et al., 2014). Increasing detail, accuracy, 
interpretability, and uncertainty awareness for high-resolution regional 
soil mapping were provided by a quantile RF model (Kirkwood et al., 
2016). The soil redox interface depth obtained from an RF model only 
reconstructed half of the real condition, and the local uncertainty 
strongly depended on the variance scaling method (Koch et al., 2019). 

Besides, universal kriging, sequential Gaussian simulation, quantile 
return to the Forest, Bayesian network, PLS, alternative regression 
equations and rule-based regression tree, and spectrum-based learner 
models were also applied to the predictions of soil contamination, 
texture content, organic carbon, calcium carbonate, pH, and electrical 
conductivity etc. (Albuquerque et al., 2017; Mikkonen et al., 2018; 
Boente et al., 2019, 2020; Duarte-Guardia et al., 2019; Szatmári and 
Pásztor, 2019; Tziolas et al., 2019). In the prediction of soil water 
retention, a KNN models not only obtained similar accuracy with NN 
models (Nemes et al., 2006b; Coopersmith et al., 2014), but also is 
insensitive to different datasets, data densities, and input attribute 
weights (Nemes et al., 2006a). A KNN model was also used to estimate 
near-surface soil moisture from deeper in situ records (Coopersmith 
et al., 2016). 

4.4. Water quality prediction and forecasting 

Given recent advances in high resolution environmental/geological 
variables, growing computational resources and algorithms processing 
geographic data efficiently, the implementation of the ML approach in 
modeling hydrological features is advancing at a rapid speed. Predictor 
variables considered in these data-driven hydrological ML models can be 
very diverse, including ecological variables (e.g., land cover), climatic 
variables (e.g., temperature), geomorphic variables (e.g., slope), litho-
logical variables (surface rock type), hydrological variables (e.g., pre-
cipitation), soil properties (e.g., soil density and composition), and other 
watershed-related properties. Take tree-based algorithms as examples. 
They have been used to successfully assess the driving forces for the 
variations of hydrogeochemical parameters and to predict their distri-
bution in both groundwater (Lek et al., 1999; Nolan et al., 2015; 
Tesoriero et al., 2017; Stackelberg et al., 2021), surface water (Lintern 
et al., 2018a, 2018b; Peterson et al., 2019; Shen et al., 2020). 

4.4.1. Neural networks 
The NN algorithms are widely used in water quality prediction and 

forecasting (Maier et al., 2010). In 1999, a NN model already predicted 
stream nitrogen concentrations using watershed parameters (Lek et al., 
1999). By analyzing time-series hydrochemical properties, a NN model 
investigated the driving forces of the sulfate (Lischeid, 2001). A NN 
model forecasted river salinity 14 days in advance (Bowden et al., 2002). 
Compared to a BPNN model, a RBFNN model required less training ef-
forts and yield more robust results on modeling yearly nitrate concen-
trations in rivers (Suen and Eheart, 2003). A BPNN model assessed flash 
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floods and their attendant water quality parameters (Sahoo et al., 2006). 
A three-layer cascade correlation artificial neural network model suc-
cessfully estimated missing monthly values of water quality (Dia-
mantopoulou et al., 2007). A DNN model predicted reservoir 
temperatures accurately based on typical hydrogeochemical parameters 
(Tut Haklidir et al., 2020). 

Nevertheless, NN models were not always the best candidate for 
hydrogeochemical problems. In the prediction of copper concentrations 
in acid mine drainage, a SVM model with polynomial kernel showed the 
highest accuracy compared to other models, including to a NN model 
(Betrie et al., 2013). However, another study using the same dataset 
showed that a NN model exceeded a SVM model in predicting Cu and Zn 
concentrations in acid mine drainage (Betrie et al., 2014). A BPNN 
model performed worse in predicting total dissolved solids of an urban 
aquifer, while a hybrid principal component regression model not only 
minimized multicollinearity of the input parameters but also yielded 
accurate and precise results (Pan et al., 2019). Compared to RBFNN, 
Multilayer Perceptron (MLP), and Gene Expression Programming 
models, a least square support vector machine with Firefly Algorithm 
(FFA) model was demonstrated to be the best method in estimating 
carbon dioxide solubility at high pressure and temperature conditions 
(Hemmati-Sarapardeh et al., 2020). 

More recently, the long short-term memory (LSTM) model, one 
specialized RNN model, gained popularity in predicting water chemistry 
using time-series data. For example, Zhi et al. (2021) construct a LSTM 
model using dissolved oxygen data plus 56 meteorological and water-
shed attributes from 236 minimally human-disturbed U.S. watersheds. 
The model successfully predicted the dissolved oxygen content in 
ungauged watersheds. Using LSTM models to make predictions for 
time-series data is particularly effective, which is due partly to that 
LSTM take in account the temporal context on the both short- and 
long-term scales. 

4.4.2. Other algorithms 
Other methods, such as KNN, DT, boosted regression trees, gradient 

boosting machine, RF, and SVM were also used to study concentrations 
of nitrate (Nolan et al., 2018; Ransom et al., 2018; Uddameri et al., 
2020), dissolved oxygen (Coopersmith et al., 2011; Bertone et al., 2015; 
Erickson et al., 2021), arsenic (Meliker et al., 2008; Podgorski et al., 
2020), chlorophyll-a (Yajima and Derot, 2018), methane (Wen et al., 
2021), and Uranium (Lopez et al., 2021), acid rock drainage chemistry 
(Betrie et al., 2014; Flores et al., 2021), water salinity (Tran et al., 2021), 
pH value (Astray et al., 2021; Stackelberg et al., 2021), as well as oxygen 
isotope composition and water temperature (Astray et al., 2021). 

Another important application in hydrogeochemistry is to identify 
the sources of geochemical constituents in water. Several inverse models 
were developed to tackle this mixing problem (Gaillardet et al., 1999; 
Jacobson and Blum, 2003). However, these inverse models often require 
some prior knowledge of the chemical composition of endmembers, 
which we commonly have little information. Unlike inverse models, ML 
models do not require such prior knowledges. A non-negative matrix 
factorization model deconvolved the sources of sulfate content in sur-
face water without incorporating source information (Shaughnessy 
et al., 2021). 

4.5. Deep space explorations 

ML methods have been used to improve the performance for well- 
defined science problems and hypotheses. Although the cosmochem-
ical data are comparatively limited, the development of observation 
technology and implementation of space exploration projects will bring 
us new data in the very near future. The successful applications of ML 
methods in geochemical researches offer valuable insights into cosmo-
chemical researches. 

An accurate geochemical map can serve as a valuable assistant for 
Lunar exploration projects, such as mineral and rock identification, 

resources exploration, and landing spot selection. Element distributions 
on Lunar surface are also fundamental for understanding its evolution 
and collision history. The element distribution on Earth’s surface can be 
investigated by detailed geochemical surveys. However, the direct Lunar 
surface mapping is still beyond our ability. Two types of approaches are 
used to explore element distributions on Lunar surface. The most ac-
curate way is to analyze Lunar samples. However, Lunar samples with 
known location information are limited to the Apollo project and the 
Chang’E project. The samples are sparse and only represent limited lo-
cations. Spectroscopy, such as gamma ray and neutron spectroscopy (e. 
g., Prettyman et al., 2006), X-ray spectroscopy (e.g., Swinyard et al., 
2009), and optical spectroscopy (e.g., Wu, 2012), can provide wide-
spread Lunar maps but require further corrections. Traditional studies 
based on linear relationships to derive oxide contents from optical im-
ages have limited accuracies (Xia et al., 2019). 

In recent years, ML methods are used to depict complex nonlinear 
relationships between spectral characteristics and geochemical compo-
nents. Based on the Clementine ultraviolet–visible spectroscopy maps 
and Lunar Soil Characterization Consortium data, Lunar surface TiO2 
abundance map was constructed by a NN model, which reproduced the 
distribution of mare basalts (Korokhin et al., 2008). Based on the whole 
32 channels of Interference imaging spectrometer (IIM) images of 
Chang’E−1 and 36 Apollo and Luna station samples, a DT-SVM model 
predicted TiO2 abundance of Lunar surface soil (Wang and Niu, 2012). 
Since there were only 4 high-Ti samples accessible, the DT-SVM model 
performed better in regions containing very low TiO2 contents, but 
underestimated the high-Ti units. To improve the DT-SVM model, the 
authors removed 13 abnormal bands and used an SVM-SVM model that 
requires less training data (Wang and Zhu, 2013). Based on the IIM 
images and the analytical results of 39 Lunar samples, a NN model 
constructed the distribution maps of Mg/(Mg + Fe) ratio, SiO2, Al2O3, 
CaO, FeO, MgO, and TiO2 abundances on Lunar surface (Xia et al., 
2019). Such attempts can be expanded to other spectroscopies with one 
limitation, which is the shortage of Lunar sample analysis data. 

It is expected that more interesting applications will emerge. For 
instance, the Thermal Emission Imaging System (THEMIS) instrument 
on board the Mars Odyssey spacecraft monitors the Martian surface 
mineral distributions, atmospheric dust, and surface temperatures (e.g., 
Viviano and Moersch, 2013), and the LIBS on Curiosity and ZhuRong, 
can provide direct geochemical information on Mars. Combines with 
THEMIS and LIBS data, ML algorithms should be able to provide detailed 
Mars surface geochemical maps. 

In addition, determining the surface age of a planet is the first step of 
studying its evolution history. Due to the limitation of extraterrestrial 
samples, the surface age of a planet is determined mainly by crater 
statistics, i.e., the counting of the number of craters. Traditionally, the 
craters were performed by visual inspection of images by researchers. 
Image recognition is one of the strengths of DL techniques. Using a CNN 
model, researchers achieved accurate and automatic crater determina-
tion on Lunar surface, which improves the efficiency of crater-dating 
(Silburt et al., 2019; Ali-Dib et al., 2020). Nevertheless, the crater 
chronology method is empirical, which needs further verification and 
calibration by isotope dating of extraterrestrial samples with known 
geological context (e.g., Che et al., 2021; Li et al., 2021b; Yue et al., 
2022). ML algorithms can bridge crater-dating and isotope dating 
methods, which could generate a more accurate crater chronology. 

4.6. Other applications 

Lithology/mineral classification, geochemical mapping, and water/ 
soil quality prediction are the most intensive users of ML techniques. 
Besides, other attempts were also done, such as the identifications of 
tsunami deposits (Kuwatani et al., 2014), geochemical distribution 
patterns of light rare earth elements (Zaremotlagh and Hezarkhani, 
2017), heavy minerals in river sands (Hao et al., 2019), dust sources of 
Chinese loess plateau (Lin et al., 2020), controlling factors of lacustrine 
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shale lithofacies (Liu et al., 2020), natural gas origins (Snodgrass and 
Milkov, 2020), and heavy metal pollution sources (Khorshidi et al., 
2021). 

Recently, ML methods were used to determine the geochemical 
features of minerals. Based on ordinary least squares linear regression 
plus ML-based stochastic gradient boosting, extremely randomized trees 
(ERTs), RF, KNN, and decision trees models, Petrelli et al. (2020) pre-
sented a machine learning thermo-barometry to estimate pre-eruptive 
pressures and temperatures and storage depths using cpx-melt pairs 
and cpx-only chemistry. A SVM model distinguished the cpx phenocrysts 
that do or do not undergo hydrogen diffusion, in which the initial water 
contents of basalt magmas were estimated from the cpx without H 
diffusion (Chen et al., 2021). 

5. Discussions and prospective 

Data mining from geochemical data can be the key and the engine to 
understand the evolution of the Earth system and to guide our space 
exploration of extraterrestrial bodies. Modern ML schemes take advan-
tage of big data to extract new information and knowledge, which en-
ables remarkable engineering improvements and scientific discoveries. 
However, unlike ML applications in biology, physics, and solid Earth (e. 
g., Bergen et al., 2019; Kates-Harbeck et al., 2019; Jumper et al., 2021), 
the application of ML in geochemistry and cosmochemistry is still in an 
initial stage. The main hindrances are: 1) the absence of large 
geochemical and cosmochemical databases that can handle heteroge-
neous, time-sequential, high-complexity, multi-scale, and 
multi-dimensional data; and 2) new algorithms that suitable for small 
datasets. Designing algorithms requires strong computer science and 
mathematics skills, which are not the strengths of geochemists and 
cosmochemists. However, geochemists and cosmochemists’ domain 
knowledge and fundamental understanding of the geoscientific prob-
lems can be really helpful in constructing specialized databases. 
Therefore, in this section, we focus on discussing database problems. In 
addition, data science is moving very quickly while the adoption of data 
science techniques in geoscience is relatively slow partly due to the lack 
of data science expertise in geoscientists. Educating graduate students 
with geochemical and cosmochemical fields with data science knowl-
edge will further promote interdisciplinary researches benefiting both 
Earth and Space sciences, as well as data science communities. Thus, we 
further prospect the educating next-generation geochemists and cos-
mochemists, which will help address challenges of the algorithms 
mentioned before. 

5.1. Problems in current databases 

Current applications of ML based on current geochemical databases 
have some shortages. First, most datasets are acquired by individual 
research groups or institutions. The major challenges for such 
geochemical datasets include biased sampling, low resolution, and 
disconnected data sources. The ML models trained by regional datasets 
have restricted applications, which is hard to be generalized. Data 
cleaning and preprocessing can result in better outcomes (Grunsky and 
de Caritat, 2019; Grunsky and Arne, 2020; Daviran et al., 2021). Based 
on geochemical anomalies recognized from a generalized additive 
model, a Bayesian framework model constructed three-dimensional 
models of deep alteration zones for mineral resources (Chen et al., 
2020). Combined with two swarm intelligence optimization algorithms, 
i.e., bat algorithm and FFA, which optimized the initial hyperparameters 
setting, the accuracy of MLP, AdaBoost, and one-class SVM models were 
greatly improved (Lin et al., 2021). 

Second, the insufficient amount of geochemical and cosmochemical 
data hindered further applications. For example, the number of samples 
required for geochemistry exploration is generally in the magnitude up 
to tens of thousands, which is usually the largest in geochemistry field. 
However, this amount of data is difficult to drive most of the exiting 

DNN models that designed for larger data sizes. 
Third, the consistency of raw data is insufficient in many cases. 

Geochemical and cosmochemical data are affected by the sample 
collection process, analysis process, and even different sampling sea-
sons. Therefore, in the same database, the original data of different re-
gions may have deviations, which potentially affect the results. 

Last but not the least, current databases are mostly designed for 
special research topics. Databases in limited disciplines tend to restrict 
correlation efficacy for broader purposes. The development of open- 
source, high-quality, comprehensive databases that are labeled by ex-
perts’ knowledge would facilitate the extensive exploration of ML 
methods with potentials on knowledge discovery to the extent of 
changing the research paradigm. 

5.2. Developments of geochemical databases 

Several Earth big data grand projects are pushing forward the inte-
gration of multi-source data to help generate more relevant, richer, and 
complete information. Given the large variety of scientific questions 
being addressed by the geochemistry community, a large variety of 
databases and data repositories (e.g., structured versus unstructured) 
are demanded by the geochemistry community (Brantley et al., 2021). 
The projects aim to promote accessing, sharing, and using geochemical 
data to support study, analysis and decision making. 

For instance, the EarthChem established in 2005 manages open- 
access digital geochemical resources including the PetDB (Lehnert 
et al., 2000), the North American Volcanic and Intrusive Rock Database 
(Walker et al., 2006), the GEOROC (Sarbas and Nohl, 2009), the meta-
morphic petrology database (MetPetDB, Spear et al., 2009), the marine 
and terrestrial sediment geochemical data, (SedDB, Johansson et al., 
2012), the GANSEKI (Tomiyama et al., 2013), and the USGS National 
Geochemical Database. The EarthChem participates in the Interdisci-
plinary Earth Data Alliance (IEDA) that was funded by the US National 
Science Foundation (NSF) in 2010. As a primary community data 
collection, it provides data services for data from the ocean, Earth, and 
polar sciences that supports interdisciplinary research and data inte-
gration. One of IDEA’s goals is to bridge the gap between scientists and 
data. The NSF Directorate for Geosciences and the Division of Advanced 
Cyber infrastructure initiated the EarthCube project in 2011. The 
EarthCube aims to transform geoscience research by improving access, 
sharing, visualization, and analysis of geosciences data. The IEDA is an 
active member of EarthCube’s Council of Data Facilities. 

Currently, Chinese scientists are leading the development of Earth 
science databases. The Chinese Academy of Sciences Strategic Priority 
Research Program supported the Big Earth Data Science Engineering 
(CASEarth) project that focuses on modern Earth’s surface data, the 
establishment of discrete global grid systems, and geospatial informa-
tion processing and visualization platforms (Guo et al., 2020). The 
Deep-time Digital Earth (DDE) project, which is one of the International 
Union of Geological Sciences big science programs, is working on 
standardize and digitize geological data in deep-time (Normile, 2019; 
Wang et al., 2021a). Based on the comprehensive databases that will be 
established, the DDE aims to use data sciences and information tech-
niques to understand the Earth system evolution. 

All the above-mentioned datasets have great potentials to be the 
success factors of applying ML techniques in geochemical researches. It 
must be noted that ML methods are powerful pattern recognition 
methods, which are still statistics techniques. The correlations in data 
cannot be conclusive evidence for certain problems. Currently, some 
research studies focus on testing the most accurate and efficient multiple 
ML methods for specific tasks. The ML models, especially the DNN 
models that contain multiple non-linear hidden layers, can learn very 
complicated relationships between their inputs and outputs. Increasing 
of fitting parameters, sampling noises, overtraining, and insufficient 
training data can result in overfitting in the training dataset. Many of 
these complicated relationships may not exist in real data (Srivastava 
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et al., 2014). Biased data, mixing training and testing data, overfitting, 
and improper validation will lead to unreliable results (Schaffer, 1993). 
Therefore, ML should not be applied naively to complex geoscience 
problems, and one urgent question we are facing is to distinguish useful 
and meaningful information from the mist of correlations, and to un-
derstand the fundamental principles under the superficial characteristics 
of the phenomenon. 

5.3. Preparing next-generation geochemists and cosmochemists 

To efficiently and effectively self-educate or educate graduate stu-
dents, one or several of the following approaches might be worth 
considering. 

First, taking advantage of massive open online courses (MOOCs) 
education resources (e.g., Coursera and edX) that are accessible for free. 
These online courses are particularly useful if geochemistry graduate 
students need to learn basics in data science as many are designed for 
students from all backgrounds and majors. In addition, more and more 
online data science courses developed by geoscience educators become 
available for instructors to adapt or for students to learn in a self-paced 
way. For example, Wen et al. (2020) developed a data science course 
hosted on the platform of HydroLearn funded by the NSF to educate 
geoscience students about the basics and advanced knowledge of data 
science using genuine research data and peer-reviewed geoscience 
research works. 

Second, attending a boot-camp style training workshop. Geoscience 
conferences like AGU and Goldschmidt started offering data science 
workshops. These workshops often enable participants to gain first-hand 
experiences in using data science knowledge for addressing geoscience 
questions in a fast-paced manner. These workshops and the MOOC re-
sources can be used as the first bite of data science for geochemistry 
graduate students. 

Third, developing new data science curricula specifically designed 
for geochemistry graduate students that are built on existing geoscience 
courses. Instructors can start with incorporating data science modules 
into their courses by focusing on one or a few selected topics. The 
feedbacks from students on these small modules can help shape the 
scope and structure of the new geo-data science course to be developed. 

6. Conclusions 

This is the best of time, that we have unprecedented capability of 
acquiring and processing vast amount of data. This is the worst of time, 
that we are overwhelmed with data, and our ability of information and 
knowledge extraction might not catch up with the high data volume and 
the complexity of data structures. Earth and Space sciences are experi-
encing the positive hype triggered by big data and ML. The efficient data 
collecting, producing, and processing, as well as model iteration by ML 
can be amplifiers of scientific approaches, which is expected to change 
the research methods in many realms of Earth and Space sciences 
fundamentally. At present, ML can greatly improve sampling tools, 
speed up calculation methods, and be used for classification, regression, 
and clustering tasks. Possible hypotheses may be suggested from data 
patterns that can guide the research directions, which could be the new 
growing point of Earth and Space sciences. 
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Beucher, A., Österholm, P., Martinkauppi, A., Edén, P., Fröjdö, S., 2013. Artificial neural 
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