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Abstract
Machine Learning technologies have the potential to deliver new nonlinear mineral prospectivity mapping (MPM) models. In
this study, Back Propagation (BP) neural network Support Vector Machine (SVM) methods were applied to MPM in the Hatu
region of Xinjiang, northwestern China. First, a conceptual model of mineral prospectivity for Au deposits was constructed by
analysis of geological background. Evidential layers were selected and transformed into a binary data format. Then, the processes
of selecting samples and parameters were described. For the BP model, the parameters of the network were 9–10 − 1; for the
SVM model, a radial basis function was selected as the kernel function with best C = 1 and γ = 0.25. MPM models using these
parameters were constructed, and threshold values of prediction results were determined by the concentration-area (C-A) method.
Finally, prediction results from the BP neural network and SVMmodel were compared with that of a conventional method that is
the weight- of- evidence (W- of- E). The prospectivity efficacywas evaluated by traditional statistical analysis, prediction-area (P-
A) plots, and the receiver operating characteristic (ROC) technique. Given the higher intersection position (74% of the known
deposits were within 26% of the total area) and the larger AUC values (0.825), the result shows that the model built by the BP
neural network algorithm has a relatively better prediction capability for MPM. The BP neural network algorithm applied in
MPM can elucidate the next investigative steps in the study area.
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Introduction

Mineral exploration aims to identify areas that may include
new mineral deposits (Yue et al., .2017). However, finding

new mineral deposits is becoming increasingly difficult, with
the most obvious already having been identified, and requires
sustained research and development of new methods
(Carranza 2017.). Mineral prospectivity mapping (MPM)
can be a key procedure in mineral exploration; the approach
is concerned with quantifying and mapping the likelihood that
a mineral may be found by exploration in a study area.
Original MPM models can be traced to the works of mathe-
matical geologists such as Harris (1965, 1969), Sinclair and
Woodsworth (1970), Agterberg (1971, 1974), and Bonham-
Carter (1994).

In MPM, different evidential layers are extracted from
known deposit-types as training input data (Bonham-Carter
1994) in order to find a spatial correlation between known
deposits and various layers based on numerous computational
algorithms (Carranza 2008). The integration of different evi-
dential layers and the identification of favorable areas are key
tasks in the MPM process (Zuo et al. 2014; Zhang and Zhou
2015), and mathematical models play an important role in this
procedure.In general, mathematical models for MPM can be
categorized into knowledge- or data-driven constructs,
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although hybrid models also exist (Cheng and Wu 2017). In
knowledge-driven techniques, few known mineral deposits are
predicted in areas of interest; the approach is commonly used in
poorly explored terrains, and so expert experience and judg-
ment are required (Zhang and Zhou 2015). Knowledge-driven
methods include constructs incorporating index overlay
(Carranza et al. 1999; Sadeghi and Khalajmasoumi 2015), the
fuzzy analytical hierarchy process (Najafi et al. 2014), fuzzy
logic (Abedi et al. 2013; Molan and Behnia 2013), wildcat
mapping (Carranza 2010; Carranza and Hale 2002a),
Dempster-Shafer belief theory or EBFs (e.g., Moon 1990;

Hashemi Tangestani and Moore 2002; Abedi et al. 2017),and
the outranking method (e.g.,. Abedi et al. 2013, 2012a, b).
Data-driven methods are suitable for study areas with a reason-
ably large number of known deposits that are in regions of
interest are used as Btraining points^to recognize and establish
spatial relationships among deposits with particular exploration
evidential features (Najafi et al. 2014). Data-driven methods
include weights-of-evidence (Agterberg and Bonham-Carter
1999; Carranza and Hale 2002b), fuzzy weights-of-evidence
(Cheng et al. 2007) logistic regression (e.g., Agterberg and
Bonham-Carter 1999; Carranza and Hale 2001; Mejía-

Fig. 1 Schematic geological map of Western Junggar, Xinjiang (modified after 1:200,000 geological maps).)
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Herrera et al. 2015), and some machine learning methods such
as Bayesian networks classifiers (Porwal et al.; 2006; Abedi
and Norouzi 2012), neural networks (Harris and Pan 1999;
Brown et al. 2000; Oh and Lee 2010), random forests
(Breiman 2001), Boltzmann machine (Chen et al. 2014; Chen
2015), and support vector machines (Zuo and Carranza 2011;
Abedi et al. 2012a).

In the field of MPM, comprehensive metallogenic informa-
tion has multi-source characteristics; thus, the relationship be-
tween this information and mineralization is very complex and
mostly nonlinear (Rodriguez-Galiano et al. 2014). Traditional
linear mathematical methods struggle to reveal these complex
relationships when applied to MPM. Indeed some studies have
shown that machine learning algorithms are more advanta-
geous than traditional techniques (Piccini et al. 2012; Hamid
et al. 2011). Machine learning can identify and build compli-
cated nonlinear relationships between mineral deposits and ev-
idence. Therefore, the application of machine-learning-based
non-linear technology to MPM is helpful as regards obtaining
detailed understanding of nonlinear dynamic behavior of
metallogenic systems. In addition, the prediction of mineraliza-
tion system evolution can be incorporated into metallogenic
prediction more easily using machine-learning-based non-
linear technology; hence, more accurate prediction results can
be achieved (Rodriguez-Galiano et al. 2014).

The objective of this study was to compare predictive
modeling for MPM based on BP neural network and SVM
machine learning algorithm. The MPM model was construct-
ed and tested using evidence layers from the Hatu region of
Xinjiang, China. The prospectivity efficacies of the BP neural
network, SVM, and a weight-of-evidence (classical method)
were contrasted and evaluated using traditional statistical anal-
ysis, prediction-area (P-A) plots, and the receiver operating
characteristic (ROC) technique. The best results obtained
from the proposed methods can be used to direct the next
stages of MPM work in the study area.

Geological setting

The western Junggar area is located on the western margin of the
Junggar Basin, northern Xinjiang, China. In terms of administra-
tive division, the western Junggar area belongs to Tacheng pre-
fecture, Ili Kazakh Autonomous Prefecture (Zhang and Zhou
2015; Liu et al. 2017). It extends to Sawuer Mountain in the
north, Ebinur Lake in the south, Buerkesidai-Karamay in the
east, and Omin-Tuoli-Alataw pass in the west (Fig. 1). The area
hosts the best gold deposits in Xinjiang to date, with over 200
gold deposits or mineralization occurrences. Western Junggar is
situated in the convergence belt between the Siberian Plate and
Tarim Plate, and in the Hercynian back-arc basin. Owing to the
regional tectonic stress field, the study area has relatively

developed folds and fault structures (Shen et al. 2009). The strata
cropped out in the western Junggar area include mainly
Ordovician-Silurian epimetamorphic rock series of the lower
Paleozoic, Devonian–Carboniferous marine volcanic rocks, tur-
bidite formations of- the upper Paleozoic, and Permian-Triassic
terrestrial volcano-molasses formation. The Tailegula Formation,
Baogutu Formation, and Xibeikula Formation are the main gold-
bearing strata in the metallogenic districts; Devonian Kulumudi
Formation is also a gold-bearing stratum. Neopaleozoic post-
collisional plutonic rocks composed of intermediate–acidic- in-
trusive rocks are extensively developed in the metallogenic belt;
they are divided into two main categories. (Abedi et al. 2017) A:
huge acidic batholith dominated by alkali-feldspar granite, which
is found on the two sides of the Darabut fault and constitutes the
Darabut alkali-rich igneous rock belt (Han et al. 2017). Examples
in this category include a pluton under Miao’ergou, Akbastau,
Karamay, and Hongshan. (Abedi et al. 2013) A granodiorite-
quartz diorite, which is mainly in the form of small stock and
distributed southeast of the Dalabut fault (Zhao et al. 2006).

The Hatu region is located on the northwestern (NW) margin
of the Junggar Basin (Fig. 1) and)is a part of the northern wing of
the east section of the Zhayier-Dalabute synclinorium of the
western Junggar Varisian fold belt (David et al. 1993; Wang
and Zhu 2015; Shen et al. 2016).The formation outcrops of this
region are relatively simple since they primarily consist of car-
boniferous rocks, and include the Lower Carboniferous
Xibeikulasi Formation (C1x), Upper Carboniferous Baogutu
Formation (C2-3b), and Tailegula Formation (C2-3 t). The
Middle Devonian Baerleike Formation (D2b) and Kayierbayi
Formation (D2k) were observed only in the northern end of this
region. The host rocks are dominantly basalt with minor crystal-
vitric tuff and tuffaceous siltstone. Regional structures are gener-
ally oriented towards the northeast (NE). The NE fault of the
Anqi fault (tensile fault) and the Hatu fault (torsional fracture)
together constitute a narrow rift basin, which comprises the basic
structural framework in the study area and controls the gold
deposit distribution. The evolution of the regional geological
structure was conducive to gold formation, and it has the best
gold mineralization in Xinjiang (Wang and Zhu 2015). Most of
the gold mines are distributed along the northeast Anqi fault,
including Hatu, Qi-II, Qi-III, Qi-IV, and Qi-V (Fig. 2). In addi-
tion, intrusive magmatic activity in this area was strong, and
provided a favorable tectonic environment for gold mineraliza-
tion. The Hatu Au mineralization is hosted in quartz veins and
altered rocks within Lower Carboniferous basalt and minor tuff.
As inmost goldmines, wallrock alteration is highly developed in
the Hatu mining area. The most commonly observed alterations
are pyritization and arsenopyritization, followed by
carbonitization, silification, sericitization, and chloritization
(Shen et al. 2016). A conceptual model of mineral prospectivity
for Au deposits in the study area was established on the basis of
the anatomy of known deposits and on the analysis of available
data (Table 1).
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Methodology

BP algorithm

To date, the most commonly used artificial neutral network
(ANN) is a BP neural network, also known as an error back
propagation neural network. This kind of algorithm was first

proposed in 1986 by the parallel distributed processing group
of Rumelhart et al. (Hamid et al. 2011). The BP network can
learn and store a large number of input-output pattern map-
pings without revealing the mathematical equations that de-
scribe this mapping. The learning rule employed in this net-
work uses the steepest descent method and constantly adjusts
the network weights and thresholds via back propagation, so

Fig. 2 Geological map of the Hatu area (1: 50,000)

Table 1 Conceptual model of Au deposits in the Hatu region

Metallogenic factor Description

Geological background Tectonic environment The northeast, northwest-west, and near east-west-striking faults play the
most significant roles in controlling gold mineralization in this region.

Intrusive rocks The intermediate-to-acidic rocky outcrops in this region frequently contain
gold. Hence, acidic magma activity and gold metallogenesis are closely
related in time and space within this region.

Ore-bearing strata Regions of gold deposits and mineralization in this area are generally
concentrated within the Middle-to-Late Carboniferous strata and Middle
Devonian strata. Regions of gold mineralization are especially concentrated
in sections where intermediate-to-basic volcanic rocks have developed
in the Middle-to-Late Carboniferous Tailegula Formation.

Wallrock alteration Altered wallrock sections and shattered fault zones where intense pyritization,
arsenopyritization, chloritization, sericitization, silification, and carbonitization
overlap each other are the most noticeable indicators for this region.

Dike rock characteristics The widely distributed quartz veins in this region often contain gold. Small singular,
complex, and networked quartz veins produced in fault alteration zones and secondary
faults on either side of these zones generally exhibit excellent gold-bearing properties.

Regional geophysical characteristics Gravity data The gravity field in gold deposits is elliptical, and distributed in EW–NE direction.
The contours near faults are obviously twisted or linear.

Regional geochemical characteristics Marked As and Ag geochemical anomalies on the surface, natural heavy concentrates
and gold anomaly zones, and beneficial mineral (native gold) diffusion halos are
all important characteristics for gold prospecting.
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that the network sum squared error is at a minimum when the
training is completed. The algorithm is usually composed of
input, hidden, and output layers, including forward and back-
ward propagation. A neuron of the ANN calculates the
weighted sum of its inputs and passes it through a transfer
function to generate an output. The most popularly used trans-
fer function is the sigmoid logistic function, which is defined
by the following formula (Ma et al. 2017):

f xð Þ ¼ 1

1þ e−x
ð1Þ

The error function E is the sum of squares of the difference
between the desired output and the actual output (see formula
2), where yj

m is the actual output of the m layer and Tj is the
expected value of the output unit.

E ¼ 1

2
∑
i

ymi −T j
� �2 ð2Þ

The input and output layers are calculated sequentially,
until the output layers. If some deviation occurs between the
network output and its expected output, backward

Fig. 3 GIS Database of the Hatu area
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propagation is initiated. In the direction of error propagation,
the gradient descent method is adopted; that is, the connection
coefficient between neurons is adjusted to reduce the total
error to the decreasing direction. The mathematical equation
is expressed as:

ΔW i j∝−η
∂E
∂Wij

ð3Þ

where 0 < η < 1,η is the learning rate, and the adjustment for-
mula of the weight coefficient is Wij(t + 1) =Wij(t) + ΔWij; in
order to accelerate the convergence speed, the last weight

Table 2 Geological variable values of known deposits

Geological Variables X1 X2 X3 X4 X5 X6 X7 X8 X9

Mine
Name

Qiqiu No. I 1 0 0 1 1 1 1 1 1
Qiqiu No. II 0 1 1 1 1 1 0 1 0
Qiqiu No. III 0 1 1 0 1 0 0 1 1
Baobei 0 1 0 0 1 0 0 1 1
Qiqiu No. IV Eastern 0 0 1 1 1 0 1 0 1
Qiqiu No. IV Central 1 1 0 1 1 1 1 0 1
Qiqiu No. IV Western 1 1 0 1 1 1 1 0 1
Sa 14 0 1 0 1 1 1 0 0 1
No. 127 1 1 0 0 1 0 1 0 1

Fig. 4 Binarization map of the pyrition evidence layer
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coefficient is often considered and used as one basis of the
improvement, so the weight coefficient adjustment formula is
defined as:

Wij t þ 2ð Þ ¼ Wij tð Þ þ ΔWij þ a Wij t þ 1ð Þ−Wij tð Þ
� � ð4Þ

where 0 <α < 1, and α is the correction constant of the weight
coefficient.

SVM algorithm

The SVM method is based on the concept of the optimal
classification hyperplane, in which two types of sample are
linearly separable. It is driven from statistical theory and uti-
lizes structural risk minimization principles, inner product ker-
nel functions, and VC dimension theory to solve problems
including small sample learning, nonlinear recognition, and
high-dimensional pattern recognition (Smola and Schölkopf
2004; Zuo and Carranza 2011). In this study, SVM was used
as an alternative tool for mineral prospectivity mapping.

The sample training set contains N vectors of d-
dimensional feature space, xiϵR

d(i = 1, 2,…,N),and the target
yi ϵ{−1,1} is associated with each vector xi. The problem of

finding the optimal hyperplane is transformed into the prob-
lem of solving the convex quadratic equation, as follow:

Minimize :
1

2
ωk k2

Subject to : yi ω � xi þ bð Þ≥1; i ¼ 1; 2;…N

(
ð5Þ

where ω,b represents the coefficients of hyperplane equations
f(x) = ω∙x + b. According to the convex quadratic program-
ming solution in optimization theory, the Larange function is
constructed as follows:

L ω;α; bð Þ ¼ 1

2
ωk k2− ∑

N

i¼1
αiyi � ω⋅xi þ bð Þ þ ∑

N

i¼1
αi ð6Þ

where αi i ¼ 1; 2;…;Nð Þ is the introduced Lagrange
multiplier.

By adding the error penalty factor C to the objective func-
tion and setting the threshold, the above equation is trans-
formed into:

Maximize : ∑
N

i¼1
αi−

1

2
∑
N

i¼1
∑
N

j¼1
αiα jyiy j X i � X j

� �
K X i � X j
� �

subject to : ∑N
i¼0αiyi ¼ 0; 0≤αi≤c; i ¼ 1; 2;…;N

8<
:

ð7Þ

The K(xi, xj) function is a kind of kernel function, which is
conformable to theMercer theorem. Themost common kernel
functions include the Linear Function K(xi, xj)=XT

i X j;

Polynomial Function K(xi, xj) = (γxTi x j þ r )d, γ > 0; Radial
Basis Function, K(xi, xj) = exp(−γ ∥ xi − xj∥2), where γ > 0;
and Sigmoid Function: K(xi, xj) = tanh(γxTi x j þ r )d.

GIS database

The geological and mineral space database of the Hatu
region was constructed using ArcGIS10.1 (Fig. 3). A
geographic coordinate system, namely Beijing 1954,

Fig. 5 Mineral prospectivity mapping using the Weight-of-evidence (W-of-E) method

Fig. 6 Selection of hidden nodes number and training time
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was used (6-degree Gauss-Kruger zone 14, central me-
ridian 81°, and unit m). The database comprises planar
elements, linear elements, and dot elements, including:
(Abedi et al. 2017) a single dot element representing the
Au mineral deposits; (Abedi et al. 2013) a single linear
elements representing faults; (Abedi and Norouzi 2012)
7 planar elements representing intrusive rocks, sedimen-
tary (volcanic) strata, quartz veins, the spread halo of
natural gold and the anomalies of natural heavy sand.
The geological maps were compiled from Xinjiang
Bureau of Geology and Mineral Resources mapping at
a scale of 1:50,000. The geochemical data comprised
the spread halo of natural gold and the anomalies of
natural heavy sand, which were at a scale of
1:200,000 and collected from the 1:20 Natural Heavy
Sand Database. In this study, according to conceptual
model and available data, geological and geochemical
datasets were used as sources of evidence for mineral
prospectivity mapping.

Data acquisition process

The geological map of the Hatu area was divided into
800 grid units; namely, information statistical units,
using the regular grid method. Nine evidence layers ac-
cording to the conceptual model were selected to build
the mineral prospectivity model, including: the spread

halo of natural gold(X1); quartz veins (X2); anomalies
of natural heavy sand (X3); fracture intersections (X4);
NE-oriented fractures (X5); NW-oriented fractures (X6);
EW-oriented fractures (X7); pyrition (X8); and favorable
formations (X9). These nine evidence layers were dis-
tributed across grids of the same size as the study area,
and the grid units were converted to the 0 and 1 data
format via binarization classification. That is, if a given
evidence layer was present in a certain grid unit, a
value of 1 was assigned. Otherwise, a value of 0 was
given. Then, evidence layers were initialized using the
well-defined regular grid units to form a m (800) × n
(Atkinson and Tatnall 1997) data matrix, where m is
the number of grid units and n is the number of evi-
dence layers. As an example, Table 2 shows the values
of evidence layers for the nine known exemplary de-
posits, which were the main deposits in the Hatu region
chosen (Fig. 2). Figure 4 shows the nine evidence
layers for MPM associated with Au deposits in the area.

Sample selection

Weight-of-evidence (W-of-E) is a traditional and most
widely used method; it was first applied to the predic-
tion of mineral deposits by Bonham-Carter et al. (1989)
and described in detail by Agterberg and Bonham-Carter
(1999). It was used to integrate the nine evidence layers
to produce an MPM result (Fig. 5). In total, 23 loca-
tions associated with known Au deposits, and 23 ‘non-
deposit’ locations in the non-metallogenic district (Fig.
5) were selected. The selection for ‘non-deposit’ loca-
tions followed the four criteria defined by Carranza
(2008). Finally, the 46 samples were used to learn and
set up the models using the BP and SVM methods.
Finally, 70% of points from the 46 dots were selected
randomly as the training samples; the remainder were
used as test samples.

MPM in the study area

Application of the BP algorithm

In this study, MATLAB (2014a) was used to implement
the BP algorithm for MPM. The network contains threeFig. 8 Relationship between target values and output values

Fig. 7 Back Propagation (BP)
neural network architecture used
in this study

560 Earth Sci Inform (2018) 11:553–566



parts: one input layer with 9 nodes, one hidden layer
with 10 nodes, and one output layer with 1 node
representing metallogenic prospectivity. Hyperbolic tan-
gent sigmoid transfer (tansig) and log-sigmoid transfer
(logsig) functions were used to describe the transfer
functions of the hidden and output layers, respectively.
The learning function was the levenberg-marquardt
back-propagation function (trainlm), the threshold and
weight learning function was the gradient descent
weight and bias learning function (learngd), and the
performance function was the mean squared normalized
error performance function (MSE).

The numbers of input- and output-layer nodes are
determined by the nature of the actual problem. The
choice of the number of hidden nodes is a complex
problem determined by many factors, such as the num-
ber of training samples, the size of the sample noise,

and the complexity of the problem. Usually, there is no
rigorous theoretical guidance to determine the number
of neurons in a hidden layer (Atkinson and Tatnall
1997). In this study, a trial and error method using an
empirical formula was used to determine the number of
nodes in the hidden layer. The number of hidden-layer
nodes corresponding to the minimum mean square error
(MSE) value can be determined by changing l and
using the same sample set for the training process.
This formula is expressed as (Ma et al. 2017):

l ¼ ffiffiffiffiffiffiffiffiffiffiffiffi
nþ m

p þ a; ð8Þ
where l, n, and m are the numbers of hidden-, input-,
and output-layer nodes, respectively; and a is a constant
adjustable between 1 and 10 (Xu et al. 2015).
According to the empirical equation, the number of

Fig. 9 Concentration-area (C-A) model for prospectivity map

Fig. 10 Mineral prospectivity mapping using the Back Propagation (BP) method
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neurons in hidden layer is between 4 and 13 in this
study. As shown in Fig. 6, when the number of
hidden-layer nodes was 10, the mean square error
(MSE) value of training samples and the training times
were smaller than for the other conditions. Hence, the
number of hidden layer nodes is set to 10, the maxi-
mum number of training times was set to 200, and the
error tolerance was set to 10−5. The learning rate was
set to just 0.01 because too high a learning rate may
lead to system instability, while too small a learning
rate may lead to longer training time and slower con-
vergence; however, a lower learning rate can also guar-
antee that the error value of the network does not jump
out of the trough of the error surface, and eventually
tends to the minimum error value (Yin et al. 2017).
Therefore, smaller learning rates are commonly used to
ensure system stability, usually ranging from 0.01 to
0.8. The final network architecture is shown in Fig. 7.

Finding the proper parameters with BP methods can
avoid the over fitting phenomenon; the number of hid-
den layers and the training times, which are two impor-
tant influencing factors for over fitting, were not larger
in this study. In addition, the output tracked the targets

well for training, testing, and validation, and the R-
value is over 0.95 for the total response (Fig. 8). This
phenomenon also shows that there is no over fitting in
this BP model (Neural Network Toolbox™ 7 User’s
Guide). After the BP-based prediction model with the
above parameters was established, the concentration-
area (C-A) method was used to determine the
metallogenic prospectivity threshold (Fig. 9). The C-A
method was proposed by Cheng et al. (1994), and is
presented in detail in Zuo and Wang (2016). The
three-classification result for MPM (Fig. 10) could be
obtained based on the C-A model (Fig. 9).

Application of the SVM algorithm

MATLAB (2014a) and libsvm3.1were used to imple-
ment the SVM algorithm for MPM. The choice of a
kernel function (K) and its parameters for an SVM are
crucial for obtaining good results (Zuo and Wang 2016).
Four common kernel functions were used to predict the
training and test sets. As shown in Fig. 11, the MSE
value was closest to the predicted values calculated
using the RBF kernel function with the training or test
sets; therefore, the RBF function was chosen as the
kernel function in this study; the RBF function is wide-
ly used in practical application (Foody and Mathur
2004; Oommen et al. 2008).

As shown in formula of the RBF function, C is a
penalty value for misclassification error and γ is an
inner product coefficient that determines the RBF width
and affects classification accuracy. Too large gamma
will lead to over fitting. In this study, the grid search
method and cross validation were used to determine the
values of C and gamma. The results are shown in
Fig. 12. In Fig. 12, the x- and y-axes represent the
logarithmic values (to the base 2) of C and γ respectively,
while the contour line represents the MSE value of the
corresponding values of C and γ. The lowest MSE val-
ue corresponds to the optimal values of C and
γ.Therefore, the best C and γ were obtained (C = 1, γ
=0.25).Since the C and gamma values were small, over
learning was avoided. The SVM model was used for
MPM, the threshold was determined by the C-A meth-
od; the results are shown in Fig. 13.

Discussion

Validation of the predictive spatial model is a vital step
in any prospectivity modeling method (Nykänen et al.
2015). In this study, three methods were tested (BP,
SVM, and W-of-E). The number of known deposits in
high-favorability metallogenic districts and the areaFig. 12 Grid search method for the selection C and γ values
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ratios of these districts given by post-classification pre-
dictions are used by many scholars to evaluate forecast
results. This is because in smaller areas of spatial evi-
dence, it is empirically ‘easier’ to identify undiscovered
deposits than in larger areas (Yule 1912; Good 1950;
Burger et al. 1989). Using this approach, the statistical
results of the BP, SVM and W-of-E methods (Table 3)
were obtained. The proportions of high favorability
metallogenic districts in the whole study area were
found to be 12.875%, 10%, and 9.25% for the three
methods, respectively, but all contained 12 known de-
posits. The proportions of high and medium favorability
metallogenic districts were 32.375%, 35.375%, and
30.25% respectively, but they contained 82.61%,
86.96%, and 69.57% of known deposits, respectively.
The fewest numbers of known deposits was predicted
in the high and medium favorability metallogenic dis-
tricts by the W-of-E method; however, there was little
difference in performance between the BP and SVM
methods.

As another means of evaluating prospectivity models,
Yousefi et al. (2012, 2013) plotted prospectivity classes
against the percentage of known mineral occurrences
delineated by (i.e., the prediction rate of) respective
prospectivity classes. The same prediction-area (P-A)
plots were employed in this study (Fig. 14). Based on
this approach, the BP method found that 74% of the

deposits were contained in 26% of the study area; for
the SVM method, 72% of the deposits were contained
in 28% of the study area; for the W-of-E method, 68%
of the deposits were contained in 32% of the study
area. Therefore, the BP method exhibited better predic-
tive capability than the SVM and W-of-E methods for
the Hatu-region.

The receiver operating characteristic (ROC) technique
has been widely used to test the validity of spatial pre-
dictive models (Bradley 1997; Nykänen et al. 2015) and
represents an .alternative approach to visualizing, orga-
nizing, and selecting classifiers based on their perfor-
mance. The value of the area under curve (AUC) ranges
from 0 to 1.0; the larger the AUC, the better the per-
formance. A ROC curve nearer to (0, 1), leading to a
larger AUC value, represents a more efficient classifica-
tion (Fawcett 2006; Gao et al. 2016). ROC curves and
statistical analysis were adopted to assess the prediction
performance of the three methods. Figure 15 shows the
results of ROC analysis considering both the true posi-
tive rate (TPR) and the false positive rate (FPR) accord-
ing to different probability threshold values of mineral
prospectivity. The AUC for the BP, SVM and W-of-E
methods were 0.825, 0.811, and 0.790, respectively. The
results show that a satisfactory effect was achieved by
the application of BP, because when the value of AUC
is between 0.7–0.9, higher accuracy is obtained.

Fig. 13 Mineral prospectivity mapping using the Support Vector Machine (SVM) method

Table 3 Statistical results for the BP, SVM and W-of-E methods

High-favorability metallogenic districts Medium-favorability metallogenic districts Non-metallogenic districts

Different methods BP/SVM/Wof E BP/SVM/W of E BP/SVM/Wof E

Number of known deposits 12//12/12 7/8/4 4/3/7

Area covered 12.875%/10%/9.25% 19.5%/25.375%21% 67.625%/64.625%/69.75
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The P-A plot (Fig. 14) was constructed based on the
ability of prospectivity models to predict mineral de-
posits with respect to the size of predicted target areas.
The ROC curves (Fig. 15) were constructed based on
whether every grid of the study area was classified cor-
rectly or not. In summary, two different validation
methods both found that the BP method provided the
more accurate results in this study.

Conclusions

In this study, a method of MPM based on the BP and SVM
algorithms was developed and implemented, and compared
with the application of a traditional W-of-E method. The fol-
lowing conclusions were obtained:

1. Sample and parameter selection is very important as
regards BP and SVMmodel application. Sample selection
must be according to four criteria. Parameter selection is
usually according to the MSE value; smaller MSE values
result in better fitting performance.

2. P-A and ROCwere used to effectively evaluated the three
tested methods; and results indicate that MPM using the
BP and SVM machine learning methods have better pre-
diction performance than the traditionalW-of-E approach.
The BP method has relatively best prediction capability
for MPM in this area; however, this validation was not
obtained using a traditional statistical method.

3. The next investigative step for predictive work in
the study area will be to focus on high-favorability
metallogenic districts that are not known to contain
deposits.

4. The construction and application of the nonlinear MPM
model based on machine learning is closely related to the
analysis of regional metallogenic regularity and the ex-
traction of ore-forming geological variables. However,

Fig. 14 P-A plot for mineral prospectivity. a: Back Propagation (BP) method; b: Support Vector Machine (SVM) method; c: Weight of evidence (W-of-
E) method

Fig. 15 Receiver operating characteristic (ROC) curves for validation
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further work is needed to identify the most suitable geo-
logical variables for machine learning in MPM models.
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