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Abstract—Mineral exploration is inherently challenging
because geological formations are complex and geochemical
relationships are often nonlinear and spatially variable. Although
artificial intelligence has recently shown strong potential in
improving mineral potential mapping, many existing approaches
struggle to fully capture spatial relationships within geochemical
data. In this study, an integrated framework that combines Graph
Neural Networks (GNNs), ensemble learning classifiers, and
unsupervised K-means clustering was developed to analyze
geochemical data from Saudi Arabia. The geochemical samples
were modeled as a spatial graph, where each node represents a
sampling location, and the connections between nodes reflect their
geographic proximity. This structure allows the GNN to better
capture spatial relationships within the data, while ensemble
models serve as baseline methods for performance comparison. K-
means clustering was further used to examine spatial patterns and
highlight potential mineralization zones. The proposed approach
achieved strong predictive results, with classification accuracies
reaching 85.08% for lithium and 90.62% for tungsten, alongside
comparable performance for other elements. Overall, these results
demonstrate the value of incorporating spatially-aware artificial
intelligence techniques to support more accurate mineral
exploration and more informed resource management.
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I.  INTRODUCTION

Minerals are one of the most important natural resources,
helping to pay for and support economic and industrial growth.
Mineral extraction and mining are closely related to progress in
both technology and society. Mining has been going on in the
Arabian Peninsula for more than 900 years BC, which shows
that this is a long-standing activity [1].

Modern society depends on the extraction of mineral
resources, which yield several valuable resources for the
environment, energy, agriculture, and economics. A policy that
encourages sustainable production methods is required, even
though it is crucial to make sure that these resources are used
responsibly [2]. Evaluating the extraction process's effects on

the environment and the possibility of long-term environmental
economics are key components of sustainable resource
extraction.

KSA is renowned for having significant mineral resources,
which mightimprove the economy by effectively managing and
extracting rare minerals like tungsten, Li, and Rb. However,
because of the extent of the country's terrain, it has historically
been difficult to explore for and identify these valuable minerals
[3]. Traditional methods of mineral identification require
considerable time and energy, as well as the use of expensive
and specialized equipment, to get the necessary data to ensure
the accuracy of identification.

Geochemical surveys produce a significant amount of
coherentand frequently machine-readabledata. This data serves
as a fundamental input for various downstream applications,
including mapping, resource modeling, environmental
monitoring, and assessing Mineral prospectivity [4]. Generation
of geochemical examination data begins with examination
design, which aims to ensure data coverage against promising
areas, if any, but also depends on the setting and extent of the
survey, and creates a spatial distribution of locations to be tested
to maximize the probability of geological information gathering

[5].

Traditional methods require significant time, power, and
resources to identify minerals and sometimes require expensive,
specialized equipment to achieve accuracy based on the type of
mineral involved. However, early experiments have
demonstrated the need for Al to contribute to mineral
identification and extraction [6]. In mining and mineral
exploration, Al techniques have recently produced encouraging
outcomes|[7]. Therefore, itis essential for mineral identification,
exploration, separation, and the protection of objects in
archeology by using Al [8]. Early experiments demonstrated
Al's potential to contribute to intelligent minerals identification,
though widespread adoption was initially limited due to
computational constraints and the scarcity of labeled
geochemical datasets [9].
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This study focuses on applying Al models to predict the
existence of rare minerals in different regions of Saudi Arabia
by using the geochemical data collected from the SGC based on
the concentration rates in rocks along specified latitudes and
longitudes. After calculating the threshold and determining the
element concentration label, the presence of the elements was
predicted, with nodes identifying the geographical locations
using GNN.

The main motivations behind this study are the pressingneed
for more efficient and scalable mineral exploration methods in
KSA, given the country's Vision 2030 goals. The lack of
spatially-aware Al frameworks applied to the diverse rare
mineral deposits across the Arabian geological terrain. The
opportunity to demonstrate that graph-based deep learning can
outperform traditional tabular classifiers when spatial
relationships are key. The principal contributions are:

1) A graph-based geochemical representation modeling
sampling sites as nodes and geographic proximity as edges.

2) A comparative framework benchmarking GNNs against
ensemble methods across eight mineral elements.

3) Integration of K-means clustering to identify mineral-
rich zones without labeled data; and (d) the first multi-mineral,
multi-region Al study on SGS geochemical data in Saudi
Arabia.

Furthermore, the predictions were conducted based on
region labeling, with data provided for ten different regions in
the Kingdom, including Aban Al Ahmar, Nuqrah, Afif, etc.,
allowing for an effective evaluation of geographical mineral
distribution patterns and resource optimization.

The proposed framework lies in three aspects: First, unlike
existing studies that apply GNNs or ensemble methods
independently, this work combines them in a unified pipeline
where GNNs capture spatial dependencies between geochemical
sampling locations, and ensemble models provide robust
classification baselines for comparison. Second, the spatial
graph construction, where nodes represent sampling locations
and edges encode geographic proximity, is specifically tailored
to geochemical data in Saudi Arabia, a domain largely
unexplored using graph-based learning. Third, the simultaneous
prediction of ten strategic minerals (Li, Rb, Cs, Be, Ta, Nb, Sn,
W) across ten distinct regions within KSA represents a broader
scope than prior studies, which typically focused on a single
mineral type or non-Arabian geological contexts.

The remaining section of this study is divided into five:
Section II is the literature review. Section III discusses the
methodology. Section IV presents the outcomes and findings.
Section V presents the discussion. Section VIcovers concluding
remarks.

II. LITERATURE REVIEW

Recent advances in Al have significantly transformed
mineral prospectivity mapping by enabling data-driven
modeling of complex geochemical and geological relationships.
Traditional machine learing approaches, including RF, SVM,
and boosting-basedmodels, have been widely adopted to predict
mineral occurrences and delineate prospective zones from
multivariate geochemical datasets [4]. These models have
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demonstrated improved prediction accuracy compared to
conventional knowledge-driven and statistical methods,
particularly when appliedto large-scaleregionalsurveys [8],[9].
For instance, A. Zeb et al. utilized multivariate time series data
collected over 236 days from a real gold processing plant,
augmented with simulated data, at 5-minute intervals [10]. The
data was acquired through the process instrumentation and
control system and a digital twin platform. The modeling
workflow followed the cross-industry standard process for the
data miningapproach, with the Spearman correlation coefficient
to assess the association between features. LSTM, GRU, and
CNN architectures were used. CNN recorded 36% for the
average error of RMSE, 45% for MAE, and 35% for MAPE.

Furthermore, another study used satellite sensing data for
predictive minerals suchas copper (Cu) in Pakistan's northern
region [11]. Their approaches involved geospatial data from
various geoscience data sources and applied CNN, RF, and
SVM models. The models were trained using 22 known Cu
depositsas positive samples and an equal number of non-deposit
locations selected based on point pattern analysis. The CNN
model recorded high accuracy in predicting the Cu deposits,
while the RF was deemed the best result for exploration,
reaching an AUC greater than 0.95.

D.Huetal[12],applied therandom forest model for mineral
resource prediction based on geological data. This approach can
indeed be applied to forecast the presence of rare minerals in
regions like Saudi Arabia. The data was analyzed by upgrading
five mineral models using the random forest algorithm,
achieving a model accuracy of up to 95.8%. The study
emphasizes the higher prediction accuracy and shorter
prediction time of the random forest model. In addition, T. Sun
etal, [13] was conducted in southern Jiangxi Province, China, a
major global tungsten production hub with extensive geological
data,renderingitideal for training prospectivity models. It used
118 known W occurrences and eight evidential layers that came
from different sources of geoscience information about W
mineralization. They employed a grid search to identify the
optimal parameter configurations for the ML models,
subsequently evaluatingthemusing 10-fold cross-validation. To
mitigate the effects of false negatives, three datasets of non-
occurrence were created. The CNN model exhibited the highest
classification performance, achieving an accuracy of 92.38%.

The study [14] applied mobile computer learning and
geological semantic models to predict mineralization prospects,
which can be applied to existing geological data in a four-
element combination to forecast rare minerals. A collection of
geological attributes and a collection of examples, which are
represented by GDO, GDR, GDP, and GDI. The data was
analyzed by constructing a geological semantic model, utilizing
a semantic knowledge library for associative search, and
applying the random forest algorithm to predict mineralization
prospects. The geological semantic model constructed achieved
an accuracy rate of 87.9% and a recall rate of 96.5%.

S. E. Zhang et al., [15] applied ML to multivariate
geochemical data from different regions in the Churchill
province of Canada. ML was used to predict modern and higher-
dimensional multi-elemental concentrations using existing
legacy data, thereby reducing the latency for downstream
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applications like prospectivity mapping. The study
demonstrated the feasibility of using ML to predict elemental
concentrations in areas of geochemical data.

H.-X. Liu et al., [16] used a small set of sintering data from
more than a dozen W(Mo)alloys, including both solid and liquid
phase sintering. This study used simple descriptors and machine
learning methods like Lasso regression, k-NN, random forest,
and MLP to guess the density of the sintered material. The MLP
achieved predictions(R>0.950),and the difference between the
predicted and experimental values was less than 0.063, which
indicates that the model is useful.

L. Dingetal, [17] proposed an Al model named Geo-Meta
to predict multiple geological samples. Geo-Metaapplied fusion
features and computed prototypes in the metric space, which
incorporated a semi-supervised model based on label
propagation and quantified the similarity between sample
features. Their model achieved an AUC of 98% without data
augmentation and an accuracy of 93% for ore deposits within
only 7% of the study area. The results provided valuable
technical support for decision-making in target area exploration.
But the limitation was in the imbalanced sample size of the
study, 351 of which were positive and 10,472 of which were
negative.

C. Li etal., [18] designed a multi-scale CNN-Transformer
model for minerals mapping in the region of the Southemn
Xing'an. The data collection included 14 geochemical elements,
stratigraphy, rock bodies, geological structures, and
aeromagnetic data. While Transformers were capturing global
relationships and long-range dependencies, they combined a
multi-scale CNN-Transformer with a CNN to extract local
features. Their model's mineral prospectivity mapping accuracy
was 0.92%.

R. Tanetal, [19] proposed an ML model to classify mineral
deposits using sphalerite chemistry and associated mineral
assemblages. The model utilizes sphalerite trace-element
chemistry (12 elements) and associated minerals assemblages
(15 minerals)collected from 3159 sphaleriteanalysesacross 109
ore deposits worldwide. Mineral assemblage data are
parameterized as binary (0 for absence, 1 for presence). The
study employs a composite ML model consisting of two sub-
models: Random Forest (RF) for trace-element data and Extra
Random Trees (ERT) for minerals assemblage data, and the
SHAP method for feature importance. The composite model
achieved a high accuracy of 85+ 1.4% and an AUC 0f0.93 +
0.01.M. Radulescuetal., [20] demonstrated the application of
quantized deep learning, specifically using the popular
EfficientDet architecture, in the context of mineral identification
during mining. The authors propose a post-training quantization
method for the EfficientDet model that reduces its size and
complexity while maintaining performance. Using a custom
minerals dataset, the quantization was tested using 8-bit
symmetric quantization, and the effectiveness of the model was
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assessed by contrasting the quantized version with the original
floating-point model. On the given dataset, the pre-trained
EfficientDet model showed a precision of 0.78 and a recall of
0.65. The quantized model, on the other hand, demonstrated a
notable improvement, attaining 0.80 recall and 0.88 accuracy.
The accuracy of the suggested model was a remarkable 90.5%.

The use of Al for minerals exploration and geostatistical
modelinghas advancedsignificantly, accordingto an analysis of
earlier research. Many works have used Al and machine
learning to efficiently predict and assess mineral resources
across a variety of datasets and geographical regions. These
studies have explored single-element analysis as well as multi-
element datasets, with some utilizing geospatial imagery for
geological surveys.

According to the analytical review of prior studies, the
majority of them concentrated on a singleraremineral or a small
number of them, using some models, such as CNN, RF, and
SVM, to predict mineral occurrences and classify deposits. In
addition, some studies used geospatial data in geochemical
exploration with imagery to predict multi-element
concentrations or mineralization potential.

However, the gap lies in the limited geographical scope and
mineral diversity in existing studies. In contrast, the current
study addresses rare gaps by analyzingten essential and strategic
minerals across various regions in the KSA. This is one of the
first studies to cover such a broad spectrum of rare minerals,
with a geospatial analysis considering latitude and longitude
coordinates for the different regions in KSA.

III. METHODOLOGY

In the Method section, the dataset from the Saudi Geological
Survey (SGS) includesdetailed geochemical information on rare
minerals such as lithium and rubidium. It also contains trace
metal concentrations in collected rock samples. The method
begins with data collection and analysis of rock samples from
ten different regions of Saudi Arabia. The dataset is
preprocessed to normalize values and address nulls or missing
data. It is then split for training and validation, taking into
account factors such as longitude and latitude. ML models,
including Graph Neural Network (GNN), XGBOOST, RF, and
K-Means Cluster, are used to predict mineral presence and
analyzeregional trends. Fig. 1 shows the overview of the steps
and proposal models in predicting the rare mineral
concentrations in KSA. After data preprocessing and threshold-
based labeling, three complementary learning strategies are
applied in parallel. A GNN captures spatial dependencies
through graph-based learning, ensemble models provide robust
tabular classification baselines, and clustering identifies
mineral-rich zones in an unsupervised manner. The combined
outputs support spatial interpretation and decision-making in
mineral exploration. Nodes represent sampling locations, while
elemental concentrations are treated as node features.
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A. Data Description

The dataset was collected from the SGS, which is
responsible for all specialized earth technology paintings inside
the Kingdom of Saudi Arabia [21].

From the simple work on geologic mapping to the conduct
of applied geoscientific studies, especially on minerals and
groundwater explorations, and the development of mineral
sources, along with the provision of investment opportunities
within the fieldof mining. The SGS servesas the primary source
of scientific information in Saudi Arabia, providing technical
reviews, geologic maps, mineral sources, and other relevant
geologic statistics throughout the Kingdom.

The Geological Survey collects data on several minerals in
various regions of the Kingdom of Saudi Arabia, then analyzes
their composition and mineral concentrations within the rocks.
In this study, data on rare minerals such as Lithium (Li),
rubidium (Rb), cesium (Cs), beryllium (Be), tantalum (Ta),
niobium (Nb), tin (Sn), and tungsten (W) were extracted for 10
regions of the Kingdom, as shown in Table I. Each region
contains a set of rock samples with the percentage of each
mineral identified.

TABLE. I. THE ROCK SAMPLES FOR ALL RARE MINERALS ARE IN
SEVERAL REGIONS OF KSA.
Region Number of mineral samples
Aban Al Ahmar 2,428
Nugrah 2,550
Afif 2,451
Wadi Ar Rika 2,546
Al Hissu 2,519
Mahad Adh Dhahab 2,535
Al Muwayh 2,466
Zalim 2,295
Miskah 2,415
Wadi Ash Shubah 2,538
Total 24,743

The overall workflow of the proposed geochemical mineral prediction framework.

B. Dataset Preprocessing

The longitude and latitude of each rock sample were
recorded, along with the percentage and concentration of the
mineral. For example, in a sample from the Aban al-Ahmar
region, lithium (Li) represented 22.9 mg/kg, and Nb represented
5.33 mg/kg. Initially, only the eight rare elements were
extracted, according to the recommendations of the Geoscience
Authority, fromatotal of 64 mineral elements for all 10 regions.
They were combined into a single CSV file with the longitude
and latitude coordinates. All null values are removed. The rest
of the values are normalized by Min-Max scaling.Avoid
combining SI and CGS units, such as current in amperes and
magnetic fieldin oersteds. This oftenleads to confusion because
equations do not balance dimensionally. If you must use mixed
units, clearly state the units for each quantity that you use inan
equation.

1) Definelabel (Targetvariable):Since the dataon mineral
elements has a rate of presence in rock samples, there are no
binary labels. The data needs to define an explicit label as a
target variable label for mineral presence.

The study proposed creating a proxy target based on known
geochemical thresholds indicating the presence/absence of rare
minerals. Define threshold-based labeling that identifies high
concentrations of specific elements as indicators of
mineralization, using the calculation of the arithmetic mean and
standard deviation [22].

Mean represents the concentration of the data across all
samples. The equation calculates the arithmetic mean in Eq. (1):

Mean :%Z’i"zlxi (D

where, xi is the value of the i-th sample, N is the number of
samples.

The Standard Deviation (o) represents the deviation of the
data from the mean, or the spread of the data points around the
mean [see Eq. (2)]:

o= \/%Zliil(xi —w? ()
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where, p is the arithmetic mean and N is the number of
samples. After that, determining the range using the standard

deviation by Eq. (3) is as follows [23]:
Range = u + ko 3)

where, [ is the arithmetic mean, k is the constantrelated to
the confidence level (usually 1, 2, or 3 standard deviations), and
o is the standard deviation.

After determining the range, identify the samples that

Vol. 17, No. 3, 2026

Strong positive correlations between NB and TA with R = 0.96
and RB, Cs, and BE (R = 0.62-0.78) were seen, suggesting
shared geochemical sources. In contrast, W showed weak
correlations. The "region" variables showed a minimum effect
on the distribution of the element, indicating limited spatial
control over the geochemical pattern.

TABLE. III.  SPLITTING THE DATASET 80%-20% FOR TRAINING AND
TESTING SETS FOR EXISTENCE AND NON-EXISTENCE CLASSIFICATION.

ter . 1ge, 10 Rate of | (B0%-20%) | Rateof | (80%-20%)
contain high concentrations, indicating the presence of the Mineral ex;‘s;l‘:ce splitting of non- splitting of non-
element. Ifthe value ofthe sample is greater than the upper limit existence existence existence
of the range, it indicates that a specific element is present, and if Li 3211 2,603 - 608 21,532 17,191 - 4,341
it is less than the lower limit, then the element is absent. Table II Rb 2.956 2367 -589 21,787 17,427 — 4360
shows the threshold value for each element and the threshold- Cs 3.026 2446 380 21717 17348 4369
based labeling for both values, existence =1 and non-existence
=0, after comparing the rate of concentration with the threshold Be 2,153 1,730 -423 22,590 18,064 —4,526
value for all samples. Ta 1,843 1499 - 344 22,900 18,295 - 4605
Nb 1,796 1455 -341 22,947 18339 - 4608
TABLE. II. THE THRESHOLD VALUE FOR EACH ELEMENT AND THE
THRESHOLD-BASED LABEL FOR ALL ELEMENTS ARE DETERMINED AFTER Sn 1,150 930 -220 23,593 18864 - 4725
COMPARING THE RATE OF CONCENTRATION TO THE THRESHOLD VALUE. W 123 105-18 24,620 19689-4931
Mi I | Threshold Rate of existence Rate of non-existence
tnera resho Label=1 Label=0 TABLE. IV.  SPLITTING THE DATASET 70%,15%,15% FOR TRAINING,
Li 14.23 3211 21,532 VALIDATION, AND TESTING SETS BASED ON THE REGION OF EXISTENCE OF
THE MINERAL.
Rb 96.62 2,956 21,787 e T -
. rainin alidation tes .
Cs 1.90 3,026 21,717 The region set (70%5;) (15%) Testing test (15%)
Be 222 2,153 22,590 Aban_Al_Ahmar | 1724 344 360
Ta 1.01 1,843 22,900 Afif 1745 345 361
Nb 14.58 1,796 22,947 Al Hissu 1776 371 372
Sn 299 1,150 23,593 Al Muwayh 1749 349 368
w 179 123 24,620 Mahad Dhahab | 1755 387 393
C. Dataset Splitting for Training and Testing Miskah 1661 384 370
The dataset consists of two classifications for each mineral: Nugrah 1759 400 391
existence and non-existence. The 80% - 20% splitting method is Wadi_Ar Rika | 1762 388 396
applied to each category to create training and testing datasets. Wadi Shubah 1810 375 350
Specifically, 80% of the data is used for training the model, Zahm_ pp py 350
while 20%is used for testing. Table IIl provides a breakdown of
the number of samples for each mineral in the dataset, split into 10
training (80%) and testing (20%) sets. For example, for Li, there Longitude - 1
are 3,211 total samples of existence, split into 2,603 for training Latitude 0.15 0.25 0.3 0.25 0.090.0810.140.0440.05 0.6
and 608 for testing. U )_0830.15 051
D. Dataset Splitting for Training and Testing based on the [ 0.31 0.25 0.31 JEENZNNZ] 0.34 0.27 0.470.0580.03 0.6
Region Cs i% A A 0.19 0.14 0.44 0.15-0.11 0.4

The data on existing minerals is defined for their regions.
Ten regions in KSA are recorded with the concentration rate of
minerals. In this study, there is a second scenario that conducts
the classification based on the region, so the dataset is prepared
by the addition of a column of regions as a label. The separation
of'the dataset into 70%, 15%, and 15% for training, validation,
and testing sets based on the region is shown in Table IV, which
presents the rate for each region, such as Afif and Al Hissu.

Fig. 2 refers to the correlation matrix for latitude, longitude,
and the selected rare elements. The results provide weak
indications of moderate correlations between geographical
variables and element concentrations and show a moderate
negative correlation of R = -0.36 with longitude and latitude.

Be il A A A 0.6 D.55.t).l=lt).t)2
IER-0.11 0.09 0.37 0.34 0.19 0.6 EwEENR=1s1 0.54 0.079.008 0.2
\[+-0.130.0810.35 0.27 0.14 [0.55 [vA:I-NNEN 0.49 0.0630.02
ELWIR0.0270.14 [0.48 0.47 0.44. 0.54 0.49 E N L 00

\U'E.0018.044 0.140.0580.15 0.140.0750.0630.23 IJ_O2

(= [NIR0.0920.057-0.160.033-0.110.02%.0085.020.0049.02

Longitude
Latitude
region - ~

Fig.2. The correlation matrix of the rare elements with latitude and
longitude based on the region.
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E. The Artificial Intelligence Models

1) GNN: Record structure along with object entities known
as nodes, which are connected through a manner of
relationships referred to as edges [24]. Both the nodes and
edges can maintain records inside the shape of attributes, any
of which may also be additionally characteristic as variables in
machine learning assessment.

There is more than one type of graph neural network. One
commonly used variation of the GNN algorithm is the graph
convolutional network, or GCN [25]. A GCN updates records
on every node by aggregating facts from neighboring nodes
using a weighted sum, with the weight relying on the number of
nodes connected to the recipients [26].

In this study, nodesrepresent the geochemical sample points,
each with associated features such as elemental concentrations.
Edges define the relationships between nodes, which can be
based on spatial proximity or geochemical similarity. The graph
is constructed using spatial proximity as the defining criterion
for edges. Specifically, nodes are connected if they fall within a
defined radius (e.g., 5 km). This spatial-based adjacency matrix
is created using the radius_neighbors_graph function from the
skleamn.neighbors module, which helps determine the
connectivity between sample points based on their geographical
coordinates (longitude and latitude). Fig. 3 presents the
subsampled visualization of the spatial graph. Nodes represent
geochemical sampling locations, and edges indicate
neighborhood connections within a predefined spatial radius.
The subsampling is applied for visualization clarity, while the
complete spatial graph is used during model training. For
visualization purposes, only a subset of nodes and edges is
displayed to avoid visual clutter; however, the full graph
connectivity is preserved during training. The Adam optimizer
with a learning rate of 0.01 trains the model, and the loss
function is cross-entropy loss with 200 trained epochs.
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Fig.3. Subsampled visualization of the spatial graph.
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All hyperparameters were selected empirically based on
preliminary experiments and kept fixed across all reported
results.

2) XGBoost model: XGBoostis a tree boosting system that
can grow and use a lot of new methods and algorithms to get
the best results. It makes machine leaming tasks very scalable
[27]. These methods deal with problems like learningtrees that
are close to the truth, working with sparse data, and doing math
quickly with large datasets [28]. This algorithm adds a default
direction to each tree node. If a feature value is missing from
the sparse matrix, the instance is put into this default direction.
The information is used to figure out the best default directions.

3) Random forest model: The random forest, as an
ensemble learning approach, was developed to combine
bagging with random feature selection [27]. It describes how it
constructs decision trees using bootstrap sampling and applies
randomization during node splitting, often using the Gini index
for feature selection. Key advantages of RF include robustness
to noise, resistance to overfitting, and high accuracy [29]. Over
the past decade, research has focused on boosting RF's
performance through various extensions. These include
methods to determine the minimum number of trees, using
multiple attribute evaluation measures and weighted voting,
dynamic integration techniques, and weighted random
sampling for feature selection.

4) Ensemble bagging models: The bagging method is also
known as bootstrap aggregating [30]. This refers to creating
many little ones from most of the data in the dataset itself. The
goal of baggingis to create a more diverse future match model
by adjustinga stochasticdistributionoftraining datasets, where
small changes in training data sets will make significant
changesto predictions [31]. In bootstrapping, the training of the
ensemble models on bootstrap replicates the training dataset.

5) Unsupervised ML models (K-means clustering): In this
study, we use K-means to generate the labels based on the
regions that contain minerals and then compute the silhouette
points for clustering. Unsupervised clustering was used for
exploratory spatial analysis and then apply classification using
the supervised learning models. K-means depends on the value
of K, which must always be specified to analyze all clustering.
Clusters with different K values will eventually produce
different results [32]. Different scheme problems analyzed in
recentstudies did not consider the problem where the algorithm
is only converted to a poor local minimum. An alternative
approach was used to prevent the K-means algorithm from
being easily affected by noise and external values.

F. Evaluation

Various commonly used assessment criteria, such as
precision,accuracy, F1-score,and recall, are utilized to trainand
test the suggested models [33]. The specific mathematical
definitions for each metric are as follows [see Eq.(4) to Eq.(7)]:

. _ TP

Precision (Pre.) = e 4

Recall /Sensitivty (Se.) = TPT-:’FN ()
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TP+TN
Accuracy (Acc.) = TP+TN+FP+FN ©)
F1 — score (Fl _ S.) _ 2+Precision*Sensitivity (7)

Precision+Sensitivity

The silhouette score method, which is a measure of the
quality of a cluster, was used to find the silhouette coefficient
for all samples for different clusters [34], as in Eq. (8):

Silhouette = %Z’i\’:l s(@) (3)

where, N is the total number of data points, s(i) is the
Silhouette Score for point i [see Eq. (9)]:

. b (D-a(i)

s() = max (a(i),b(i)) ©)

where, a(i) is the cohesion of point { within its own cluster.

In other words, it is the average distance between point i and all

other points in the same cluster. b(i) is the separation of point i

from the nearest cluster. It is the distance between point i and
the closest centroid of any other cluster.

A confusion matrix is a determinant that is used to define the
general performance of a set of performances. It represents
counts from predicted and actual values. The output True
Negative (TN) shows the quantity of negative samples classified
correctly. Similarly, True Positive (TP) indicates the variety of
effective samples classified successfully. False Positive (FP),
the number of real negative samples classified as highly
incorrect, and False Negative (FN), which is the form of real
high-quality samples labelled as negative.

The precision-recall curve for the performance of a GNN
model classification, in particular for binary classification tasks,
will be wused. The curve is derived from the
precision_recall curve feature from sklearn metrics, which
calculates precision and recall for different threshold values of
predicted probabilities.

G. Experimental Setup

The experiments were performed using an MSI GS66 laptop
that has the following properties: an Intel Core 17 11800H
(11800H) processor, 32 GB RAM, 2 TB SSD NVMe storage,
and an RTX 3080 graphic card with 16 GB memory. The
experiments mentioned in this article were performed using
Python 3.10 on Windows 11.

IV. RESULTS

The primary findings from predicting the presence and
distribution of rare mineral elements in various Saudi Arabian
regions using various ML and Al models are presented in this
section. The performance of these models is shown in the
following scenarios, which start with GNN-based rare mineral
prediction, move on to region-based classification using ML
ensemble models, and conclude with an unsupervised learning
method for locating mineral-rich clusters.

A. GNN Model to Predictthe Existence of Mineral Elements

In this use case, a GNN was used to predict the existence of
the rare mineral elements based on their concentrations in rock
samples collected from different areas of Saudi Arabia. The

Vol. 17, No. 3, 2026

performance of the models was evaluated by the common
classification measures such as accuracy, precision, recall, and
F1 score. The GNN model produced very high accuracy for each
ofthe rare mineral elements, with tungsten achieving the highest
accuracy at 90.62%, as shown in Table V. However, there has
beenavariancein precision andrecall. For example, lithium and
tin had decreasingrecall scores, indicating that themodel missed
some of their occurrences, whereas rubidium and niobium
demonstrated a fair mix of precision and recall.

TABLE. V. PREDICTING THE PERFORMANCE OF THE EXISTENCE OF RARE
MINERAL ELEMENTS USING A GNN MODEL.
Mineral Accuracy Precision Recall F1 Score
Li 85.08 68.31 64.42 66.09
Rb 86.41 71.19 72.34 72.82
Cs 86.11 71.40 68.07 69.70
Be 87.00 71.00 61.92 66.19
Ta 88.01 68.68 70.94 69.80
Nb 88.33 72.57 70.18 71.36
Sn 88.49 71.77 48.27 58.02
W 90.62 47.06 44.44 45.71

The findings verified that Li had an 85.08% accuracy rate,
meaning the model performed well in predicting whether
lithium would be present in the rock samples. Nevertheless, the
recall only reached 64.42%, indicating that some lithium cases
were missed by the model. The Rb element, on the other hand,
had a moderate balance between accuracy and recall, as
indicated by its F1 score 0f 72.82% in Table V. This proves that
there are few false positives or false negatives and that the model
is successful in identifying samples that contain rubidium.

As a common assessment of the GNN model, it achieved
robust results in predicting the presence of mineral elements
based on geochemical records, especially in terms of overall
accuracy. However, further development is needed to address
the recall issues of specific minerals, such as tin and tungsten,
by using more samples or applying data augmentation, which
would improve the overall performance of the model.

Fig. 4 includes multiple precision-recall curves (one for each
class or feature), indicated by the labels Nb, Sn, W, etc. Each
subplot visualizes the relationship between precision and recalls
for a different variable orclass inthe dataset: Nb, Sn, W, etc,,
likely represent different categories or features in the data,
showing how well the model performs across multiple aspects
of' the classification task. The variations between subplots might
suggest that some classes (like W) havea poorer precision-recall
trade-off, indicating possible issues with the model's ability to
classify those instances accurately. Conversely, classes like Nb
and Sn might show better balance, where precision and recall
are relatively stable.
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The GeoPandas library in Python was used to load and plot
a geographic map of Saudi Arabia from a Shapefile, which was
downloaded  from the  Natural Earth  website
(https://www Naturalearthdata.Com/downloads/10m-cultural-
vectors).

Once the map is plotted, the attention of elements is
concentrated by extracting the coordinates of longitude and
latitude from the data, as shown in Fig. 5(a). The heatmap
generatedusing Folium visualizes the geographic distribution of

&l

a) KSA Map

Fig. 5.

B. The Performance Results of AI Ensemble Models to
Classify based on the Region in KSA
In this use case, the regional-based classification
performance results, the ML and ensemble models have shown
remarkable accuracy and efficiency. Table VI presents the
performance of three ML models used for region-based
classification.

b) ALL _regions
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The precision-recall curve of the GNN model forall the mentalrare elements prediction.

the data points based on their latitude and longitude values, as
shown in Fig. 5(b).

The intense red areas suggest areas with an excessive
concentration of data points, even as the cooler blue tones
constituteareas with fewer occurrences. This visualization gives
a clean evaluation of spatial styles, highlighting areas of
extensive pastime or interest. The significant area, as shown,
features a high density of elements, which may also correspond
to a key location of attention in the dataset. Whilst Fig. 5(c)
focuses on the centration for the Aban Alahmer region.

c) Aban Alahmer

A high-density concentration of element features in different regions: (a) KSA map, (b) all ten regions, and (c) Aban Alahmer.

TABLE. VI. THE PERFORMANCE RESULT OF THE ML AND ENSEMBLE
MODELS IN PREDICTING BASED ON REGION CLASSIFICATION.
Model Accuracy | Precision Recall F1 Score

Xgboost 90.25 90.23 90.25 90.24

RF 89.90 89.93 89.89 89.90

BaggingClassifier | 90.62 90.63 90.64 90.62
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The XGBOOST model achieved an accuracy 0 90.25%, a
precision of 90.23%, a recall of 90.25%, and an F1 score of
90.24%. The model also performed an AUC score of 90.58%,
indicating a strong ability to distinguish between different
classes.

For the RF model, the model achieved an accuracy of
89.90%, a precision of 89.93%, a recall of 89.89%, and an FI
score of 89.90%. While the AUC point for RF was 90.39%,
which indicates its specific performance in classification
functions. However, BaggingClassifier improved both
XGBOOST and RF when it comes to all performance matrices.
It achieved the highestaccuracy of 90.62%, with the precision,
recall, and F1 scores of 90.63%, 90.64%, and 90.62%,

Cerlrdon nasis

ol | 2 1 (] 1
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Fig. 6.

C. The Performance Results of the Unsupervised Al Models

In this use case, the K-Means unsupervised learning
algorithm was applied to generate rare minerals resource regions
in the KSA with a cluster k=10 based on the values classified in
the second scenario. The elbow library was used to determine
the optimal number of clusters (k). The relationship between the
number of clusters (K) and the associated inertia values is
plotted in Fig. 7(a). The elbow pointis three, the point at which
the curve starts to slope.

It selected K=10 for this investigation because it showed a
sufficientreduction in inertia while maintaining significant data
point groupings. Based on the information from Scenario 2, this
value of K was then used to categorize the KSA's rare mineral
resource regions. To identify and target areas of interest for
resource extraction or conservation, the clusters created with
K=10 offer clear groupings.

The results of the cluster technique appear to be fairly good;
however, it didn't achieve an optimal score. Based on a
Silhouette score0f(0.385, the clustershows some separation, but
there are areas of overlap of some degree or errors in the
calculations. Nevertheless, the results indicate an average
clustering quality rating for the first training.

In Fig. 7(b), the T-SNE visualization displays the outcomes
of clustering with K = 10. Each cluster is represented by a
distinct color. Examining the distribution of data points across
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respectively. The bagging classifier also achieved the highest
AUC point 0f 90.69% and strengthened its position as the most
effective model compared to the others.

Fig. 6 provides the confusion matrix for the three proposed
models and shows the classification performance visually.
Matrices indicate real positivity, false positivity, real negativity,
and the number of false negatives for each class. This visual
representation confirms the high classification accuracy of the
model, especially in identifying the regional classes in KSA
correctly. Overall, these results show the strength and reliability
of'the proposed model, with a bagging classifier that appears to
be the most effective model for regional classification functions
in KSA.

" "

a

The confusion matrix of the ML and ensemble models in predicting based on region classification.

various clusters is made simpler by the scatter plot's use of two
components (TSNE-1 and TSNE-2) to reduce the original data
values and display them in 2D space.

Table VII presents the performance metrics of the proposed
models of ML and ensemble in predicting region classifications
and representing the K-means clustering results. The XGBoost
model recorded an accuracy of 90.25% and an F1 score of
90.24%. The AUC value 0£90.58% further signifies the model's
ability to distinguish between different classes effectively.

The RF model also performs strongly with an accuracy and
recall of 89.90% and 89.89%. However, its AUC score of
90.39% indicates good discriminatory power. The Bagging
Classifier outperforms the other two models, achieving the
highest accuracy and F1 score among the three with 90.62%.
The AUC score of 90.69% indicates that this model has the best
ability to correctly classify the different regions.

TABLE. VII. THE PERFORMANCE RESULT OF THE ML AND ENSEMBLE
MODELS IN PREDICTING BASED ON REGION CLASSIFICATION AND
REPRESENTATION OF THE K-MEANS CLUSTERING.

Model Accuracy | Precision Recall F1 Score
Xgboost 90.25 90.23 90.25 90.24
RF 89.90 89.93 89.89 89.90
BaggingClassifier | 90.62 90.63 90.64 90.62
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The representation of the K-means clustering method based on the region: (a) Elbow curve used to select the optimal number of clusters. (b) t-SNE

visualization showing the distribution of samples across the resulting clusters.

V. DISCUSSION

The results obtained in this study demonstrate the
effectiveness of integrating graph-based deep learning with
ensemble methods for mineral prospectivity mapping in Saudi
Arabia. This section interprets the key findings, discusses their
implications, and situates them within the broader context of
related literature.

A. GNN Performance and Spatial Learning

The GNN model achieved competitive classification
accuracy across all eight rare mineral elements, with tungsten
(W) reaching the highestaccuracy at 90.62% and lithium (Li) at
85.08%. These results confirm that modeling geochemical
sampling locations as a spatial graph, where edges encode
geographic proximity, enables the network to exploit spatial
dependencies that are invisible to conventional tabular
classifiers. However, the recall limitations observed for tin (Sn,
48.27%) and tungsten (W, 44.44%) suggest that class imbalance
in the geochemical dataset remains a challenge. These elements
have fewer confirmed occurrences in the sampled regions,
which reduces the model’s ability to identify all positive cases.
Future work could address this through data augmentation
strategies or oversampling techniques such as SMOTE, as is
effective in similar geoscience classification tasks.

B. Ensemble Models and Regional Classification

In the region-based classification scenario, all three
ensemble models, XGBoost, Random Forest, and
BaggingClassifier, achieved accuracies exceeding 89.9%, with
BaggingClassifier performing best at 90.62%. This strong
performance across all metrics (precision, recall, F1, and AUC)
indicates that the regional geochemical signatures in the SGS
dataset are sufficiently discriminative for automated
classification.

Ensemble models match or slightly outperform the GNN in
regional classification, as this task depends more on feature
distributions than spatial relationships. This highlights their
complementary strengths: GNNs excel with spatial structure,

while ensemble methods remain highly effective for tabular
data.

C. Evaluation of Comparisons Related to Recent Research
Results

This section compares the performance of various Al
algorithms applied to different metasearch exploration datasets,
as shown in Table VIII. Studies have utilized a wide range of
data sources, including time series from gold processing plants,
remote sensingdata for copper ore,and geological datasets from
multiple regions such as China, Pakistan, and Saudi Arabia.

TABLE. VIII. COMPARISON OF PREVIOUS STUDIES RELATED TO MINERAL
RESOURCE PREDICTION.

Reference Dataset used Al models Performance
Data from a gold LSTM, CNN: RMSE
[10] processing plant (236 GRU, 36%, MAE 45%,
days, time series data) | CNN MAPE 35%
Remote sensing data CNN, RF, CNN: High
[11] for copper ore in North SVM accuracy, RF:
Waziristan, Pakistan AUC > 0.95
Geological data from CNN: 92.38%
[13] Jiangxi Province, CNN accuracy, RF:
China 87.62%
5 -
[12] Geological data for Random gféii?t;ccx?nc;ﬁ
regions in Saudi Arabia | Forest P &
presence
Multivariate ML Prediction of
. . elemental
[15] geochemical data from | (various .
. concentrations
Canada algorithms) .
using legacy data
Lasso
Small dataset of Regression, | High prediction
L k-NN, accuracy for
[16] sintering data for . .
W(Mo) alloys Random sintered density
y Forest, (R > 0.950)
MLP
GNN and
Current Saudi Geological Ensemble 90.'62 forw
. mineral, and
study Survey (SGS) bagging
90,69%
models
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D. Limitations and Future Work

Despite the promising results, several limitations should be
acknowledged. First, the dataset is limited to ten regions and
may not generalize to unexplored areas of KSA with different
geological characteristics. Second, the GNN’s recall
performance for certain elements indicates room for
improvement, particularly through more balanced training data.
Third, the current graph construction relies solely on geographic
proximity; future work could explore incorporating geological
similarity or geochemical correlation as additional edge-
weighting criteria to further enhance the spatial representation.
Extendingthe framework to incorporateremote sensingdata, 3D
geological models, and modern models such as federated
learning [35].

VI. CONCLUSION

In the provided study, Al techniques were effectively
leveraged to predict the presence of rare minerals in rock
samples from the KSA. ML models, such as GNN, XGBoost,
RF, and ensemble bagging models, analyze geochemical data
from more than 24,000 samples in many regions in KSA. This
study showed the feasibility of applying Al for the exploration
of rare minerals and resource management in geological
investigations containing mineral concentration data.

The performance recorded improved prediction results in all
models, especially with the ensemble bagging classifier, which
improved others with an outstanding accuracy of 90.62%. GNN
models, while strong in general accuracy, showed the
significance of fine-tuning recall values, particularly for
elements like tin and tungsten, to improve the model's accuracy.

These outcomes demonstrated how well the ML model
performs in handling intricate geospatial difficulties and
forecasting the existence of valuable minerals using
geochemical signatures. Furthermore, the regional distribution
pattemns of rare minerals were shown by the unsupervised
approach using the K-means clustering model. The ability to
identify mineral-rich regions was recorded by the k-means,
providing a tool for possible resource extraction or conservation
initiatives. Cluster results showedhow unsupervised models can
locate mineral-rich regions and provide a tool for possible
resource extraction or conservation initiatives.
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