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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 pro-
posed 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; data quality; model
construction

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 de-
rived 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
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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 ma-
jor 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, exploration datasets often include inconsistencies related to sampling
density, analytical procedures, acquisition standards, and legacy databases [11]. There-
fore, 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 [5]. More recently, multiple learning techniques
have received considerable attention due to their ability to reduce overfitting, improve general-
ization, and model highly non-linear relationships [14]. However, these applications generally
treat data quality as a preliminary filtering step rather than an explicit prediction target [15,16].

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 stud-
ies [17,18]. 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 [19]. Its
geological complexity, combined with the availability of large public geoscientific databases,
offers a robust environment for testing advanced machine learning frameworks [20].

Mineral Exploration Data Quality in the Brazilian Shield is devoted to the modern
topic of introducing artificial intelligence techniques into the practice of geological and
economic assessment of regions. Like many other ancient shields, the Brazilian Shield
is rich in many valuable mineral components. In this regard, a quantitative assessment
of the overall prospects of the shield territories, especially the poorly studied ones, is
very relevant. However, most existing studies focus on single-task objectives—either
classification of mineralized versus non-mineralized areas or regression-based prospectivity
scoring—while treating data quality as a preprocessing concern rather than an explicit
modelling outcome. This sequential treatment overlooks the opportunity to integrate
uncertainty characterization directly into the predictive workflow.

The specific contributions of this work are to: (i) introduce a dual-task machine learn-
ing workflow that integrates economic potential estimation and data quality classification
within a unified computational framework; (ii) quantitatively compare ensemble and base-
line algorithms under consistent training and validation conditions; and (iii) identify and
interpret key geological and geophysical predictors using explainable machine learning
techniques. Ensemble algorithms are especially well suited to this challenge, as they pro-
vide flexible model architectures capable of handling mixed data types, imbalanced class
distributions, and complex feature interactions while supporting interpretability through
feature importance and explainability techniques [6,12].

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 [21]. It hosts major resources of critical minerals essential to contemporary industrial
and energy systems. The Shield is predominantly composed of Archean and Proterozoic
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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 ele-
ments, 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 [22,23]. The regional geological frame-
work of the Brazilian Shield and the spatial distribution of exploration sites considered in
this study are shown in Figure 1.

Figure 1. Geographical location of the study region. (a) Simplified geological map of the Brazil-
ian 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 (number = 221).

The Brazilian Shield is subdivided into major geotectonic provinces comprising ancient
cratons (stable cores) and mobile (orogenic) belts. Key provinces include the São Francisco
(a large, ancient craton) and the Tocantins Province (a Neoproterozoic orogenic system).
The Paraná, however, is primarily a vast Phanerozoic sedimentary basin. The dataset com-
piled from different sources divides this study into three major tectonic settings: cratons
(ancient stable continental blocks), mobile belts/orogenic provinces (deformed zones), and
Phanerozoic sedimentary basins. They apply first-order control on the spatial distribution
and geochemical signatures of critical mineral occurrences across the Shield [24]. The Brazil-
ian Institute of Geography and Statistics (IBGE) further refined these subdivisions into
97 mapped structural sub-provinces, utilizing geophysical and satellite data to establish
spatial frameworks. Among these, the Serra da Mesa Granitic Massif lies within the Goiás
Tin Province, a region divided into four subprovinces that host tin-related granitic intru-
sions and associated rare earth element (REE) mineralization [7]. This province includes
around twenty granitic plutons and pegmatite dikes formed between the Paleoproterozoic
and Neoproterozoic eras.

The compiled datasets in this study are augmented by succinct reviews of the current
knowledge of stratigraphy, metamorphism, hydrothermal alteration, mineralization and
hydrothermal fluids, and geochronology. According to Figure 1, the triangles represent
crustal thickness values obtained through the receiver function, the asterisks obtained
through seismic, and the circles obtained through gravimetry. Readers can find information
on the Brazilian structural provinces in [23–25].
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2.2. Data-Driven Machine Learning Models

This study used multi-source dataset across the Brazilian Shield and integrates geo-
logical, geophysical, and geochemical attributes derived from publicly available surveys
and exploration records (the Geological Survey of Brazil (GSB) at https://www.sgb.gov.br/
(accessed on 20 October 2025) 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 [26]. 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 [27,28].

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

Variable Min Mean Max Std Dev 25% Quartile 75% Quartile
Geophysical Variables

Magnetic Anomaly (nT) 18,676.2 52,191.4 89,467.7 12,433.6 42,577.8 61,745.3
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 (ppm) 2.1 422.7 2144.7 317.3 186.5 586.1
Ni (ppm) 1.2 84.2 455.7 70.3 33.8 122.5
Co (ppm) 0.4 12.4 47.1 8.6 5.1 16.7
Li (ppm) 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

To support mineral prospectivity studies across several Brazilian Shield provinces,
the GSB developed a set of categorical classifications based on expert interpretation of
geological datasets, technical reports, and exploration knowledge. These classifications
were assigned through a human-annotated criteria involving specialists from different
institutions. In addition, issues related to class imbalance and uncertainties in the labeling
process were considered during the development and training of the predictive models [6].

The economic potential scores presented in Table 1 are employed by both SGB and
the mining industry to prioritize exploration targets according to their expected economic
attractiveness. These scores are derived from resource databases, technical assessments,
and economic reports. For each mineral deposit, information is compiled regarding:
(1) the mineral resource base and its potential utilization; (2) geological characteristics
of the deposit; (3) qualitative attributes of mineralization; and (4) mining and extraction
conditions. Economic ratings are also assigned to prospective areas containing rare earth
element (REE) mineralization based on documented tonnage and grade information from
known deposits. Within the Serra da Mesa Granitic Massif, the principal REE-bearing
minerals include allanite, bastnäsite, fluorocarbonate-group minerals, zircon, xenotime,
and fergusonite. This subprovince, located in the Goiás Tin Province [7], hosts one of the
largest recognized ionic clay-related REE deposits worldwide. In many mineral exploration
workflows, economic indicators are commonly estimated using methods such as Weights of
Evidence (WoE) or Fuzzy Logic, which integrate favorable geological factors with economic
criteria to assess prospectivity.
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A complete inventory of the variables used in this study was organized into a ge-
ological relationship database developed in Microsoft Excel. This database documents
all considered deposit types, including their definitions, derivation procedures, selection
criteria, associated GIS processing methods, and generated variables. Upon acceptance of
the paper, the complete feature inventory is available for consultation and download at:
https://lapismet.com.br/dados/ (accessed on 18 June 2026).

Given the heterogeneous nature of exploration data, a rigorous preprocessing work-
flow 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 machine learning model performance. To address these chal-
lenges, a structured preprocessing pipeline was implemented to ensure computational
consistency and geological coherence across the dataset as shown in Figure 2.

Figure 2. Schematic overview of the integrated machine learning workflow illustrating data prepro-
cessing, feature engineering, dual-task model training (regression and classification), performance
evaluation, and interpretability analysis.

Feature engineering incorporated domain-informed transformations to enhance model
sensitivity to mineralization controls. These included geochemical ratios (e.g., Cu/Ni,
K/Th) commonly used as mineralization vectors, alteration indices derived from spectral
proxies, and spatial derivatives such as distance to major lithological contacts and fault
intersection density computed using GIS-based spatial analysis. This strategy avoids bias
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introduced by global imputation and maintains local geological context. In this study,
categorical variables such as mineralization zones and depositional lithofacies, including
geological formation, lithology, and tectonic province, were encoded using an encoder–
decoder architecture processes to address the complexity of spatial–geological variables
(Table 1). These variables were selected based on established mineral exploration criteria
and geological controls commonly associated with critical mineral systems. This concept
had already been employed in other countries such as Canada and Australia, taking
into consideration that structural provinces present their own magmatic, metamorphic,
stratigraphic and tectonic features [26].

Following standard approaches in supervised machine learning [6], the model gener-
alization capabilities were evaluated using cross-validation (Figure 2). The model receives
spatial–geological data as input and relies on human annotated labels. Moreover, missing
values, representing approximately 5% of the dataset, were imputed using a k-nearest
neighbors (KNN) approach (k = 5), applied within geological provinces to preserve spatial–
geological relationships. This strategy avoids bias introduced by global imputation and
maintains local geological context [29]. Categorical variables, including geological forma-
tion, lithology, and tectonic province, were encoded using one-hot encoding, expanding
the original feature space from a set of spatial-geological variables. Continuous numer-
ical features were standardized using z-score normalization to mitigate scale sensitivity,
particularly for distance-based algorithms such as KNN [30,31].

3. Methodology
3.1. Data Preprocessing, Feature Engineering and Machine Learning Algorithms

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 [26].
The selection enables comparative evaluation of model complexity, predictive performance,
and interpretability.

Because each site is exposed to different subsets of both data and features, the individ-
ual sites make different errors. By averaging them, these uncorrelated errors cancel each
other out, drastically reducing the overall variance of the model [32]. In this study, each new
site is designed to correct the residual errors (the mistakes) made by the sequence of sites
that came before it is systematically aggregated using 221 exploration sites characterized
by a set of geological, geochemical, and geophysical attributes (Table 1).

Compatible with spatial-geological data setting and evaluating an ensemble machine
learning framework, the following three strategies were considered: (1) Robust regulariza-
tion through an augmentation; (2) Sample selection; and (3) Loss adjustment. Regulariza-
tion improves the model’s generalization capability without reducing its representational
capacity. The strength of the modulating factor of the focal loss was controlled by the
hyperparameter γ. Higher γ values can translate to higher weights for the misclassified
hard labels and lower weights for the easy labels. Additionally, label correction was used
to improve regularization by adding similarity structure to one-hot labels, making them
soft, and correcting noisy semantic classes. The discussion of uncertainties can be found
under reference [6,32].

Random Forest (RF) models were implemented as bagging-based ensembles of deci-
sion trees with randomized feature selection, providing robustness against overfitting and
strong performance on non-linear datasets [33]. XGBoost (XGB) was employed as a gradi-
ent 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 [34]. Decision Trees (DT) served as inter-
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pretable 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 [29,35]. 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 [36].

3.2. Dual-Task Learning Framework, Model Training and Reproducibility

The proposed modeling framework was designed to address two complementary
prediction tasks: (1) regression-based estimation of economic potential scores on a con-
tinuous scale from 0 to 100, and (2) multiclass classification of exploration data quality
into four ordinal categories (Excellent, Good, Fair, Poor). This dual-task design allows
predictive performance and data reliability to be evaluated simultaneously, providing a
computational mechanism for integrating uncertainty into exploration decision-making
rather than treating it solely as a preprocessing concern.

Data classification involved labeling data with the features the models need to rec-
ognize in a format that the algorithm understands—Excellent: High resolution, complete
metadata, multi-method validation, and low analytical errors; Good: Minor noise or gaps,
but highly usable for baseline prospectivity mapping; Fair: Significant noise, missing
spatial context, or questionable vintage, requiring heavy preprocessing; and Fair: Missing
or blurred data, masking important underlying features. Dividing data based on class
labels and then randomly sampling these subsets to help eliminate imbalances in data
points. This dual-task approach provides practical guidance for algorithm selection based
on exploration objectives and offers a scalable methodology for applying ensemble learning
to critical mineral exploration in data-rich Precambrian terrains.

Confusion matrices synthesize the accuracy of the classifications into actual quality
on the Y-axis and predict quality on the X-axis, according to the Logistic Regression,
Random Forest, and XGBoost approaches implemented. 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 [36].

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 [37].

All analyses were implemented in Python 3.13 using widely adopted scientific com-
puting libraries, including scikit-learn, XGBoost, pandas, and NumPy. Visualization and
diagnostic procedures were conducted using matplotlib and seaborn [32]. To ensure re-
producibility, 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.
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3.3. Model Interpretability and Explainability

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].

4. Results
4.1. Comparative Performance of Ensemble Algorithms

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, con-
firming 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 demonstrates the strongest and most stable performance, while sim-
pler 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 per-
formance 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 (eco-
nomic 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 0.75 5.50 4.30 0.82 0.03 -
KNN Classification 0.66 0.65 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 0.76 0.76 0.76 0.76 0.02 0.81
XGBoost Classification 0.80 0.79 0.80 0.78 0.78 0.02 0.85

Random Forest Classification 0.82 0.81 0.81 0.80 0.80 0.02 0.85

4.2. Economic Potential Prediction Performance

According to the analysis results shown in Figure 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
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models, including single decision trees and 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 Brazilian
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 [38]. 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 [39].

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

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. Misclas-
sifications 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, as expressed in contrasting colors. A valuable property
of the AUC ROC metric is that the random guessing baseline consistently achieves a score of 0.5
(black-dashed line). This property allows for straightforward interpretation and comparability of
values across different ensemble models, even if there is an imbalance in the data.

4.4. Feature Importance and Model Explainability

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).
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Figure 5. Feature importance summary showing the relative contribution of key (a) geophysical
variables, (b) geological sites, (c) geological predictors, and (d) global SHAP to model predictions.

4.5. Geological Context Dependence of Model Performance

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
5.1. Computational Interpretation of Multiple Model Performance

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 ex-
ploration datasets and reduce overfitting through aggregation mechanisms. XGBoost
benefits from its gradient boosting architecture, which iteratively minimizes prediction
errors [33,34]. 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 algo-
rithms 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
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shield environments [22,26]. Importantly, the models identify these relationships indepen-
dently of explicit geological rules, providing quantitative validation of empirically derived
exploration criteria. This convergence between data-driven inference and geological rea-
soning enhances confidence in the interpretability and operational relevance of machine
learning outputs, addressing a common critique of black-box modeling approaches in
geoscience [28].

Variations in model performance across geological provinces underscore the depen-
dency of machine learning algorithms on training data representativeness [31]. 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 pro-
cesses [3].

5.2. Integration of Prediction and Data Quality Assessment

Machine learning models are inherently dependent on observed patterns and may
struggle in regions where data are sparse or poorly constrained [31]. 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.

Model performance exhibits systematic variation with geological context and data den-
sity. The results demonstrate that explicitly modeling data reliability provides additional
information that can be used to contextualize predictive outputs and manage uncertainty.
High predicted potential derived from high-quality data represents a fundamentally differ-
ent decision scenario than equivalent predictions based on uncertain inputs. By preserving
this distinction, the framework supports probabilistic exploration decision-making rather
than binary target selection. However, even in data-sparse settings, ensemble models
maintain performance levels sufficient to support reconnaissance-scale targeting and data
reliability screening.

Despite its advantages, model performance remains constrained by the quality, di-
versity, and representativeness of available training data [31]. 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, in-
cluding unstructured geological information and temporal datasets. The incorporation
of adaptive learning strategies and hybrid modeling approaches represents a promising
direction for further research.

6. Conclusions
This study demonstrates that multiple machine learning provides an effective and

interpretable computational framework for addressing two interrelated challenges in min-
eral 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,
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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 cred-
ibility of machine learning outputs and supports their integration into exploration
decision-making processes. Rather than functioning as black-box predictors, the mod-
els provide quantitative validation of known exploration indicators while enabling
scalable analysis across large datasets. The results show that XGBoost is the most ef-
fective 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 research contributes to computational geoscience by demonstrating how
ensemble learning can be systematically deployed to integrate prediction, uncertainty
characterization, and interpretability within mineral exploration workflows.
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