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Abstract 

The growing integration of artificial intelligence into mineral exploration has created new 
opportunities for improving target selection and decision-making in geologically complex regions. 
This study presents an integrated multiple machine learning framework designed to address the 
assessment of exploration data quality. The analysis was conducted using an extensive geophysical 
and geochemical dataset comprising 221 exploration sites distributed across the Brazilian Shield. Six 
widely adopted algorithms were comparatively evaluated, including Random Forest, XGBoost, 
AdaBoost, Decision Trees, K-Nearest Neighbors, and Logistic Regression. The results demonstrate 
that Random Forest achieved the highest accuracy in data quality classification (accuracy = 0.82, AUC 
= 0.85). Cross-validation confirmed model robustness (5-fold CV R² = 0.80 ± 0.02; accuracy = 0.82 ± 
0.02). Feature importance and explainability analyses revealed that magnetic anomaly intensity, 
copper concentration, and alteration-related indices are the most influential predictors, reinforcing 
both the geological plausibility and the computational reliability of the models. This proposed 
methodology offers practical support for mineral exploration strategies across the Brazilian Shield 
and provides a scalable framework for future applications involving critical mineral systems. 

Keywords: machine learning; critical minerals; Brazilian Shield; Tocantins Province; data quality; 
model construction; computational geoscience 
 

1. Introduction 

The global transition toward low-carbon energy systems has substantially increased the demand 
for critical minerals such as nickel, cobalt, lithium, copper, and rare earth elements [1]. This scenario 
has intensified the need for more efficient mineral exploration strategies capable of reducing 
uncertainty and optimizing investment decisions [2]. In this context, artificial intelligence and 
machine learning have become increasingly relevant as advanced analytical tools for processing the 
large volumes of geological, geochemical, geophysical, and remotely sensed data generated by 
modern exploration campaigns [3–6]. 

Exploration datasets are inherently complex. They typically combine variables derived from 
different acquisition techniques, spatial resolutions, and temporal frameworks, resulting in highly 
heterogeneous and multidimensional data structures [7]. In addition, the relationships between 
predictor variables and mineralization processes are rarely linear, which limits the performance of 
conventional statistical methods [8]. Machine learning methods offer an important advantage in this 
setting because they can capture complex non-linear interactions and hidden patterns that are 
difficult to identify through traditional interpretation alone [9]. 

Despite the rapid expansion of machine learning applications in geoscience, two major 
limitations remain. First, most predictive studies focus exclusively on prospectivity mapping or 
economic scoring without explicitly incorporating the reliability of the input data [10]. Second, 
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exploration datasets often include inconsistencies related to sampling density, analytical procedures, 
acquisition standards, and legacy databases. [11]. Therefore, predictive models may learn noise and 
methodological artifacts rather than genuine geological controls, which can lead to biased results and 
overconfident predictions [12,13]. 

Previous studies have demonstrated the applicability of approaches such as logistic regression, 
support vector machines, random forests, neural networks, and evidence-based models for mineral 
prospectivity mapping [14]. More recently, multiple learning techniques have received considerable 
attention due to their ability to reduce overfitting, improve generalization, and model highly non-
linear relationships [15]. However, these applications generally treat data quality as a preliminary 
filtering step rather than an explicit prediction target [16]. 

A more robust strategy is to incorporate data reliability directly into the learning framework. By 
simultaneously estimating data confidence and economic potential, the predictive workflow becomes 
more informative and better aligned with real exploration decision-making, where both opportunity 
and uncertainty must be considered. This dual-task perspective remains relatively underexplored in 
applied mineral exploration studies [18,19]. The Brazilian Shield provides an ideal natural laboratory 
for evaluating such an approach. As one of the largest Precambrian cratonic provinces in the world, 
it contains a wide diversity of lithological domains, tectonic histories, and mineralization styles [20]. 
Its geological complexity, combined with the availability of large public geoscientific databases, offers 
a robust environment for testing advanced machine learning frameworks [21]. 

In the exploration of complex datasets, use of multiple machine learning models may allow for 
reducing uncertainty and optimizing investment decisions across the Brazilian Shield. However, 
given the novelty of the method and the challenges in implementation, there are few studies on 
geological and geophysical predictors using explainable machine learning techniques. To conclude, 
this study selects multiple machine learning algorithms to develop an integrated predictive workflow 
to evaluate data quality, then compares the performance of multiple, and baseline models under 
identical validation conditions. 

2. Geological Setting and Data-Driven Machine Learning Models 
2.1. Geological Setting 

The Brazilian Shield represents one of the most significant mineral provinces in the world [22]. 
It hosts major resources of critical minerals essential to contemporary industrial and energy systems. 
The Shield is predominantly composed of Archean and Proterozoic lithologies. Its long and complex 
tectonic evolution has resulted in a diverse range of mineral systems, including those hosting nickel, 
copper, cobalt, lithium, rare earth elements, and platinum group elements, which are essential for 
modern energy technologies. It is subdivided into several major geological provinces, each 
characterized by distinct tectonothermal histories and mineralization styles [23,24]. The regional 
geological framework of the Brazilian Shield and the spatial distribution of exploration sites 
considered in this study are shown in Figure 1. 

The São Francisco Craton includes the oldest rocks known in South America Shield. It is 
bounded by three composites, principally Neoproterozoic, orogenic belts, the Borborema Province to 
the north, the Tocantins Province to the west and southwest, and the Mantiqueira Province to the 
southeast. This geological heterogeneity exerts first-order control on the spatial distribution and 
geochemical signatures of critical mineral occurrences across the Shield [25]. Among these, the Serra 
Verde rare earth element deposit [26] in Tocantins Province, previously the Pela Ema tin mining 
centre, is located ~30 km West-Northwest (WNW) of the city of Minaçu, ~375 km North-Northeast 
(NNE) of Goiânia, the state capital, and 275 km North-Northwest (NNW) of Brasilia, in the north of 
Goiás State, Brazil (Location: 13° 29ʹ 46ʺS, 48° 30ʹ 42ʺW). 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 26 May 2026 doi:10.20944/preprints202605.1748.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202605.1748.v1
http://creativecommons.org/licenses/by/4.0/


 3 of 12 

 

 
Figure 1. Geographical location of the study region. (a) Simplified geological map of the Brazilian Shield showing 
major provinces and its spatial distribution. Brazilian geological provinces: Transamazonas Province, Carajás 
Province, Amazonas Central Province, Tapajós-Parima Province, Rondônia-Juruena Province, Rio Negro 
Province, Sunsás Province, São Francisco Shield, Borborema Province, Tocantins Province, Mantiqueira 
Province, Amazonas Basin, Parnaíba Basin, Parecis Basin and Paraná Basin. (b) Spatial distribution of 
exploration sites (n=221). 

2.2. Data-Driven Machine Learning Models 

This study used multi-source dataset across the Brazilian Shield and integrates geological, 
geophysical, and geochemical attributes derived from publicly available surveys and exploration 
records (the Geological Survey of Brazil (GSB) at https://www.sgb.gov.br/) shown in Table 1. By 
encompassing a broad range of tectonic environments and mineral system types, the study region 
provides a robust testbed for evaluating machine learning-based predictive models in a real-world 
mineral exploration context [27]. This geological diversity is particularly well suited for data-driven 
approaches, as it enables models to learn complex, non-linear relationships between geological 
features and mineralization potential across varying spatial scales [28]. 

Table 1. Summary statistics of key geophysical, geochemical, and structural variables across the exploration 
dataset (n = 221), including mean, standard deviation, quartiles, and range. 

Variable Min Mean Max Std Dev 25% Quartile 75% Quartile 
Geophysical Variables             
Magnetic Anomaly (nT) 186762.2 52191.4 89467.7 12433.6 42577.8 61745.3 
Gravity Anomaly (mGal) -67.1 -23.1 22.7 15.5 -34.8 -11.4 
EM Conductivity (S/m) 0.10 1.34 4.01 0.72 0.79 1.88 
Cu 2.1 422.7 2144.7 317.3 186.5 586.1 
Ni 1.2 84.2 455.7 70.3 33.8 122.5 
Co 0.4 12.4 47.1 8.6 5.1 16.7 
Li 0.6 16.1 87.1 13.7 6.7 23.4 
Rare Earth Elements (REE) 3.0 45.2 185.3 31.8 22.7 63.7 
Structural Variables             
Fault Distance (km) 0.1 4.1 22.5 3.6 1.4 6.2 
Lineament Density (km/km²) 0.02 0.41 1.44 0.32 0.17 0.61 
Fracture Intensity 0.01 0.35 1.25 0.23 0.14 0.55 
Economic Potential Score 10.2 65.4 94.7 16.3 52.8 80.1 

Given the heterogeneous nature of exploration data, a rigorous preprocessing workflow was 
applied prior to model training. Datasets compiled from heterogeneous sources commonly exhibit 
missing values, inconsistent scales, and mixed variable types, all of which can adversely affect 
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machine learning model performance. To address these challenges, a structured preprocessing 
pipeline was implemented to ensure computational consistency and geological coherence across the 
dataset [29]. 

Missing values, corresponding to approximately 5% of the total dataset, were imputed using a 
K-nearest neighbors (KNN) imputation approach (k = 5), applied within each geological province to 
preserve regional geological coherence and maintains local geological context procedure reduces 
distortions that could arise from global imputation strategies [30]. Categorical variables, including 
lithology, geological formation, and tectonic province, were transformed using one-hot encoding, 
increasing the dimensionality of the feature space from 35 to 70 variables. Continuous predictors 
were standardized using z-score normalization, ensuring compatibility across algorithms, especially 
distance-sensitive models such as KNN [31]. 

Additional feature engineering was performed to improve the geological relevance of the 
predictors. Derived variables included: geochemical ratios (e.g., Cu/Ni and K/Th); alteration indices 
based on spectral proxies; distance to structural discontinuities; fault intersection density; and 
lithological contact proximity [32]. These variables were selected based on established mineral 
exploration criteria and geological controls commonly associated with critical mineral systems. 

3. Methodology 
3.1. Multiple Machine Learning Models, Training and Implementation Details 

The method used in this study is described in a previous work [6], and is applied to six machine 
learning algorithms, which were selected to represent a spectrum of multiple and baseline modeling 
approaches commonly applied in computational geoscience [33]. The selection enables comparative 
evaluation of model complexity, predictive performance, and interpretability. 

Random Forest (RF) models were implemented as bagging-based ensembles of decision trees 
with randomized feature selection, providing robustness against overfitting and strong performance 
on non-linear datasets [34]. XGBoost (XGB) was employed as a gradient boosting framework with 
regularization to enhance generalization in high-dimensional feature spaces. AdaBoost (AB) was 
included as an adaptive boosting method emphasizing sequential error correction using weak 
learners [35]. Decision Trees (DT) served as interpretable baseline models, while K-Nearest 
Neighbors (KNN) provided a non-parametric comparison sensitive to local data structure. Logistic 
Regression (LR) was applied as a linear baseline classifier to benchmark ensemble performance 
against traditional statistical methods [30,36]. Hyperparameter tuning was performed through grid 
search combined with five-fold cross-validation, ensuring a fair comparison among all models. 
Random Forest and XGBoost were chosen as the primary ensemble models due to their strong ability 
to capture complex non-linear relationships and handle high-dimensional datasets [37]. 

The proposed modeling framework was structured to address two interdependent objectives 
within a unified workflow: (i) the classification of exploration data quality into discrete ordinal 
categories (Excellent, Good, Fair, and Poor), and (ii) the prediction of economic mineral potential as 
a continuous variable. To ensure representativeness across different geological domains, the dataset 
was divided into training (80%) and testing (20%) subsets using stratified sampling based on 
geological provinces. This approach minimizes spatial bias and improves model generalization [37]. 

Model training and hyperparameter optimization were conducted using five-fold cross-
validation on the training set. Regression performance was evaluated using R², adjusted R², root mean 
square error (RMSE), and mean absolute error (MAE), while classification performance was assessed 
using overall accuracy, macro-averaged precision, recall, F1-score, and area under the receiver 
operating characteristic curve (AUC-ROC). Regression-based estimation of economic potential scores 
on a continuous scale from 0 to 100. By structuring the workflow in this manner, the framework 
enables simultaneous evaluation of predictive performance and data reliability, thereby embedding 
uncertainty quantification directly into the modeling process [38]. 
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3.2. Model Interpretability 

To ensure that model output remains consistent with geological reasoning, multiple 
interpretability techniques were applied. Feature importance was extracted from tree-based models 
using impurity-based metrics, while coefficient-based interpretation was used for linear models. In 
addition, partial dependence analysis was employed to explore non-linear relationships between key 
predictors and model outputs. SHAP (SHapley Additive exPlanations) values were also calculated 
to quantify the contribution of individual features at both global and local levels. This approach 
allows for a more transparent interpretation of model behavior and facilitates the comparison 
between data-driven results and established geological knowledge [8]. 

All analyses were implemented in Python using widely adopted scientific computing libraries, 
including scikit-learn, XGBoost, pandas, and NumPy. Visualization and diagnostic procedures were 
conducted using matplotlib and seaborn [35]. To ensure reproducibility, all preprocessing steps, 
model configurations, and training procedures were systematically documented and version 
controlled. The computational workflow was designed to be easily transferable to other exploration 
datasets. 

4. Results 

The comparative analysis shown in Table 2 reveals clear differences in performance among the 
evaluated machine learning models across both regression and classification tasks. Ensemble-based 
approaches consistently outperform simpler baseline models, confirming their effectiveness in 
handling high-dimensional and non-linear geoscientific data. Among all tested methods, XGBoost 
and Random Forest demonstrate the most robust and stable behavior. Forest demonstrate the 
strongest and most stable performance, while simpler models such as Decision Trees, K-Nearest 
Neighbors, and Logistic Regression provide useful but comparatively limited predictive capability. 
According to the analysis results, the evaluated machine learning models exhibit distinct 
performance profiles across the dual tasks of economic potential prediction and exploration data 
quality assessment. This performance hierarchy remains consistent across both cross-validation and 
independent test datasets, suggesting that the observed results reflect intrinsic algorithmic 
capabilities rather than artifacts of data partitioning. 

Table 2. Comparative performance metrics for all machine learning models across regression (economic 
potential prediction) and classification (data quality assessment) tasks on the test dataset. 

Model Task R²/Accuracy Adj R²/Precision RMSE/Recall MAE/F1 CV Mean CV Std AUC-ROC 
Linear Regression Regression 0.21 0.08 8.80 6.91 0.27 0.03 - 
KNN Regression 0.09 -0.04 9.40 7.44 0.22 0.04 - 
Decision Tree Regression 0.42 0.39 7.20 5.62 0.48 0.04 - 
AdaBoost Regression 0.58 0.56 6.81 5.31 0.64 0.04 - 
Random Forest Regression 0.64 0.63 6.10 4.77 0.72 0.04 - 
XGBoost Regression 0.76 0.77 5.50 4.30 0.82 0.03 - 
KNN Classification 0.66 0.66 0.66 0.66 0.665 0.02 0.72 
Logistic Regression Classification 0.72 0.70 0.70 0.71 0.70 0.03 0.75 
Decision Tree Classification 0.74 0.73 0.73 0.73 0.73 0.03 0.77 
AdaBoost Classification 0.77 0.77 0.76 0.76 0.76 0.02 0.81 
XGBoost Classification 0.80 0.80 0.80 0.78 0.78 0.02 0.85 
Random Forest Classification 0.82 0.82 0.81 0.80 0.80 0.02 0.85 

According to the analysis results shown in Figures 2 and 3 for regression-based estimation of 
economic potential scores, XGBoost achieves the highest predictive accuracy, with an R² value of 0.76 
and RMSE of 5.50. Random Forest produced comparable results, although with slightly lower 
accuracy. These findings indicate that gradient-boosted and bagged tree are particularly effective at 
capturing the complex relationships among geological, geophysical, and geochemical variables that 
control mineralization potential. In contrast, baseline models, including single decision trees and 
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linear regression, exhibit reduced predictive capacity, highlighting the importance of using more 
sophisticated approaches in complex geological settings. Model performance remained relatively 
stable across the Brazilina Shield, although slight reductions in accuracy were observed in areas 
characterized by lower data density or increased geological complexity. This suggests that the models 
generalize well within the bounds of the available feature space, while still reflecting underlying data 
limitations [39]. Magnetic anomalies play a key role in identifying structural and lithological controls, 
while copper concentrations and alteration signatures are well-known indicators of mineralization 
processes [40]. 

 

Figure 2. Observed versus predicted economic potential scores for the best-performing regression models. The 
dashed line represents perfect prediction. 
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Figure 3. Comparison of six model accuracy. (a) R2; (b) RMSE. 

For multiclass classification of exploration data quality, Random Forest achieved the best overall 
performance, reaching an accuracy of 0.82 and an AUC of 0.85 (Figure 4). XGBoost produced similar 
results, reinforcing the reliability of blended approaches for categorical prediction problems. 
Confusion matrix analysis indicates that the models are highly effective at distinguishing between 
high-quality and low-quality datasets. Misclassifications tend to occur primarily between adjacent 
classes, which is expected given the gradual and continuous nature of data quality. This behavior is 
particularly important from an operational perspective, as it minimizes the risk of incorrectly 
assigning high confidence to unreliable data. Intermediate classes exhibit higher classification 
uncertainty, reflecting the inherently continuous nature of data quality. However, multiple models 
successfully capture broad reliability trends, enabling effective pre-assessment of data confidence 
prior to detailed interpretation or additional data acquisition. 

 

Figure 4. (a) confusion matrix and (b) receiver operating characteristic (ROC) curves for data quality 
classification using the Random Forest model. 
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Figure 5. (d) global SHAP feature importance summary showing the relative contribution of key (a) geophysical, 
(b) geological, and (c) geochemical variables to model predictions. 

Feature importance analysis across different models reveals a consistent hierarchy of predictive 
variables. Magnetic anomaly intensity, copper concentration, alteration indices, and structural 
proximity variables emerge as the most influential features in both economic potential prediction and 
data quality classification (prediction tasks). Secondary predictors include lithologically conditioned 
geochemical ratios and radiometric parameters, reflecting the multivariate nature of mineral systems 
(Figure 5). 

SHAP-based explainability analyses confirm these findings and provide additional insight into 
non-linear feature interactions (Figure 5). High magnetic anomalies and elevated copper 
concentrations are positively associated with increased economic potential, while inconsistencies in 
geochemical and geophysical signals are linked to lower data quality classifications. Importantly, 
feature importance rankings remain broadly stable across geological provinces, suggesting 
transferable predictive patterns within Precambrian shield environments. 

5. Discussion 

The superior performance of multiple methods observed in this study can be attributed to their 
ability to represent complex, non-linear interactions characteristic of mineral exploration datasets and 
reduce overfitting through aggregation mechanisms. XGBoost benefits from its gradient boosting 
architecture, which iteratively minimizes prediction errors [34,35]. This makes it especially effective 
for continuous prediction tasks such as economic potential estimation. Random Forest, on the other 
hand, demonstrates greater robustness to data variability and noise, which explains its superior 
performance in data quality classification [7,12]. These differences highlight the importance of 
selecting algorithms according to the specific objectives of the analysis. From a computational 
perspective, these properties are essential for geoscientific applications where predictor variables are 
often correlated, noisy, and unevenly distributed across geological domains. 

The feature of importance hierarchies identified across multiple models exhibit strong 
consistency with established geological understanding of mineral systems in Precambrian shield 
environments [23,27]. Importantly, the models identify these relationships independently of explicit 
geological rules, providing quantitative validation of empirically derived exploration criteria. This 
convergence between data-driven inference and geological reasoning enhances confidence in the 
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interpretability and operational relevance of machine learning outputs, addressing a common 
critique of black-box modeling approaches in geoscience [29]. 

Variations in model performance across geological provinces underscore the dependency of 
machine learning algorithms on training data representativeness [32]. Regions with dense historical 
exploration and well-constrained geological frameworks yield higher predictive accuracy, while 
structurally complex or underexplored terrains present greater challenges. This behavior is consistent 
with the fundamental principle that machine learning models extrapolate from observed patterns 
rather than infer new geological processes [3]. 

Machine learning models are inherently dependent on observed patterns and may struggle in 
regions where data are sparse or poorly constrained [32]. Nevertheless, the relatively stable 
performance observed across Brazilian Shield suggests that multiple models are capable of providing 
useful insights even under imperfect data conditions. However, the persistence of operationally 
useful performance in data-sparse settings suggests that multiple models can support early-stage 
targeting and data quality screening even under imperfect information. Iterative refinement through 
targeted data acquisition, informed by initial model outputs, offers a practical pathway for 
progressively improving model reliability. 

The findings of this study extend beyond the specific case of the Tocantins Province to broader 
applications in computational geoscience. The dual-task framework provides a template for 
integrating predictive modeling and uncertainty characterization in other subsurface exploration 
contexts, including energy resources, groundwater assessment, and environmental monitoring. From 
an exploration strategy perspective, the ability to jointly evaluate potential and reliability supports 
more sophisticated portfolio management, enabling prioritization based on both expected reward 
and associated risk. Critically, the framework emphasizes the complementary relationship between 
machine learning and geological expertise. Rather than replacing traditional interpretation, ensemble 
models function as scalable analytical tools that synthesize multivariate data and highlight patterns 
warranting further geological investigation. 

Despite its advantages, model performance remains constrained by the quality, diversity, and 
representativeness of available training data [32]. Unobserved variables and previously unknown 
mineralization processes cannot be captured by the models. Future work may address these 
limitations through the integration of additional data types, including unstructured geological 
information and temporal datasets. The incorporation of adaptive learning strategies and hybrid 
modeling approaches represents a promising direction for further research. 

5. Conclusions 

This study demonstrates that multiple machine learning provides an effective and interpretable 
computational framework for addressing two interrelated challenges in mineral exploration: 
economic potential prediction and exploration data quality assessment. By integrating economic 
potential prediction and data quality assessment within a single framework, the proposed 
methodology advances beyond conventional workflows that treat data reliability as a secondary 
concern. The main conclusions are as follows: 

(1) Comparative evaluation of six machine learning algorithms shows that XGBoost achieves the 
highest predictive accuracy for continuous economic potential estimation, while Random Forest 
provides superior performance and stability for multiclass data quality classification. These 
results highlight the importance of algorithm selection based on task-specific objectives and data 
characteristics rather than reliance on a single modeling approach. Importantly, multiple 
methods consistently outperform baseline models, confirming their suitability for high-
dimensional, heterogeneous geoscientific datasets. 

(2) Model interpretability analyses reveal that key predictors-including magnetic anomaly 
intensity, copper concentration, alteration indices, and structural proximity metrics-dominate 
both prediction and classification tasks. The convergence of these data-driven insights with 
established geological understanding reinforces the credibility of machine learning outputs and 
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supports their integration into exploration decision-making processes. Rather than functioning 
as black-box predictors, the models provide quantitative validation of known exploration 
indicators while enabling scalable analysis across large datasets. The results show that XGBoost 
is the most effective model for continuous prediction tasks, while Random Forest provides 
superior performance in classification problems. Multiple methods consistently outperform 
simpler approaches, confirming their suitability for complex geoscientific applications. 

(3) The application of the framework to the Brazilian Shield illustrates its effectiveness within a 
geologically complex Precambrian environment characterized by diverse mineralization styles 
and variable data quality. Feature importance analyses highlight the relevance of magnetic, 
geochemical, and structural variables, reinforcing the consistency between data-driven results 
and geological interpretation. 

Overall, this work contributes to the advancement of computational geoscience by 
demonstrating how machine learning can be used not only to predict mineral potential, but also to 
quantify the reliability of the data that support those predictions. 
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