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Abstract

For a long time, elucidating the tectonic setting of unknown rock samples has been a focal point for geologists. Tradi-
tional methodologies for this purpose have been scrutinized increasingly due to their inherent limitations. In response to
these challenges, this paper applies modern machine learning techniques to analyze the geochemical data of igneous rocks
and improve understanding of tectonic settings. By employing a variety of machine learning models, including Decision
Trees, K-Nearest Neighbors, Support Vector Machines, Random Forests, Extreme Gradient Boosting, and Artificial Neural
Networks, and training with 23 features comprising nine major elements (SiO,, TiO,, Al,0;, CaO, MgO, MnO, Na,O,
K,0, and P,0s) along with 14 trace elements (La, Ce, Pr, Nd, Sm, Eu, Gd, Tb, Dy, Ho, Er, Tm, Yb, and Lu), the study
successfully distinguished between seven different tectonic settings. Among these models, Random Forest, Extreme Gradi-
ent Boosting, and Artificial Neural Networks demonstrated superior classification accuracy and recall rates, with accura-
cies of 0.85, 0.87, and 0.86, respectively. This validates the effectiveness and potential of machine learning technologies
in distinguishing the tectonic settings of igneous rocks through their geochemical elements. To enable geologists and
researchers to more accurately understand and predict the origins of igneous rocks without the need to master machine
learning knowledge, a user-friendly software, GeoTectAl, has been developed.
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Introduction

Igneous rocks, one of the most common rock types in the
Earth’s crust, are formed in a variety of tectonic settings,
with their geochemical characteristics reflecting the envi-
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Armstrong-Altrin and Verma 2005). Igneous rocks formed
under different tectonic settings exhibit unique geochemical
signatures, primarily reflected in compositional differences
(e.g., Whalen et al. 1987; Eby 1990, 1992; Richards and
Kerrich 2007). Understanding these chemical compositions
is crucial for accurately identifying the tectonic settings, as
the concentrations of major elements, trace elements, and
isotopic compositions can be obtained through whole-rock
geochemical analysis. Hence, distinguishing the tectonic
settings of igneous rocks through their geochemical element
composition is feasible.

With the rapid development of artificial intelligence
technology, machine learning, as an efficient method of data
analysis (Bishop 2006; Jordan and Mitchell 2015; Chen et
al. 2020), has become increasingly widespread in the appli-
cation within Earth sciences. For instance, Snow (2006)
explored decision trees as novel approaches, diverging from
conventional geochemical discriminant methodologies.
Han et al. (2019) delved into a range of machine learning
techniques to ascertain the tectonic origins of spinels. Fur-
thermore, Nakamura (2023) conducted experiments with
machine learning strategies to classify the tectonic settings
of basalts. These studies have demonstrated the feasibility of
using machine learning for tectonic setting discrimination.

With the development of big data and machine learn-
ing, along with establishing shared databases (Lehnert
et al. 2000; Gard et al. 2019), big data analysis now has
reliable data support and convenient data access. Along-
side improving computing power, the big data analysis and
machine learning use have become widely applied (Jordan
and Mitchell 2015; Ren et al. 2019; Yaqoob et al. 2016).
Therefore, turning the judgment of tectonic settings into a
multi-classification problem for machine learning and using
supervised learning (Kotsiantis et al. 2007; Hastie et al.

2009) to label the data for training sets has been shown by
previous research to be a powerful tool for construction dis-
crimination (Petrelli and Perugini 2016; Doucet et al. 2022;
Takaew et al. 2024). Despite this, the application of machine
learning still demands that researchers have a certain level
of computer science and artificial intelligence foundation,
which undoubtedly serves as a limiting factor. Hence, there
is an urgent need to introduce a new, convenient, and user-
friendly solution to lower the barriers to entry.

This study aims to explore a new approach that utilizes
multiple machine learning techniques (including Decision
Tree, K-Nearest Neighbors, Support Vector Machine, Ran-
dom Forest, Extreme Gradient Boosting, and Artificial Neu-
ral Network) to analyze whole-rock geochemical data of
igneous rocks and determine their tectonic settings. Through
this approach, we hope to understand igneous rocks’ origins
and evolutionary history more accurately and systemati-
cally. After performing feature engineering on the data col-
lected from the Petrological Database of the Ocean Floor
(PetDB) and Geochemistry of Rocks of the Oceans and
Continents (GEOROC) Database, the data is trained using
machine learning models, followed by analysis, explana-
tion, and comparison of the models. To facilitate the use of
the model, corresponding user-friendly software was devel-
oped. Finally, the potential and issues of using geochemical
elements for tectonic setting judgment are outlined (Fig. 1).

Dataset

The igneous rock geochemical dataset discussed in this
paper is derived from two major geochemical databases:
PetDB (http://www.earthchem.org/petdb) and GEOROC

Fig. 1 Workflow for developing
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and performance analysis. ¢ Prin-
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Fig. 2 The sample locations
selected for this study. The
numeric value of the point in

the figure represents how many
samples are in the vicinity of that
location. The range of colors on
the map indicates elevation, span-
ning from blue to brown. The
deeper the color, the higher the
elevation of the region

Continental Flood (CF)
n=1972

Fig. 3 Schematic diagram of the tectonic setting (after Takaew et al. 2024)

(http://georoc.mpch-mainz.gwdg.de/georoc/). We selected
igneous rock samples that have complete major element
data (SiO,, TiO,, Al,05, CaO, MgO, MnO, Na,O, K,O,
P,05) and specified rare earth trace elements (La, Ce, Pr,
Nd, Sm, Eu, Gd, Tb, Dy, Ho, Er, Tm, Yb, Lu), totaling 23
data attributes. The locations of the selected samples are
shown in Fig. 2.

The dataset we have collected and compiled comprises a
total of 78,867 entries. In pursuit of a more precise analy-
sis of the relationship between tectonics and geochemistry,
aiming to minimize factors of interference and uncertainty,
we have excluded entries containing null values and those
dated prior to 1990. Consequently, the dataset for training the
machine learning model consists of 12,737 entries. Within
this refined dataset, we have determined seven categories of
tectonic settings based on the known tectonic settings within
the database. These categories are Archean Cratons (AC)
(n=1,902), Continental Flood (CF) (n=1,972), Convergent
Margins (CM) (n=1,958), Intracontinental Volcanics (IV)
(n=2,227), Ocean Islands (OI) (n=1,764), Rift Volcanics
(RV) (n=1,709), and Seamounts (SM) (n=1,205). These

classifications and their respective data counts are detailed
in Fig. 3.

Methods
Feature engineering

It is imperative to filter the existing dataset to uncover the
hidden relationships within petrogeochemistry and con-
struct a classifier capable of distinguishing tectonic settings
(J0 2019). Initially, we eliminated entries of magmatic rocks
where geochemical elements were either absent or below
the detection limit, as these instances could adversely affect
the discrimination process. Some machine learning algo-
rithms are particularly sensitive to outliers, which may arise
from measurement errors, operational mistakes, or geologi-
cal factors. To eliminate outliers caused by non-geological
errors as much as possible, and to enhance the model’s
generalizability, we employ the Interquartile Range (IQR)
method to exclude outliers (Barbato et al. 2011).

@ Springer



Earth Science Informatics

IQR calculation excludes outliers

In machine learning, the IQR is a statistical method used to
identify and eliminate outliers within the data. The dataset
is initially arranged in ascending order, and the first quar-
tile (Q,) and the third quartile (Q;) are calculated. The IQR
is the difference between Q; and Q, (i.e., IQR=Q; - Q)),
measuring the data’s dispersion. The lower bound is defined
as Q; — 1.5 X IQR, and the upper bound is Q3+ 1.5 X IQR.
These bounds establish the “normal” range for the data. Val-
ues falling below the lower bound or above the upper bound
are considered outliers and are excluded (Fig. 4).

After preprocessing outliers (Fig. 5), the total number of
data entries participating in subsequent training is 9,039.
Among these, AC has 1,060, CF has 1,572, CM has 1,689,
IV has 1,975, OI has 944, RV has 943, and SM has 856.
The dataset is then divided into a training set and a test set
at a ratio of 80% and 20%, resulting in 7,231 entries for the
training set and 1,808 for the test set.

Feature normalization

Feature normalization is essential because geochemical data
come in various ranges and units, necessitating their scaling
to a common standard before utilization. Normalization is
achieved by scaling or transforming features to a common
range, ensuring each feature contributes equally when fed
into the classifier (Singh and Singh 2020). Scaling methods
resize data from different ranges to a predetermined range,
thus preserving the original distribution of the data. Prior
to further processing, data must be normalized using the
Z-score normalization method:

Z=(X-w)/o

where Z is the Z-score result, X is the original data
point, |, is the mean, and @ is the standard deviation.

After normalization, the new dataset has a mean of 0 and
a standard deviation of 1. As shown in Fig. 6a, the normal-
ized data now approximately follows a normal distribution.

Normalization eliminates the influence of magnitudes on
the discrimination results, which will be more beneficial for
subsequent machine learning training.

Classifiers

In this study, six advanced machine learning algorithms
have been adopted to perform complex multi-classifica-
tion tasks (Fig. 7). The specific methods include Decision
Tree (DT), K-Nearest Neighbors (KNN), Support Vector
Machine (SVM), Random Forest (RF), Extreme Gradi-
ent Boosting (XGBoost), and Artificial Neural Network
(ANN). These algorithms are all based on the principles of
supervised learning, utilizing seven types of tectonic set-
tings as the labels for features and geochemical elements as
the training variables within the target dataset.

Decision tree

Decision trees (DT) (Fig. 7a) are widely utilized algorithms
in the field of machine learning (Quinlan 1986; Hastie et
al. 2009) and apply both classification and regression prob-
lems. This algorithm constructs a tree-shaped model by
learning the features within the dataset. In this model, each
internal node represents a test on a particular feature, each
branch corresponds to one of the possible outcomes of this
test, and each leaf node represents a predicted category or
numerical value. When employing a DT for prediction, the
process begins at the root node and progressively traverses
downwards based on the outcomes of the feature tests until
reaching a leaf node, thereby deriving the final prediction
decision (Suthaharan 2016a). Within the geological sci-
ences, the utilization of DT has been broadly acknowledged
and implemented, highlighted by research contributions like
Petrelli and Perugini (2016) and Takaew et al. (2024). Spe-
cifically, Vermeesch (2006b) has harnessed the power of DT
for the tectonic discrimination of basalts. Han et al. (2019)

Fig. 4 The range of outliers l Normal Range |
and normal values in the IQR Outlier Outlier
algorithm |Q1 - 1.5 x IQR Q1 t Qs Q3-1.5x%IQR ‘

Median
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Fig. 5 After removing outliers, the feature distribution of the dataset used for training the model. The vertical axis shows the range of attribute

values, while the horizontal axis represents different tectonic settings

have adeptly applied decision trees to distinguish tectonic
settings through the analysis of spinel.

K-nearest neighbors

K-Nearest Neighbors (KNN) (Fig. 7b) is a straightforward
yet effective machine learning algorithm primarily used for
classification tasks (Cover and Hart 1967). It is grounded
in the core principle that similar data points are likely to
belong to the same category. In KNN, “K” represents the
number of neighboring data points the algorithm considers
while making a prediction. When classifying a new data
point, the algorithm identifies the “K” closest data points
in the training dataset to this new point. Subsequently, it
classifies the new point into the most frequent category
among these neighboring points (Mucherino et al. 2009).
In geology, KNN algorithms has been applied to many
applications. Notably, Potratz et al. (2021) leveraged KNN
algorithms for classifying lithofacies, demonstrating their
utility in categorizing geological formations based on their

physical characteristics. Bicego et al. (2023) used KNN to
decipher volcanic activity signals, showcasing the algo-
rithm’s adeptness in interpreting complex geological phe-
nomena. Additionally, Zhang et al. (2019) utilized KNN to
study the diorite under different tectonic settings.

Support vector machine

Support Vector Machine (SVM) (Fig. 7¢) is an exceedingly
effective model within the domain of supervised learning,
particularly adept at handling classification problems involv-
ing high-dimensional data (Cortes and Vapnik 1995). The
primary goal of SVM is to identify an optimal hyperplane
that can segregate the data points of different categories
with the largest margin possible. In two-dimensional space,
this hyperplane manifests as a line that separates categories,
while in higher-dimensional spaces, it forms a multidimen-
sional surface that partitions different categories. A notable
feature of SVM is its emphasis on maximizing the margin
distance between data points and the decision boundary.
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Fig. 6 a Parallel coordinates plot. Each line represents a data entry, with different colored lines indicating different tectonic settings. b Normalized

bar chart of different attribute data

Moreover, by employing kernel function techniques, SVM
can process data that is not linearly separable in its original
space by mapping the data to a higher-dimensional space,
thereby achieving separability in this new space (Patle and
Chouhan 2013; Smola and Schélkopf 2004; Suthaharan
2016b).

Random forest
Random Forest (RF) (Fig. 7d) is an efficient ensemble

learning algorithm that enhances the accuracy and robust-
ness of predictions by integrating the outcomes of multiple

@ Springer

decision trees (Ho 1995; Breiman 2001). Each decision
tree is trained independently in this approach, employing a
“bagging” (bootstrap aggregating) strategy, which involves
randomly selecting samples from the original dataset for
training. The RF also introduces randomness selecting fea-
tures for splitting nodes, enriching the model’s diversity and
effectively reducing the likelihood of overfitting. This algo-
rithm performs well in classification and regression tasks,
particularly in analyzing high-dimensional data. It exhibits
strong robustness against noise in the training data and pro-
vides more stable and reliable predictions than a single deci-
sion tree. RF has been applied in various fields as a model
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with commendable comprehensive performance. Ueki et al.
(2018) applied RF to geochemically discriminate and char-
acterize magmatic tectonic settings, demonstrating the tech-
nique’s effectiveness in geological categorization. Similarly,
Nakamura (2023) utilized RF for the practical discrimina-
tion of tectonic settings of basaltic rocks, further evidencing
the method’s widespread applicability in geosciences.

Extreme gradient boosting

Extreme Gradient Boosting (XGBoost) (Fig. 7¢) is a highly
efficient ensemble learning algorithm widely used in clas-
sification and regression tasks (Chen and Guestrin 2016).
It is based on Gradient Boosted Decision Trees (GBDT)
principles and continuously improves model performance
by sequentially adding new trees. A distinctive feature of
XGBoost is its construction of each tree using a gradient
boosting method, where adding each new tree is aimed at
reducing the prediction error left by the previous tree. This
algorithm excels in handling large datasets and offers a
variety of parameters for adjustment to optimize model per-
formance. XGBoost often outperforms traditional gradient
boosting methods regarding computational speed and pre-
diction accuracy. It also has capabilities for handling miss-
ing data and regularization, which help mitigate the risk of
overfitting and enhance the model’s generalization ability.
XGBoost has found broad applications across multiple
domains. Specifically, Wang et al. (2023) applied XGBoost
for the determination of tectonic settings through the analy-
sis of trace elements in zircon. Saha et al. (2021) utilized
machine learning to discriminate the igneous rocks’ tectonic
setting based on biotite’s major element chemistry, show-
casing the algorithm’s precision in geological classification.

Artificial neural network

Artificial Neural Networks (ANN) (Fig. 7f) are compu-
tational models that simulate the working mechanism
of human brain neurons and play a significant role in the
applications of machine learning and artificial intelligence
(Yegnanarayana 2009). ANNs consist of numerous inter-
connected nodes (i.e., neurons) distributed across several
layers, typically including an input layer, multiple hidden
layers, and an output layer. Each neuron is responsible for
receiving input signals, processing these signals through
a specific activation function, and then transmitting the
results to neurons in the next layer. ANNs learn by adjust-
ing the weights of the connections between neurons in the
network, a process generally reliant on the backpropagation
algorithm and gradient descent method (Zurada 1992). It
is noteworthy that Ge et al. (2021) utilized convolutional
neural networks (CNN) to identify tectonic settings, suc-
cessfully recognizing 12 types and achieving commendable
results.

Results

This study used precision, recall, and the F1 score as evalu-
ation metrics for machine learning models (Fig. 8a). Preci-
sion refers to the proportion of true positive samples among
those predicted as positive by the model. Recall reflects the
proportion of true positive samples correctly predicted by
the represents the harmonic mean between precision and
recall providing a comprehensive measure for assessing
model performance.
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The overall classification results of the machine learning
models in this study are visualized using confusion matrices
(Fig. 8b). This study presents performance data for various
machine learning models concerning tectonic settings, as
illustrated in Fig. 9 and the attached table. The comprehen-
sive accuracy comparison (Fig. 10a) shows that, all algo-
rithms achieved an accuracy rate above 80% except for DT,
which performed poorly. Among them, XGBoost, RF, and
ANN exhibited the best performance, achieving accuracy
rates of 87%, 85%, and 86%, respectively, with XGBoost
demonstrating the highest performance across all algo-
rithms. Regarding F1 scores, XGBoost, RF, and ANN also
achieved the best results among all algorithms.

When analyzing the different tectonic settings individu-
ally, the DT algorithm shows the worst performance among
all tectonic settings (Fig. 10b). XGBoost, ANN, RF, and
SVM show good discriminative ability on AC (Fig. 10c),
with scores of 0.83, 0.82, 0.81, and 0.81, respectively. In
contrast, KNN is slightly worse, with a score of 0.75. On
the contrary, the DT algorithm is the least effective scoring
0.68. According to the CF discrimination results (Fig. 10c),
XGBoost, RF, ANN, KNN, and SVM had similar results,
with scores 0f 0.91, 0.89, 0.88, 0.87, and 0.86. DT algorithm
improved slightly in discriminating CF, reaching a score of
0.78. Various algorithms generally exhibit relatively good
improvements in CF discrimination compared to AC dis-
crimination. Similarly, the discrimination results of CM
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Fig.9 Confusion matrices of different machine learning algorithms under different classes. Each small square represents the relationship between
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are similar to those of CF. XGBoost, ANN, RF, KNN, and
SVM also show similar effectiveness (Fig. 10c), with scores
of 0.91, 0.90, 0.88, 0.88, and 0.85, respectively. Compared
to CF discrimination, the DT algorithm’s score slightly
decreases to 0.76.

Looking at the IV’s discrimination results, all algorithms
show a decrease in their discriminative ability, and the KNN
and DT algorithms show a particularly significant decrease
(Fig. 10c), reaching scores of 0.75 and 0.65. Compared with
the previous tectonic settings discrimination performance,
XGBoost, ANN, and RF, although slightly decreased, main-
tain relatively high discrimination ability, respectively: 0.86,
0.86, and 0.83. On the contrary, in the case of using SVM
for IV discrimination, the score fell below 0.79 to 0.80. In
contrast, regarding the discrimination performance for OI,
all algorithms demonstrated a significant improvement in
their discriminative abilities, with XGBoost, KNN, SVM,
and RF showing particularly close performance (Fig. 10c),
scoring respectively 0.93, 0.94, 0.93, and 0.93. Following
closely behind was ANN, with a score of 0.89. Although
DT showed improvement in discriminating O, its score was
only 0.76.

The discrimination performance for RV indicates a
significant decrease in the discriminative abilities of all
algorithms (Fig. 10c). Despite this, XGBoost and ANN
maintained relatively high scores, with 0.82 and 0.80. RF,
SVM, and KNN scored closely to each other, with scores
of 0.75, 0.75, and 0.73, respectively. The DT algorithm

exhibited the poorest performance in discriminating RV,
with a score of only 0.58. In contrast, regarding the dis-
criminative performance for SM, the performances of vari-
ous algorithms are mixed (Fig. 10c). ANN exhibits the best
performance with a score of 0.83, while the scores of the
remaining algorithms all fall below 0.80. Specifically, the
XGBoost, RF, KNN, SVM, and DT scores are 0.79, 0.78,
0.76, 0.71, and 0.68, respectively.

Discussion
Different machine learning methods

The DT algorithm performs worst among the six machine
learning classifiers. This could be partly due to data imbal-
ance and partly because DT algorithms have inherent weak-
nesses compared to ensemble learning algorithms. Although
the effectiveness of the SVM algorithm in geology-related
fields has been proven and documented in previous studies
(Melgani and Bruzzone 2004; Ueki et al. 2018;), its perfor-
mance is moderate when distinguishing among multi-class
tectonic settings. The performance of the KNN algorithm
shows that it has good fitting and discriminant ability for
small sample petrological data consistent with the previous
research results (Nakamura 2023). XGBoost, RF and ANN
exhibit the most robust overall performance, highlighting
the advantages of ensemble learning in handling large-scale,
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high-dimensional data. Furthermore, ANNs use multiple
layers of neurons to nonlinearly explore relationships in big
data, making them uniquely discriminative in certain feature
discriminations (Fig. 10c). Therefore, the simple KNN algo-
rithm can perform relatively well with small-sample data,
while nonlinear models like RF, XGBoost, and ANN yield
better results with large-scale data.

Feature discrimination and selection

XGBoost, RF, and ANN can understand their feature selec-
tion and importance in different tectonic settings by calcu-
lating SHAP values and plotting SHAP summary diagrams
(Lundberg and Lee 2017) (Fig. 11). Features are ranked
by the sum of SHAP values across all samples in the test
set (except for ANN, which uses 50% of test samples for
SHAP value calculation). The vertical order from top to bot-
tom indicates the importance of the feature in the model.
Red indicates high feature values, while blue indicates low
values. The horizontal axis represents the impact of feature
values on the output (i.e., the SHAP value). A SHAP value
above 0 indicates a positive impact of the feature, and vice
versa.

Overall, RF and XGBoost algorithms prioritize major
elements as the most essential features for discrimination
in most tectonic settings. However, ANN demonstrates a
broader sensitivity to both major and trace elements, indi-
cating their capacity to discern subtle relationships missed
by more traditional machine learning approaches. This
nuanced understanding is particularly evident in the dis-
crimination of RV and SM features, where trace elements
play a more significant role. Agrawal et al. (2008) and Li
et al. (2015) have confirmed this perspective, emphasizing
the application of trace elements in differentiating tectonic
settings. Such insights reveal a clear link between trace
elements and tectonic settings, underscoring the advanced
analytical capabilities of ANNs. Through their multi-lay-
ered structure, these networks uncover complex interrela-
tions that RF and XGBoost might overlook, as illustrated
in Fig. 10c, showcasing ANN’s superior ability to leverage
both major and trace elements for a more comprehensive
feature importance analysis.

In evaluating tectonic settings, feature selection is cru-
cial. XGBoost and RF algorithms highlighted SiO,, TiO,,
Al,0O3, CaO, and P,0; as the top five features in overall
importance. In contrast, although ANN prioritizes SiO,,
TiO,, Al,05, CaO, and Nd as its overall top features, it relies
more on trace elements when analyzing specific tectonic
settings. The integrated use of a wider array of geochemical
elements may be crucial for surpassing the limitations of
traditional charts in the discrimination of tectonic settings.

@ Springer

The potential and problems of machine learning in
tectonic setting discrimination

Our findings indicate that under large-scale, high-dimen-
sional geochemical data, the performance of ensemble
learning and artificial neural networks surpasses that of con-
ventional machine learning methods. These advanced mod-
els offer a powerful means for identifying known tectonic
settings or assessing unknown or uncertain ones. The rela-
tionship between geochemical elements and tectonic set-
tings can be inferred by examining the feature importance
analyses provided by RF, XGBoost, and ANN used in this
study. Similarly, machine learning is not limited to classi-
fication tasks but can also be applied to clustering (Jain et
al. 1999; Lavallin and Downs 2021; Ezugwu et al. 2022),
actively learning to identify relevant relationships within
large datasets and thereby validating related findings.

The success of machine learning in geochemistry depends
on both the volume and integrity of the data. Despite the
existence of vast geochemical databases, issues with data
accuracy and completeness persist. Thus, selecting machine
learning strategies for geochemical analysis should be
guided by the specific context and objectives rather than the
allure of novel or intricate methods. Incorporating expert
knowledge into machine learning applications is crucial
for achieving enhanced outcomes in traditional challenges
(Hronsky and Kreuzer 2019).

Transform machine learning models into user-
friendly software

To enhance the versatility of the application, user-friendly
software was created by leveraging three of the best-per-
forming machine learning models. This software is named
GeoTectAl It relies on the NET 7 framework, making
it operable on Linux, MacOS, and Windows platforms
(Fig. 1c). Through this software (Fig. 12), users can quickly
and conveniently obtain classification results of the whole-
rock geochemical element dataset of igneous rocks without
programming and Al-related knowledge. Readers can access
and download all resources from the following GitHub
repository: https://github.com/MaxwellLei/GeoTectAl.
Using the previous research data from the Austral-Cook
Islands (Jackson et al. 2020; Takamasa et al. 2009) as an
example, this application allows for the input of data from
single or batch samples, including information on nine
major elements and fourteen trace elements in whole-rock
geochemistry. As shown in Fig. 12, the software has loaded
whole-rock data samples of igneous rocks from the Austral-
Cook Islands study area. You can select different pre-trained
machine learning models from the dropdown menu, using
the Random Forest model as an example. After clicking
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Fig. 11 SHAP summary plots for XGBoost, RF, and ANN across different tectonic settings
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Home

Fig. 12 Schematic diagram of the user-friendly software interface

“Predict,” the prediction results will be displayed at the bot-
tom, and the mapping results will be visible on the right
side. In this application example, 31 out of 32 samples were
identified as OI type. You can also obtain results through
single-sample predictions and view the probability values
of the predictions. For instance, sample number RTG301-1
has a significantly higher probability of being classified as
Ol type compared to other probabilities. Therefore, it can be
preliminarily determined that these samples belong to the
OlI tectonic setting.

Conclusions

1. This study employed six distinct machine learning
methodologies—DT, KNN, SVM, RF, XGBoost, and
ANN—to discern tectonic settings based on whole-rock
geochemistry of magmatic rocks from eight different
tectonic settings. Among these, RF, XGBoost, and ANN
demonstrated superior performance, achieving approxi-
mately 87% in average accuracy and recall rates.

2. XGBoost and RF algorithms have identified SiO,, TiO,,
Al,O5, CaO, and P,0s as the most crucial features,
whereas ANN emphasizes SiO,, TiO,, Al,O;, CaO,
and Nd, focusing more on trace elements in specific
tectonic settings. The integrated use of a more compre-
hensive array of geochemical elements may be crucial

@ Springer
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for surpassing the limitations of traditional charts in the
discrimination of tectonic settings.

3. Leveraging the three most effective models, a cross-
platform, user-friendly visual software was developed
to offer a tool for discriminating tectonic settings.

4. Machine learning is an efficient tool in geochemi-
cal research, particularly valuable for analyzing high-
dimensional and large geochemical datasets. Through
the outcomes of machine learning models, it is possible
to identify differences and relationships between tec-
tonic settings retrospectively.
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