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Abstract: Elements geochemical anomalies mapping is one of the main goals of geochemical investigations. Sin-
ce the field studies are time-consuming and costly, the data processing, applying machine learning methods could
be applied, which is less expensive, faster, and more accurate. In this study, two machine learning methods, inclu-
ding decision tree algorithm and support vector machine, were applied for gold prospectivity mapping. To reach
this aim, silver, copper, lead and zinc values were used as input variables. The comparison of the analytical results
obtained from the two mentioned methods confirms that the DT (decision tree) model has sufficient accuracy and
better performance than the SVM (support vector machine) model for preparing gold prospectivity mapping in
the studied area.

Key words: decision tree, machine learning, mineral prospectivity mapping, support vector machine

e Two machine learning methods, including decision tree al-
gorithm and support vector machine, were applied for gold
prospectivity mapping. To reach applicable results, the silver,
copper, lead and zinc values were used as input variables.

* The comparison of the analytical results obtained from the two
machine learning methods confirms that the DT (decision tree)
model has sufficient accuracy and better performance than the
SVM (support vector machine) method for preparing gold pro-
spectivity mapping in the studied area.
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1 Introduction

New techniques for estimating and evaluating vari-
ables have been created from research conducted over an
extended period. New techniques like machine learning
algorithms are used to address the issue of variable estima-
tion (Dutta et al., 2010). These algorithms learn how data
is related by using the examples provided to them. The
attraction of these non-linear estimators is their capability
to function like a black box. By providing sufficient data
to these algorithms and subsequently educating them, they
have the ability to grasp the connection between the input
data, like sample coordinates, and the output data, such as
the ore grade at specific points. With this approach, there is
no need to take into account assumptions regarding linear-
ity for components, coefficients, or relationships (Zhang
et al.,, 2024). Machine learning algorithms are catego-

rized into supervised learning methods and unsupervised
learning methods (Chatterjee et al., 2010b; Jafrasteh et al.,
2018). Both main categories have various techniques and
algorithms which are utilized, based on the specific prob-
lem and the type and amount of data available. Decision
tree is a commonly applied tool and technique for data
mining proficiency. This method can be very beneficial
in situations where the volume of data is extremely large.
Data mining involves discovering valuable knowledge that
is hidden and unknown within databases. There are two
main categories of data mining methods: descriptive and
predictive. Clustering is among the most well-known de-
scriptive techniques, while classification is considered one
of the most crucial predictive techniques. The clustering
perspective is crucial in data mining for analysing large
amounts of data and samples with different characteristics,
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as it involves important methods and techniques (Ander-
berg, 1973). Data is clustered in the clustering method
by maximizing similarity within groups and minimizing
it between groups. The process of classification involves
identifying data categories or concepts in order to create
amodel that can predict the categories of unknown objects.
A classifier is a function that learns to assign a data item
to a specific category from a set of predefined categories.
Decision Tree, Bayes classifier, and Neural Network are
a few popular classification techniques. A decision tree can
generate easy-to-understand explanations of the connec-
tions within a set of data and is useful for tasks involving
classification and prediction. This decision-making frame-
work can be implemented through mathematical and
computational methods that aid in categorizing and sum-
marizing a dataset (Tsai & Yen-Jiun, 2009). Among the
varied and effective methods in the artificial intelligence
field for estimating and evaluating grades are artificial
neural networks (Chatterjee et al., 2010a, b; Guo, 2010;
Li et al., 2010; Mahmoudabadi et al., 2009; Nezamolhos-
seini et al., 2017; Samanta et al., 2005; Sayadi & Shah-
rabadi, 2008; Tahmasebi & Hezarkhani, 2010, 2012; Tsai
& Yen-Jiun, 2009), neural fuzzy inference (Tahmasebi &
Hezarkhani, 2010), random forest (Jafrasteh et al., 2018),
and support vector machine (Maleki et al., 2014; Matias
et al., 2004; Tenorio et al., 2015). In mining engineering,
artificial neural networks are used not only for grade es-
timation, but also for tasks like blast network dimension
estimation (Amnich et al., 2012), processing factory de-
sign (Kotake et al., 2002; Singh et al., 2013), geological
classification (Thuijsman, 1995), remote sensing data
classification (Miller, 1995; Wang, 2005), and identifying
failure models in Underground Mining (Lee & Sterling,
1992; Shahin et al., 2008). The decision tree algorithm,
the foundation of the random forest algorithm, has been
extensively utilized in geological and remote sensing ap-
plications as a successful classifier (Jhonnerie et al., 2015;
Krishna et al., 2018; Masoumi et al., 2017).

Support vector machine, a supervised learning tech-
nique, is utilized for both classification and regression
purposes. The SVM classifier operates by linearly classi-
fying the data. It aims to choose the plain that has a higher
confidence margin. Utilizing nonlinear programming tech-
niques, the optimal line for the data is determined by solv-
ing the equation, as these methods are commonly used for
solving constrained problems. Prior to the linear division,
the data is transformed into a higher dimensional space
using the kernel function to enable the machine to classi-
fy the data with high complexity. To address the issue of
dealing with high dimensions, Lagrange’s duality theorem
is employed to convert the original minimization problem
into a dual form. This new form involves a kernel func-
tion, a simpler version of the complex function phi that
maps to the high-dimensional space by multiplying the

166

phi function‘s vector. Various types of kernel functions,
such as exponential, polynomial, and sigmoid kernels, can
be utilized. Despite being newer than the artificial neural
network method, the support vector machine method has
quickly gained popularity due to its robust mathematical
foundation (Kecman, 2001, 2004; Smola & Schélkopf,
2004). This technique is commonly employed in pattern
recognition software, such as spatial data analysis (Dutta et
al., 2010), creating natural radioactivity maps (Pozdnouk-
hov, 2005), estimating arsenic levels in bedrock from river
sediments using support vector machine method (Twara-
kavi et al., 2006), identifying alteration zones linked to
mineralization (Abbaszadeh et al., 2013, 2015; Soliman
& Mahmoud, 2012), and classification of remote sensing
images (Moorthi et al., 2011; Soliman & Mahmoud, 2012;
Soliman et al., 2012). This approach has also been applied
in determining the grade of slate deposits (Matias et al.,
2004), glacial type platinum (Tenorio et al., 2015), gold
(Chatterjee et al., 2010a), and iron (Maleki et al., 2014) in
the grade estimation field. Hence, in this study, decision
tree algorithm and support vector machine were applied to
conduct gold prospectivity mapping.

2 Geological setting of the study area

The Janja area is located in Sistan and Paluchestan
province. The region is situated in a flat sandy plain with
sparse vegetation and few rock outcrops (Fig. 1), with
altitudes ranging from 800 to 900 m a. s. 1.

The research area is a section of the Zabul-Za-
hedan-Saravan subregion. This subregion is included in the
flysch basin located in eastern Iran, commonly known as
the eastern Iranian mountains. The region of the province
contains a deep oceanic bedrock that is overlaid with a thick
series of flysch deposits of Late Cretaceous-Oligocene
age. The mentioned basin is believed to have originated
after a collision within the continent between the Lot block
to the west and the Afghan block to the east, following
with formation of oceanic crust and ophiolitic complexes.
While much of the crust has been lost in Neo-Alpine sub-
duction zone, remnants can be seen along deep, longitudi-
nal faults like the Nehbandan fault in the area. According
to the geologic map of the area (Fig. 2), the Cretaceous
Flysch (Kuf) is the oldest and most prominent solidified
unit. This flysch is made up of alternating beds of grey
to green greywackes and calcareous lichens. The majori-
ty of calcareous lichens displays a light green, weathered
color, with occasional beds of fine-grained greywackes.
In multiple areas of the region, thick beds of calcareous
lichen (Kumr) units are visible. These limestone lichens
are associated with the Cretaceous flysch and, in terms of
lithology, are identical to the lower formations, however,
they are consistently found below a layer of volcaniclas-
tic sediments. The thickness of unit varies, reaching up to
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Fig. 1. Geographical location map of Janja area.

536 meters in the eastern part of the ophiolitic belt. The
Sefidabe Formation (KPs) is one of the largest units found

in the Janja area, particular-
ly in the central and eastern

province

Sistan &
Baluchestan

north, these units are hundreds of meters
thick, but their thickness decreases quickly
towards the east and west. In certain areas,
these units appear to be similar to Kuf sedi-
ments.

3 Data and methods
3.1 Sampling operation

Considering the extent of exploration
and the dense waterway network in the
area, a sampling system was developed for
gathering geochemical and heavy mineral
samples. This system consists of 285
geochemical samples and 59 heavy mineral
samples from waterways (Fig. 3).

Alongside collecting samples from
the sediment of waterways, 18 trenches
were excavated on the surface where
polymetallic veins are exposed, as well
as in the area where intense operations
were conducted. It was tried to design the

trenches perpendicular to the trend of the veins based
on the outcrops of the veins. Additionally, 16 boreholes

parts of the zone. This struc- ;_ "
ture is primarily made up of %

a series of volcaniclastic and |
pyroclastic deposits, which
are divided into lower and
upper sections in some areas.
The bottom section (KPsl) is i-
made up of thin to medium
layers of volcaniclastic mate-
rial, along with some volcanic
flows, clastic sediments, and
limestones. The upper section

displays characteristics of !-
stratified volcanic and pyro-
clastic rocks with pale green
lichen layers alternated. In the
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were drilled for polymetallic mineralization in the region.
A combined total of 3 754 samples were gathered from
trenches and boreholes excavated in the area.

3.2 Decision tree algorithm

The decision tree algorithm belongs among the most
commonly used data mining algorithms. In data mining,
the decision tree serves as a predictive model that is ap-
plicable for regression and classification models. If used
for regression, it is termed a regression tree; if for classifi-
cation, it is known as a classification tree. A set of binary
decisions is used by the decision tree to carry out multi-
stage classifications. Every choice separates a collection
of pixels into two categories according to a set of logical
conditions. A tree may contain any quantity of decision
nodes. Information from various origins and categories can
be utilized in constructing a decision tree (Zaremotlagh
& Hezarkhani, 2017). Decision trees are effective meth-
ods for predicting and clarifying the connection between
certain measurements and
a target variable. The de-
cision tree algorithm was
utilized in this study to

E@) =Y p| )Logp(| 0p, [1]
Where E(?) is the entropy criterion — the relative frequency
of class j in node ¢. Hence, the information gain for every
split is calculated in the following manner:

GAIN

Split

. .
~E(p) -2, ~ EG) [2]
Where E(p) is the overall entropy at parent node and is
the sum of weighted entropy at each child node. The
parent node is divided into k£ components and the number
of records in the component is i. This maximizes the
similarity and difference between the data sets in nodes
(Shirali, 2016). In the decision tree framework, the forecast
generated by the tree is described as a set of rules. Every
route from the starting point to a last branch of the decision
tree represents a rule, and ultimately, the leaf is marked
with the category that contains the highest number of data
entries. A feature selection criterion is a method to choose

Geochemical Sampling Network Map
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pinpoint potential mining
locations. The decision
tree picks a variable with
a high information value
to identify the promising
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range (equation [1]). The :
effectiveness of the chosen
variable is assessed by uti-
lizing equation [2] and the
entropy reduction criterion
(Zhang et al., 2019).
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Fig. 3. Geochemical sampling network of waterway sediments in Janja area.
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the best branch point criterion that separates the labeled
classes in training data. Two popular methods for selecting
features are the Gini coefficient and entropy index. The
Gini index is a statistical metric employed to gauge the
spread of data within a dataset. This index is determined
by utilizing equation [3]:

Gini=1-Xp?% [3]
Where p is the probability of occurrence of a particular
class in the set. The Gini index is utilized in the decision
tree algorithm to evaluate how similar the subsets formed
by a feature are in terms of their composition. A lower
Gini index makes a feature better for splitting data into
more uniform subsets. The decision tree algorithm utilizes
the Gini index to pick the feature that leads to the most
significant decrease in the Gini index of the set. This
indicates that the chosen characteristic results in the greatest
level of uniformity in the subsets that are formed. Entropy
plays a crucial role in machine learning, particularly in the
development of decision trees. Entropy quantifies the level
of instability or uncertainty in a dataset. This concept may
aid in understanding how information is spread out in a set
of data and how it can be used to properly split the data
when constructing a decision tree. In order to determine
entropy, we need first to determine the likelihood of each
class appearing in the dataset. Next, these probabilities
are used in determining the overall entropy, as outlined in
equation [4]:

Entropy = ~S(p(x) log, p(x). [4]
Where p(x) is the probability of occurrence of each class.
The entropy value shows the level of instability or com-
plexity present in the data. Entropy is utilized in decision
trees to determine the best feature to split at each node. The
objective is to choose the feature that results in the most
significant decrease in entropy, ensuring that the partitio-
ned data is more consistent and capable of making more
precise forecasts. Pruning plays a crucial role in optimiz-
ing decision trees. Pruning involves removing sub-nodes
from the decision tree, which is in contrast to splitting.
When constructing a decision tree, several branches repre-
sent abnormalities in the training data resulting from out-
liers or noise. In some tree creation algorithms, pruning is
is considered a part of the algorithm. While in other cases,
pruning is solely employed to address the issue of overfit-
ting. Several methods use statistical criteria to remove less
reliable branches. Pruned trees are often smaller and less
complicated, making them simpler to comprehend. Pruned
trees generally have a quicker and more accurate perfor-
mance in classifying test data compared to unpruned trees.
Two popular methods are used for cutting trees. In the
initial stages of constructing a tree, pre-pruning involves
frequently stopping to prune the tree. As soon as a stop is
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created, the node transforms into a leaf. The post pruning
method is the second case. It removes subtrees from a full-
grown tree. Pruning a subtree involves removing branches
at a node and replacing them with a leaf node. The size
of the decision tree is another crucial parameter. A sim-
pler decision tree is more communicative and transparent.
Hence, the accuracy of the tree is significantly impacted
by its level of complexity. Typically, the complexity of
a tree is assessed by one of the following criteria: the total
number of nodes, total number of leaves, tree depth, and
number of features used.

3.3 Support vector machine

Support vector machines represent type of generalized
linear models that rely on a linear combination of features
to make decisions regarding classification and regression.
Support vector machines, like artificial neural networks,
have the ability to estimate multivariate functions with
any desired level of precision and are suitable for repre-
senting various nonlinear and intricate procedures (Wu et
al., 2018). Support vector regression, a form of support
vector machine, is used for estimation across different
issues. This approach involves educating algorithms and
relies on the support vector machine classifier method,
which is more comprehensive than the aforementioned
method (Smola & Scholkopf, 2004). The method of sup-
port vector regression, rooted in statistical learning theory
and focused on minimizing structural risk, was originally
presented by Vapnik in the 1990s (Matias et al., 2004). In
a regression model, it is essential to determine the rela-
tionship between the dependent variable y and a group of
independent variables x (Smola & Scholkopf, 2004). This
technique is applicable for predicting and classification
problems involving two or more categories (Martinez-
Ramoén & Christodoulou, 2022). The aim of these issues
is to create a classification standard that is effective for
samples that have not been harvested and also has strong
generalizability. The optimal hyperplane is defined as the
linear separating plain with the largest margin and equal
distance from the nearest points, with the goal of extend-
ing the boundary to cover all potential ranges. Typically, in
linear classification tasks, a weight like / needs to be taken
into account for a vector like X in order for this weight to
effectively categorize the vectors into their correct classes.
The optimal separator plate is chosen based on equation
[5] (Abe, 2005; Tran et al., 2005).

wix+b=0,

(3]

Where w is the weight matrix; T is the output of the
weighting matrix; x is the vector and b is the bias
constant. The inner multiplication is used to express the
relationship between vector x and weight w. In the context
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of the Support Vector Machine algorithm, the equation [5]
typically represents a decision boundary. In other words, 0
(the numeral zero) indicates the decision boundary itself,
which separates different classes in the feature space. The
points that lie on this boundary satisfy the equation [5]:

e Positive Class: For instances of the positive class
(e.g., class +1), the expression w’x + b= 0> 0.
e Negative Class: For instances of the negative class

(e.g., class —1), the expression w'x + b =0 <0.

A set of points is optimally separated by a plain based
on the conditions that they are accurately classified in their
respective classes. The maximum distance between the
nearest points of each data class to the separating plain
is shown in Fig. 4 (Sénchez, 2003; Tran et al., 2005).
Therefore, it is necessary to calculate the parameters w and
in order to meet the two specified conditions. To address
this issue and regulate the precision of the data, equation
[6] is formulated for the margin (Huang et al., 2006).

x<1 for y=-1

T +b=0={
W x=1 for y=1

; [6]
Where the y, represents the class label for the i” training
example. In this case, it can take on values of —1 or 1,
which correspond to two classes. Typically, y,= 1 might
represent the positive class and = —1 the negative class.

T2/

Fig. 4. Optimal separator plate and margins.

To find the ideal separation boundary with the right
margin, the goal is to maximize the distance between
both margins. Formula [7] illustrates the method for
determining and optimizing the separation distance of
these two thresholds (Martinez-Ramoén & Christodoulou,
2022).

(Wx+b-1)-Wx+b+1)] _

2
lwll

Iwll

d(w, b; x) = (7]
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Where d(w, b; x) represents the distance from a point
(given by the feature vector ) to the decision boundary
defined by w’x + b = 0. The constants 1 and —1 represent
specific thresholds that define the margins for the separated
classes. Typically, the decision boundary is set to equal
0 (the numeral zero), while the margins are defined as
1 and —1. The |lw| is called a soft function. According
to the results obtained from equation [7], the goal is to
maximize the desired margin (Abe, 2005; Huang et al.,
2006; Martinez-Ramoén & Christodoulou, 2022; Merler &
Jurman, 2006; Sanchez, 2003). Occasionally in the linear
system, there are situations where multiple data points
are missing (Fig. 5). In this situation, the error function is
necessary in order to attain an excellent separating plane.
Equation [8] (Bishop & Nasrabadi, 2006; Wang, 2005)
displays this function.
N
FQ =2 & (8]
Where the function F(£) measures the total error resulting
from the slack variables , which correspond to misclassified
instances or instances that fall outside the margin. Put
differently, &i represents the classification error value. The
data placed in the margin is the significant feature in Fig.
5. This data is used by the vector machine to accurately
classify the data (Van Der Heijden et al., 2005; Wang,
2005).

X].“ a K
Class1 @ © v’”
//\’
‘'
x‘o’
p ¥
&7
s’
o ©
[ ]
[+]
Class 2
> XZ

Fig. 5. A linear integral system with error rate &i (Zhang et al.,
2019).

Hence, equation [9] represents the optimization prob-
lem in non-separable linear systems. The vector w deter-
mines the hyper plain of the generalized optimal isolator
through equation [9] (Bishop & Nasrabadi, 2006).

M i,

N
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Where M in_, denotes the objective function that is
attempted to be mlnlmlzed 7w Ty during the training
of the model. It represents the total loss that needs to be
minimized —represents the regularization component of the
objective function. It is often associated with maximizing
the margin, the factor of 7 is used for mathematlcal
convenience, particularly when taking derivatives Z &
represents the total slack variable penalties for all tralnmg
samples, N is the total number of training samples in the
dataset, and ¢i is the slack variable corresponding to the
i" training example. The & measures the extent to which
the i example falls within the margin or is misclassified.
If & = 0, the example is correctly classified; if & > 0, it
is either misclassified or lies within the margin. The y,
is the class label of the i” training example, which takes
values of 1 or —1. It indicates which class the example
belongs to. The x, is the feature vector of the i” training
sample. Each component of this vector corresponds to
a feature of that sample. The constraint y (w'x, + b) > 1 - &i
ensures that each training example is correctly classified
with a margin of at least 1 minus the slack variable. For
a correctly classified point (y, = +1), the condition requires
that the output of the decision function w'x, + b is at least
1. For misclassified points or those near the margin (when
&l > 0), it provides leeway by allowing a margin of less
than 1. The parameter C is the interaction coefficient to
maximize margins and minimize performance error. In
cases such as this one, Lagrange multipliers are utilized,
appearing as Lagrange multipliers in equation [10] in the
latest correlation involving a, f (Wang, 2005).

PN

(i=1) i
[10]

Lp(w,b,&,a,B)=%w w+CZN1)2;
Dwix b -1+ -2 Bg

Where o, is Lagrange multiplier associated with the con-
straints of the SVM optimization problem. Each corre-
sponds to the i training example and measures how much
the corresponding constraint contributes to the Lagrang-
ian. Non-zero indicates that a data point is either a support
vector or on the margin and B, is Lagrange multipliers as-
sociated with the slack variables &. Each B, represents the
penalty associated with the i slack variable. A non-zero
B, indicates that there is some violation of the minimum
margin requirement.

The fundamental issue of equation [10] can be con-
verted into a dual problem by dual classical Lagrange.
Equation [11] defines the dual aspect of this relationship.

MaxW(a,B) = Maxa,ﬁ(M in_ L(w,b,Ea,pB),

w,b,&

[11]

Setting the derivative of equation [11] with respect to
W and equal to zero yields the values of equations [12]:
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oL -
Fw © then w—;ai[}ixi
J oL
3 O then W=Eilal.yl.=o [12]
oL
| 7 =0 then a +B,=C

Equation [11] can be used to express the relationships in
the form of equation [13] to derive the basic equation of the
vector machine in the linear integral state (Wang, 2005).
MaxL, (o) = Z = Z .y, aixl.T X,

[13]

It is evident that the linearly separable system functions
in the same way as the linearly separable system. The
only thing that sets them apart is the adjustment of the
boundaries of the Lagrange coefficients. The parameter C
must be established in these systems in order to determine
the classifier’s extra capacity. Typically, a vector such as
x in a higher-dimensional space is represented as a linear
vector machine in a higher space (also known as a feature
space) depicted in Fig. 6, with the input space still being
nonlinear.

Feature

v

=
[=]
>
map /‘] == o
=
o
Separating
hyperplane

Fig. 6. Data classification in higher space.

It is important to mention that Table 1 displays the most
frequently utilized kernel functions for linear inseparable
problems.

Tab. 1

The prevailing kernel functions employed in linearly
inseparable issues

Type Kernel function

Linear K(x_i,x_j )=Yx, X,

Polynomial K(x,x) = (Yx,x,+ ).y > 0o

RBF KOs, x) = ep Y, — 5, [PLY > o°
Sigmoid K(x, x) = tanh(Yx, x 7)Y > o’
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4 Results and analysis

4.1 Gold grade estimation using decision tree algo-
rithm

Regarding this matter, the data extracted from
geochemical samples and the analysis results from
exploratory boreholes were evaluated in relation to outlier
values, number of communities, and normality. Next, this
information was sent to Python 3.11 software to create
a model of potential gold mineralization areas, using
factors such as rock type, alteration zones, and silver,
copper, lead, and zinc values as independent variables. The
model building process involves two phases: training the
model and assessing its accuracy, which will be detailed
further. To prepare the model for training, the dataset was
split randomly into two sets in a 70 : 30 ratio. Training
involved 70 % of the data while the remaining 30 % was
used for validation during model evaluation. In order to
prevent overfitting during modeling, the pruning technique
was applied before the tree was allowed to grow, aiming
to decrease complexity. In order to achieve this goal, the
confidence factor, which ranges from 0 to 1, was utilized.
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Alterationl -

Alteration2 -

Mlnerallzatlonzone -..-- O 619 0 347 1 000 .. 0 406 --
* . . — -...- o . e -

0
o
o
2
X
3
&

Alterationl -
Alteration2 -
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This study utilized a confidence factor of 0.95 to prune the
decision tree. The scikit-learn library’s classifier decision
tree was employed to develop and utilize a decision tree
for data categorization purposes. This class constructs
a decision tree using the CART algorithm. The decision
tree is constructed using the CART algorithm through
recursive and alternating divisions. Once the model
is in place, it might not function effectively, therefore
tweaking the corresponding hyperparameters is necessary
to achieve the intended results. Some of the decision tree
hyperparameters are as follows:

1. The minimum number of samples in each node to
create branching and tree growth.

2. The least number of leaves that show the results of
decisions.

3. Maximum depth of tree (number of rows).

4. The largest number of components that are randomly
considered in the posterior direction of the tree.

5. Tree node evaluation indices to analyse the informa-

tion obtained from different nodes for the purpose of
branching, for example Gini coefficient and entropy.

1.00

0.50

-0.25

--0.50

Fig. 7. Correlation diagram between the
variables of Janja dataset.

Mineralizationzone -



Ebdali, M. et al.: A comparative study of decision tree and support vector machine methods for Gold prospectivity mapping

By applying various hyperparameters, the model was
eventually fine-tuned to its optimal state. In this frame-
work, the model requires a minimum of 5 samples
in each node for tree development, a minimum of 3
leaves, a maximum tree depth of 4, and uses the en-

tropy index as the appropriate criterion. Furthermore,
because the 3rd and 4th categories of gold hold greater
significance in terms of discovery, a weighting method
was implemented for these classes. This description
assigned weights of 0.2, 0.2, 0.3, and 0.3 to classes 1,

1
1600 - -2
3
1400 - -4
1200 -
1000 - . .
3 Fig. 8: The'quantlty of go!d
800 A found in various rocl.< types in
the Janja area (3 — diorite, 4 —
600 - hornfels, 6 — schist, 7 — clay).
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200
0 : : , - o bl — — : —
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1
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3
- 4
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Fig. 9. The quantity of gold
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2,3, and 4, respectively. According to the results of this
algorithm depicted in Fig. 7, the correlation between
gold and type 1 alteration stands at 0.597, with type 2
alteration at 0.575, with mineralization zone at 0.393,
with the type of mineralization host rock at 0.049, and
with silver, copper, lead and zinc show no relation. The

types of variables such as alteration type 1 and type 2,

mineralization zone, and rock type have been discussed

in a broad manner, with each having distinct variations.

The correlation of each type with mineralization will

vary accordingly.

It is worth noting that diorite, hornfels, amphibole-
rich schist, and clay are the most effective in gold particle
deposition, as shown in Fig. 8.

Furthermore, Fig. 9 illustrates the presence of gold
particles increasing in areas with propylitic, potassic,
clay, siliceous, iron oxide III, and chlorite alterations,
in descending order.

Another factor that influences the buildup of gold
particles, specifically the mineralization zone, was also
examined, with the outcomes displayed in Fig. 10.
According to the results of the decision tree model, the
hypogene mineralization zone followed by the oxyhypo-
gene zone will be given higher priority for gold particle
accumulation. In the following stage, the oxidation and
oxysupergen areas provide ideal conditions for the gold
particles to be deposited.

Ultimately, the decision tree algorithm is employed to
showcase the three-dimensional model of the area under

Gold Contour (3D)

']

%
°%

i

Fig. 11. Three-dimensional diagram of promising mineral areas of the studied

region.
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study, as depicted in Fig. 11. Indeed, the identification of
potential mineral-rich zones can be achieved through the
utilization of this algorithm.

Evaluating the accuracy of a classifier is crucial once it
has been constructed. Using test data is more beneficial for
evaluating the precision of a classifier. After constructing
the model with the training data, it is important to assess its
accuracy in predicting the class label of the samples using
the test data. The classifier’s accuracy on test samples is
determined by the number of samples correctly classified
by the model. Certainly, the error rate can be computed in
place of accuracy. Another crucial aspect revolves around
the cross validation of data, which is essential for assessing
the efficacy of machine learning models and relies on where
the model gathers the necessary training information from
within the dataset. In the specific model, the sensitivity
of the model to this issue was also assessed by assigning
values of 5 and 10 for this criterion. Ultimately, the model
that was achieved underwent evaluation. During the model
assessment, the following metrics were calculated: overall
accuracy (91.7 %), prediction accuracy for positive cases
(91.9 %), coverage of positive samples (91.7 %), and F1
score (91.8 %).

4.2 Gold grade estimation using support vector
machine method

The radial basis function (RBF) is chosen as the kernel
function to assess the grade of Janja polymetallic deposit
through the support vector machine classification method.
The RBF kernel transforms the samples in
a nonlinear manner to a space with higher
dimensions. In contrast to other kernel types,
this kernel encounters fewer computational
issues and can effectively handle data sets
with high dimensions. Additionally, this kernel
function has a lower number of parameters
when compared to functions like polynomial
functions, ultimately decreasing the model’s
complexity (Hsu et al., 2003; Lin et al., 2008).
The effectiveness of a model using the support
vector machine technique heavily relies on the
parameters chosen for the model. In order to
achieve a model with strong generalization
abilities, it is important to carefully decide
on the model parameters. Selecting the best
parameters for the model can impact its
performance quality; hence, a model with
incorrect parameters might yield undesirable
outcomes (Kecman, 2004; Oliver & Webster,
2014). In order to find the best parameters
for the model — such as C, vy, and kernel type,
a network search approach was employed,
utilizing a 10-point cross-validation. This
approach involves setting up a uniform grid in

Au
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the parameter space that needs to be explored, followed
by assessing all grid points in order to identify the best
overall point. Ultimately, the grid search will identify the
best possible point among all points within the grid for the
specified parameter. The network search method begins
by creating a large network in the parameter space and
gradually defines smaller networks as it approaches the
optimal point, ultimately converging towards the overall
optimal point in the parameter space (Hsu et al., 2003).
Table 2 displays the range of values to search for each
model parameter. The primary concept of this approach is
to identify the best parameters of the model in order to
minimize the model error. As stated, the cross-validation
method is utilized in conjunction with the network search
method for this purpose. During k-fold validation, the
training set is initially partitioned into k equal-sized
subsets. Each subset is tested in consecutive order by the
model trained based on the remaining k-1 subsets. Thus,
each individual sample in the training set is calculated only
one time. Therefore, the accuracy of cross-validation will
be the proportion of correctly predicted data. Indeed, the
RMSE error value is achieved for the specified parameters
in every test subset through the implementation of cross-
validation technique. The mean RMSE for each of the k
test subsets is shown as a way to evaluate the model’s
performance. This introduces the optimal parameters of
the model as those that result in the lowest RMSE. Another
benefit of using cross-validation is its ability to address the
issue of overfitting in the model (Che & Hu, 2008; Hsu et
al., 2003).

Tab. 2

The search interval for each of the model parameters in
estimating gold grade

Support vector machine

model parameter SETENENTS

C {0.01, 0.1, 1, 10, 100}
v {0.01, 0.1,0.2, 0.3}
Kernel {Linear, Polynomial, RBF}

Table 3 displays the best C and y parameters, as well as
the kernel type, determined through a grid search method
using 10-fold cross-validation. Once the model’s best
parameters were chosen and the lowest error from cross-
validation was achieved, the entire training dataset (90 %
of the total data) was used to train the optimal model.
The process of training the model was carried out using
Python 3.11 software. Following the training phase using
the best parameters, the support vector machine model’s
effectiveness and efficiency were assessed using the test
data (10 % of the overall dataset).
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Tab. 3

Optimal values of C, } and Kernel parameters applying
the gird search method based on cross-validations that is
divided into 10 folds

Optimal parameters The optimal value
of the model of the parameter
C 1
14 0.1
Kernel RBF

SVM methods have been employed in order to improve
the accuracy of gold grade predictions. To achieve this
goal, the dataset needs to be separated into training and
testing sets. The input data consisted of the silver, copper,
lead, and zinc values with gold value being the output
data. This network underwent training using various
combinations of training and testing data, including ratios
of 90/10, 80/20, 70/30, 60/40, and 50/50. The results that
were obtained can be found in table 4. It was found that the
best scenario involved using 90 % of the data for training
and 10 % for testing.

Tab. 4

Impact of varying selection ratios of training and testing
data on support vector machine algorithm

Trainir;g/o/]testing Accuracy [%] RMSE
90/10 82 0.917
80/20 80 0.964
70/30 76.8 0.949
60/40 76.5 0.923
50/50 76.3 0.911

Following the calculation of the training and testing
data ratio, visual patterns were generated using three-
dimensional diagrams to show the correlation between the
actual and predicted values of gold. Furthermore, within
these illustrations, gold anomaly regions were depicted
in pairs based on the concentration of the input elements.
Since gold has a stronger correlation with copper compared
to silver, lead, and zinc, pairs of input elements are first
examined before drawing diagrams to represent anomalies
of gold, as shown in Fig. 12.

5 Conclusions

Today, the implementation of variable estimation
is a recent approach that has facilitated the decision-
making process in various fields of study. Estimating the
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Fig. 12. 3D diagram of gold anomaly zones based on grade of: a) silver and copper, b) lead and copper, ¢) zinc and copper, and d) zinc

and lead.

grade of mineral deposits is a crucial aspect of evaluating
them in geosciences. There exist several techniques to
determine this crucial factor. Years of thorough research
have resulted in the creation of innovative techniques
for estimating variable amount in the deposit. One of the
methods available is the decision tree algorithm, which
is a simple and powerful machine learning algorithm
suitable for classification and regression tasks. It can
be easily understood and is capable of processing many
different types of data. Nonetheless, it is susceptible to
overfitting and may be unreliable. Although they have
limitations, decision trees are utilized in many fields,
making them a useful tool for analysing data and making
predictions. If the data includes logical conditions or
is divided into various categories, the decision tree
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algorithm is the appropriate selection. Using different
classification algorithms is recommended when dealing
with an excessive amount of numerical variables in the
data. By utilizing the decision tree algorithm, it is evident
that diorite, hornfels, amphibole-rich schist, and clay show
the highest potential for gold particle deposition. Diorite
plays a significant role in rock formations containing
gold deposits and is considered the source rock. Indeed,
the thermal engine is situated within the diorite rock,
causing the hydrothermal solutions to move due to the
heat produced. Hornfels does not play a significant role in
gold mineralization due to its low porosity, which results
in poor permeability to hydrothermal fluids, preventing
mineralization in this rock. When pyrite crystals are found
in schist or clay, it indicates the presence of either pyrite or
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its phantom form representing gold. This shows that gold
has been displaced within the sulfur phase due to shifts
in oxidation-reduction conditions. The gold particles are
typically found in reducing environments like clay minerals
and schists, where they can be released from complexes
and precipitated due to hydrothermal activity, making
these rocks favorable hosts for gold. The producer may
consist of diorite while the host rock can be composed of
clay and schist rocks. Hence, it is recommended to obtain
a thin sample from the schists and use electric charge to
determine if gold particles are present. Additionally, it is
important to determine the phase of any gold particles
found in the schist sections: Is it in the crystallization phase
or in the mineralogical phase like pyrite or chalcopyrite?
Furthermore, there has been a build-up of gold particles
in the alteration zones of propylenic, potassic, clay,
siliceous, iron III oxide and chlorite in descending order.
It is important to point out that the propylitic and argillic
alteration zones possess geochemical attributes required
for the accumulation of gold. Mineralization is favored in
the propylitic zone of hydrothermal systems due to its high
oxidation levels and acidic environment. Atmospheric
waters also have a part to play. This area is optimal
for disrupting gold compounds. In the potassic zone,
temperatures exceeding 450 degrees Celsius prevent gold
complexes from breaking unless they are already enclosed
in pyrite and chalcopyrite. However, typically, the area high
in potassium does not have a significant amount of gold
deposits, whereas the surrounding propylitic and argillic
zones are rich in gold because gold complexes are the final
phase to deteriorate and, if they bond, they stay firm even in
colder temperatures. In other words, gold complexes either
do not enter the game or come until the end of the game.
The accumulation of gold particles in the mineralization
zones was also investigated. According to the decision tree
model's results, the hypogene mineralization zone followed
by the oxyhypogene will be given higher priority for the
aggregation of gold particles. In the following stage, the
oxidation and oxysupergen regions are conducive zones for
the accumulation of gold particles. Indeed, the hypogene
mineralization area corresponds to potassic and phyllic
modification. The propylitic zone has a similar level of
oxidation as the hypogene zone, but actually displays more
argillic characteristics. The supergene zone includes clay
minerals, iron oxide, and chlorite, with siliceous alteration
also being part of the argillic zone. Indeed, there is a high
concentration of gold in the hot section of the mine,
which goes against the low gold mineralization found in
Sarcheshme and Songun mines in Iran. In those mines,
gold is mostly deposited in the cold areas near the mass and
in veins of types 4 and 5, which contain pyrite, anhydrite,
and calcite. In conclusion, the decision tree algorithm can
accurately pinpoint mineral-rich areas with a high success
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rate of 92 %, as demonstrated in the relevant section where
the diagram was displayed.

Another effective and powerful machine learning tech-
nique is the support vector machine method, employed
for predicting the gold quality in Janja region. Firstly, the
support vector machine method was used to determine
the best values for the model parameters, followed by
the implementation of the final model with these optimal
parameters. The assessment of the model indicates that
it will be effective in predicting the gold grade, which is
a crucial factor in assessing the quality of the deposit. The
primary objective of this study is to develop a method for
predicting the gold grade based on its distinct characteris-
tics and properties. Due to the limited amount of data in
numerous instances, analysing it can be challenging and
expensive. However, usually during the initial phases of
research, analysis, and forming conclusions and decisions
should be made according to the limited data available.
Appropriate estimation and forecasting methods are
necessary for this task. This research aimed to forecast the
gold grade quantity and accompanying anomaly ranges
in Janja polymetallic deposit by utilizing statistical tech-
niques and support vector machine algorithm. It can be
observed that the support vector machine technique is able
to accurately predict the distribution of gold grades within
a certain range. Hence, it is possible to conclude that em-
ploying support vector machine techniques in geochemical
research on low grade and dispersed elements like gold not
only saves time and money but also identifies patterns by
interpolating between inputs and outputs while reducing
the error between predicted and actual values. The results
of deposit modeling indicate that it has been successful in
predicting the gold grade. Moreover, the economic analy-
sis and mine design can be carried out using the resulting
grade model.
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Porovnavacia stidia pocitacovych metodik rozhodovacieho stromu
a podporného vektora na mapovanie perspektiv zlatonosnosti

Mapovanie geochemickych anomalii je jednym z hlav-
nych cielov geochemického vyskumu. KedZe terénne
Studie su Casovo naro¢né a nakladné, vel’kou pomocou pri
hodnoteni ziskanych udajov je ich spracovaniec metodika-
mi pocitatového spracovania, hlavne algoritmom rozho-
dovacieho stromu (Decision Tree; DT). Je to jednoduchy
a vykonny nastroj pri strojovom uéeni, vhodny na klasifi-
kacné a regresné ulohy. Poskytuje lacnu, rychlu a pomerne
presnu alternativu spracovania ziskanych udajov. Okrem
algoritmu DT ¢lanok prezentuje aj podporny vektorovy na-
stroj (Support Vector Machine; SVM). Obe metodiky boli
aplikované pri mapovani perspektivy zlata v oblasti Janja
vo vychodnom Irane. Porovnanie analytickych vysledkov
ziskanych z tychto dvoch metod potvrdzuje, ze model DT
ma dostato¢nti presnost’ a viac spravnych vysledkov ako
model SVM. Ma to vplyv na proces pripravy a projektova-
nia d’alSich faz prieskumu a mapovania perspektivy zlata
Studovanej oblasti.

Skumana oblast’ Janja v provinciach Sistan a Balucistan
(vychodny Iran) sa vyznacuje charakteristickou pieso¢na-
tou rovinou v nadmorskej vyske 800 — 9 000 m, riedkou
vegetaciou, ale aj malou odkrytostou skalného podlozia
(obr. 1). Skiimana oblast’ zahifia subregion Zabul — Zahe-
dan — Saravan. FlySové sekvencie maji vrchnokriedovy az
oligocénny vek. Vznik tejto zony sa interpretuje zrazkou li-
tosférickych mikroplatni, ktora bola spojend s exhuméaciou
ofiolitovych komplexov. V centralnej a vychodnej casti
z6ny vystupuje formacia Sefidabe (oznacenie KPs na obr.
2). Je to jedna z najrozsiahlejsich jednotiek v oblasti Jan-
ja. Pozostava z vulkanickych a pyroklastickych sekvencit,
ktorych pritomnost’ zohrala ulohu pri vzniku miestnej zla-
torudnej mineralizacie. Vzhl'adom na rozsah prieskumu
a hustu siet’ vodnych tokov sa v oblasti realizoval syste-
maticky odber 285 geochemickych vzoriek a 59 vzoriek
tazkych mineralov z vodnych tokov (obr. 3). Popri odbere
vzoriek z vodnych tokov sa vzorkovanie robilo aj na po-
vrchu v miestach odkrytosti polymetalickych zil.
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Aplikacia algoritmu DT doklada, ze diorit a s nim su-
sediace horniny metamorfované teplom, bridlice a zvet-
raninovy plast’ (hlina) vykazuju najvyssi potencial na
pritomnost’ zlatych castic. Diorit ma tradicne vyznamnu
ulohu v horninovych sekvenciach obsahujucich loziska
zlata a povazuje sa za zdrojova horninu mineralizacie.
Teplo dioritovej magmy napomaha hydrotermalnym pro-
cesom. Naopak, kontaktné rohovce v susedstve dioritovych
telies zohravajii negativnu tlohu pri vzniku zlatorudne;j
mineralizacie pre ich nizku pérovitost,, stazujiicu prestup
hydroteriem a krystalizaéné procesy mineralizacie. Krys-
taly pyritu nachadzajuce sa v bridlici alebo hline indikuju
vyzrazanie zlata zo sulfatovej fazy v dosledku zmeny oxi-
da¢no-redukénych podmienok. Castice zlata sa zvycajne
nachadzaji v redukénom prostredi, ako st ilovité mineraly
a bridlice. Tam sa mozu vyzrazat' v dosledku hydrotermal-
nej aktivity. Vd’aka tomu st tieto horniny perspektivne na
zlatorudn mineralizaciu. Zdrojovou horninou v pripa-
de vyskytov v oblasti Janja je teda diorit a hostitel'skym
prostredim su bridlice a zvetraninovy plast. Doélezité je aj
zistenie formy vyskytu zlata v bridliciach (napr. v pyrite
alebo chalkopyrite) a skimanie propylitizovanych a ar-
gilitovych alteracnych zon. Mineralizacia sa prednostne
vyskytuje v propylitickej zone hydrotermalneho systému
v dosledku vysokej irovne oxidacie a kyslého prostredia.
Ulohu zohrava aj atmosféricka voda. Oblasti s vysokym
obsahom draslika vSak zvycajne nedisponuju VvAaCSim
mnozstvom zlatorudnych lozisk. Naopak, susediace oko-
lité propylitické a argilitové zony st bohaté na zlatorudni
mineralizaciu. Zaver ¢lanku prinaSa hodnotenie, ze algo-
ritmus rozhodovacieho stromu (DT) mdze urcit' oblasti
bohaté na vyhladdvani mineralizaciu s vysokou uspes-
nostou.
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