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Abstract: The effective integration of geochemical data with multisource geoscience data is a necessary
condition for mapping mineral prospects. In the present study, based on the maximum entropy
principle, a maximum entropy model (MaxEnt model) was established to predict the potential
distribution of copper deposits by integrating 43 ore-controlling factors from geological, geochemical
and geophysical data. The MaxEnt model was used to screen the ore-controlling factors, and eight
ore-controlling factors (i.e., stratigraphic combination entropy, structural iso-density, Cu, Hg, Li, La, U,
Na,;O) were selected to establish the MaxEnt model to determine the highest potential zone of copper
deposits. The spatial correlation between each ore-controlling factor and the occurrence of a copper
mine was studied using a response curve, and the relative importance of each ore-controlling factor
was determined by jackknife analysis in the MaxEnt model. The results show that the occurrence
of copper ore is positively correlated with the content of Cu, Hg, La, structural iso-density and
stratigraphic combination entropy, and negatively correlated with the content of NayO, Li and U. The
model’s performance was evaluated by the area under the receiver operating characteristic curve
(AUC), Cohen’s maximized Kappa and true skill statistic (TSS) (training AUC = 0.84, test AUC = 0.8,
maximum Kappa = 0.5 and maximum TSS = 0.6). The results indicate that the model can effectively
integrate multi-source geospatial data to map mineral prospectivity.

Keywords: maximum entropy model; mineral exploration; GIS; mineral perspective mapping;
Mila mountain

1. Introduction

The origins of mineral prospectivity modeling (MPM) can be traced back to mathematical geology,
which is an important field of mineral resource evaluation [1-3]. Geographic information systems
(GIS) establish a spatial prediction model for mineral prospect modeling through comprehensive data
sets, such as geological maps, stream sediment geochemical data, aeromagnetic data, etc.

In recent years, with the rapid development of computer technology, many GIS-based mineral
prospective analyses and prediction models have been developed. These models can be divided into
knowledge-driven, data-driven and hybrid-driven methods. The knowledge-driven methods are based
on expert knowledge and the experience of the spatial connection between mineral exploration criteria
and the type of deposit sought and is often used in cases where there are insufficient known deposits
in the study area, including fuzzy logic [4,5], boolean logic [3-6], evidential belief modeling [7-9],
wildcat mapping [10,11], spatial factor analysis [12], etc. Data-driven methods are based on the
spatial correlation between known mine sites and multiple exploration datasets and are typically
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applied to research areas with known deposits/points, such as weights of evidence methods [5,13-17],
logistic regression [2,18-20], neural networks [21-25], multifractal methods [26-28], support vector
machines [29-31], random forests [32-34], etc. The hybrid-driven models combine the advantages of the
above two kinds of models, such as fuzzy evidence weight [17,35], fuzzy neural networks [36,37], etc.

The purpose of mineral exploration is to study the relationship between known deposits and
ore-controlling factors and then to find new deposits in the area of interest. The idea of this method is
similar to the maximum entropy (MaxEnt) model. The MaxEnt model is a statistical model with good
performance, which is often used for probabilistic estimation. It is suitable for solving classification
problems and is superior to other methods in dealing with many problems, especially when sample
data is limited [38,39]. The basic idea of the MaxEnt model is to make the most objective and uniform
estimation of unknown events based on satisfying all known events. In recent years, the MaxEnt model
has been widely used in natural language processing [40,41], economic prediction [42], geographical
distribution of animal and plant species [43] and other fields. Nevertheless, few reports showed that
the MaxEnt model was applied in mineral exploration. A MaxEnt model was applied to predict the
potential distribution of orogenic gold deposits [44]. However, the parameters negatively related
to the mineralization process were not considered and the optimization selection of the  value or
regularization multiplier in the model was not discussed in detail.

In the present study, we considered the parameters that negatively correlated with the
mineralization process and optimized the regularization multiplier, used geology, geochemistry
and geophysical data to establish a MaxEnt model for mineral prospect analysis, and carried out
quantitative prediction and evaluation of copper mineralization in the Mila Mountain integrated
exploration area to delineate prospecting. The prospective area provides reference and assistance for
further prospecting exploration.

2. Study Area and Data

2.1. Study Area

The study area is located in the city of Lhasa, Tibet, China. It is located centrally and south of the
Gangdese-Nyaingentanglha (terrain) plate in the Tethys structural area of Tibet (29°10" N~29°55" N;
90°45’ E~93°00" E), with an area of approximately 12,290 km?, and is an important copper metallogenic
area in China [45-48]. The magmatic intrusion in the study area is intense, and the overall spatial
distribution is east-west. According to the age of the rock formation, the study area can be divided into
Pan-African, Indo-Chinese, Yanshan and Himalayan [49,50]. There are faults in the eras, among them
the Mesozoic and Cenozoic intrusive rocks are most closely related to mineralization. The intrusive
rocks in the study area are dominated by intermediate-acid intrusive rocks, mostly in the Himalayan
period. In space, the intrusive rocks are distributed in various tectonic units, but the different diagenetic
environment of each tectonic unit results in different characteristics of the intrusive rocks. The magmatic
rocks are well developed in the region, and their spatial distribution is controlled by geotectonic
unit belts. There are both exposed areas of deep intrusive bodies and the thick volcano-sedimentary
rocks. The magmatic rocks are mainly distributed in the north of the Yajiang fault and are some of the
important components of the Gangdese volcano-magma arc [51]. The general trend of the tectonic
line in the study area is in an east-west direction. Due to the long-term strike-slip effect of the region,
the secondary tectonic lines are mostly in the northwest-west direction, and there could be concealed
structures in the north-east direction in the deep part. Due to the impact of the Indian-Eurasian plate
collision, several NW-trending nappe structures were developed [52,53]. The main nappe surface is
reversed from the deep basin-controlling fault in the passive continental margin period and is now
realized as an overthrust fault with ductile-brittle deformation characteristics [53]. The fault structure
controls the migration of hydrothermal fluids and controls the intrusion of magmatic rocks, which plays
a vital role in mineralization. At present, porphyry copper (molybdenum) deposits, skarn-porphyry
copper deposits and skarn copper deposits have been discovered in the study area [54,55]. Most of
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the known ore deposits are located near the faults, where the ore body (mineralization) is observably
controlled by the structure (Figure 1).
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Figure 1. Simplified geological map of the study area.

2.2. Data

2.2.1. Stratigraphic Combination Entropy

The strata of the study area can be divided into the Gangdese-Tengchong stratigraphic region,
the Yarlung Zangbo stratigraphic region and the Himalayan stratigraphic region, and can be further
divided into the Lhasa stratigraphic subregion, the Shigatse stratigraphic subregion, the Zhongba
stratigraphic subregion, the Zedang stratigraphic subregion and the Kangma-Longzi stratigraphic
subregion. The study area contains 43 copper deposits. Through GIS spatial analysis, there are
32 deposits related to stratigraphic space. The strata with the highest proportion of ore deposits is the
Yeba formation, followed by the Nyingchi group and the Bima formation (Figure 2). The genesis of
the deposits in the study area is magma-pneumatolyto-hydrothermal, and the genetic subtypes of the
deposits can be divided into porphyry (vein-disseminated) deposits, vein-altered rock deposits and
skarn (contact metasomatism) deposits.

The stratigraphic combination entropy represents the variability of geological bodies per unit
area. The more types of geological bodies, the higher the entropy value, the more intense the tectonic
activity, the more geomorphologically eroded parts and the more the geological bodies are exposed [56].
Therefore, the stratigraphic combination entropy can reflect the intensity of tectonic activity. It is
calculated by the following formula:

N
PilgP;
H, = g % 100% (1)

Zz 1Ng111

where H, represents the entropy value of the rth geological formation of grid unit and N represents the
total number of geological body types (i.e., strata, magmatic rocks, metamorphic rocks and volcanic
rocks) in the study area. P;(i = 1,2,3,...,N) represents the ratio of the exposed area of the ith stratum
to the total grid area.
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Figure 2. The ratio of deposit numbers in each stratum to total deposits.

The definition of stratigraphic combination entropy indicates that the entropy value is positively
correlated with the number of stratums per unit area. From a geological point of view, the more
intense the tectonic activity, the more geomorphologically eroded parts and the more the stratums are
exposed. Therefore, where the stratigraphic entropy is high, the tectonic activity is intense. From the
stratigraphic combination entropy map (Figure 3), it can be found that the combined entropy value
distribution is correlated with the spatial distribution of fault structures. Ore deposits/mineralization
points are mostly located on both sides of the structure, and the location is the gradient of the entropy
value transiting from high to low.
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Figure 3. The stratigraphic combination entropy map.

2.2.2. Structural Iso-Density

One or more favorable structures are an indispensable factor for magma-hydrothermal
mineralization. There are many quantitative indicators for favorable structural information, such
as structural iso-density, fracture benefit, structural average orientation, tectonic intersection and
structural center symmetry [57-59]. These indicators can reflect the characteristics of linear structures
from different angles, but they highly correlate with each other. Through the practical study of the
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mining area, it is found that the structural iso-density can quantitatively describe the developmental
part of the favorable structure [59]. It is calculated by the following formula:

1

l:ZSi @)

i=1

where ] is the structural iso-density, S; is the length of the ith linear structure in the prediction unit and
nj is the number of the linear structures. The structural iso-density of the study area (Figure 4) can
reflect the complexity of linear structures.
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Figure 4. The structural iso-density map.

The tertiary geotectonic unit in the study area belongs to the Ladakh-South Gangdise-Lizhao
magma arc belt. This area is affected by the northward subduction of the Yarlung Zangbo River arc,
the Indian-Asian collision and the post-collision extension. The fault structure in this area is extremely
well developed. The structure of the study area is characterized by the development of EW to the
main fault, and the development of NE and NW to the compression-torsional secondary fault. It is
reflected in the structural iso-density map (Figure 4). The high-density areas are widely distributed in
the study area.

It can be seen from the spatial superposition analysis of the known ore deposits/mineralization
points that most of the known ore deposits/mineralization points are distributed in the low value areas
of structural iso-density, which is a consequence of ore bodies being placed on the side of the fracture.
Therefore, structural iso-density value region can be used as an ore-controlling factor for quantitative
mineral prediction.

2.2.3. Structural Buffer

Because ore bodies are located to the side of the fault structure, the construction buffer can
be used as another means of quantitative information extraction [59]. According to GIS spatial
buffer analysis (Figure 5), there are 11 ore deposits/mineralization points in the study area. These
deposits are concentrated within a 2 km buffer zone of faults, accounting for 25.6% of the known
ore deposits/mineralization points, and 27 ore deposits/mineralization points in the study area
are concentrated within a 4 km buffer zone of faults, accounting for 62.8% of the known ore
deposits/mineralization points. Besides, we find that the number of deposits/mineralization points do
not significantly increase with the enlargement of buffer zone. Therefore, constructing a 4 km buffer
can be used as an ore-controlling factor for mineralization prediction.
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Figure 5. The structural buffer map.
2.2.4. Aeromagnetic Data

The porphyry copper deposits in the study area have obvious aeromagnetic anomalies and
can be used as direct detectors for copper mineralization [60]. The vertical first-order derivative
map of the regional aeromagnetic AT produced from the reduction to the pole image indicates good
correspondence with the rock mass. Overall, Figure 6 shows large changes, where there is a change
in the geological units. The known mineral deposits/mineralization points are mostly distributed in
the aeromagnetic AT by reduction to the pole based on the vertical first-order derivative positive and
the negative anomaly transition zone or the positive anomaly parts of the transition zone (Figure 6).
Therefore, aeromagnetic data can be used as an ore-controlling factor for mineralization prediction.
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Figure 6. The regional aeromagnetic AT by reduction to the pole based on the vertical first-order
derivative map.

2.2.5. Geochemical Data

In the present study, the geochemical data were from 4141 stream sediment samples collected in
the study area (Figure 7). The samples were distributed in equal intervals of 2 km X 2 km in space,
but the samples were missing in some areas due to terrain conditions and other restrictions. A total
of 39 elements were analyzed (i.e., Bi, Cu, P, La, Li, Ag, Sn, Au, Mo, Th, U, W, Sb, Hg, Mn, Cr, Sr,
Nb, Pb, Ni, Ti, Y, Cd, Co, Ba, Be, V, Zn, B, As, Zr, F, Fe;O3, K,0, CaO, MgO, Na,O, Al;03, S5i0;) by
various methods (mainly inductively coupled plasma-mass spectrometry (ICP-MS), X-ray fluorescence
(XRF), inductively coupled plasma-atomic emission spectroscopy (ICP-AES), etc.), and the specific test
methods, detection limits, quality control and other information corresponding to each element can be
found in relevant literature [61,62].
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Figure 7. Geochemical sampling locations.

Traditional methods of exploration using geochemical data usually only consider the identification
of positive geochemical anomalies associated with mineralization, while ignoring negative geochemical
anomalies [63-66]. However, the formation of magmatic-hydrothermal mineralization is a complex
process, and positive geochemical anomalies alone cannot fully reflect the mineralized geochemical
characteristics, resulting in uncertainty of geochemical prospecting [67,68]. Therefore, these 39 elements
were taken as ore-controlling factors for mineralization prediction in the present study. The spatial
distribution of these 39 elements was obtained by using distance inverse weighted interpolation in
ArcGIS 10.2 (Esri, CA, USA) with a grid size of 2 km X 2 km.

3. Construction of the Maximum Entropy Model

The concept of information entropy was first introduced by Shannon in 1948 [69]. It is the expected
value of information contained in a message [70]. As a measure of the uncertainty of random events,
information entropy can be explicitly written as follows:

H(p) = =), pilog(p;) 6)
i=1

where H(p) is the information entropy and p; is the probability of the ith random event.

Jayne [71] proposed a standard that must be subject to precisely stated prior data, and the
probability distribution which best represents the current state of knowledge is the one with the largest
entropy. This standard is known as the maximum entropy principle.

The MaxEnt model based on the principle of maximum entropy originates from statistical
mechanics and is a log-linear model [71]. When predicting the probability distribution of a random
event, the prediction should satisfy all known constraints without making any subjective assumptions
about the unknown situation. In this case, the probability distribution is the most uniform and the
prediction risk is minimum, so the entropy of the probability distribution is maximum [72].

The MaxEnt model, which is a statistical model with good performance, is often used for the
probability estimation of problems. It is suitable for solving classification problems and has advantages
that other models cannot match [73]. First, the MaxEnt model obtains the model with the maximum
information entropy among all the models satisfying the constraint conditions. Second, the MaxEnt
model can set the constraint conditions flexibly, moreover, the fitness of the model to unknown data
and the degree of fitting to known data can be adjusted by the number of constraints. Third, the
MaxEnt model can naturally solve the problem of parameter smoothing in a statistical model. For the
exploration of mineral resources, the MaxEnt model mainly obtains the prediction model based on the
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actual distribution of known mineral deposits and the calculation of various ore-controlling factors in
the region, and then obtains the possible distribution of target minerals in the target region. In the
present study, MaxEnt software is used to establish the prediction model of the prospective area of
mineral resources (MaxEnt 3.3.3k, http://biodiversityinformatics.amnh.org/open_source/maxent/), and
the model requires that the ore control factor input must be in the format of an ESRI ASCII (American
Standard Code for Information Interchange) grid.

Too many ore-controlling factors or inappropriate parameter settings in the MaxEnt software (e.g.,
regularization multiplier, maximum iterations, replicated run type, etc.) may lead to a too large, overfit
or redundant model. To improve the prediction accuracy of the model and the ability to identify the
key ore-controlling factors that limit the mineral distribution, it is necessary to optimize the variables
and model parameters in the MaxEnt software. Studies have shown that inappropriate setting of the 8
value, also known as the regularization multiplier, can lead to overfitting of the model. The smaller the
p value, the closer the fitting between the prediction distribution and the training data set will be, while
an overfit model cannot reasonably predict the distribution of mineral resources [74]. Relevant studies
show that the optimal regularization multiplier is generally higher than the MaxEnt software default
value of 1, and the comprehensive performance of the model with a regularization multiplier between
2 and 4 is the best [75]. Therefore, we tried testing different § values (from 2 to 4 with a step size of 0.5)
to find the best 8 value for a particular model. The specific implementation steps are as follows:

(1) Enter the selected § value in the MaxEnt software and set the remaining parameters (a maximum
of 500 iterations, a maximum convergence threshold of 0.00001, a maximum of 10,000 background
points and the replicated run type set to bootstrap) to the default values;

(2) Create a MaxEnt model containing all variables, eliminate the variable with a contribution
rate <1%, and eliminate the variable with the Pearson’s correlation coefficient of the highest
contribution variable >0.7 to get model 1;

(3) Establish a new MaxEnt model with the remaining variables, eliminate the variables with a
contribution rate <1%, and remove the variables with a correlation coefficient of >0.7 with the
second highest contribution variable to get model 2;

(4) Repeat the above process until there is no variable with a contribution rate <1%, and get model M;

(5) Change the  value in the MaxEnt software, and set the remaining parameters to the default values;
repeat steps 2—4 to obtain a series of MaxEnt models for the distribution of mineral resources;

(6) Calculate the Akaike information criteria (AICc) [76] value for each model based on the code
provided by Warren, Glor and Turelli [77].

The lower the AICc value, the higher the model complexity and the more representative the
model [78,79]. Therefore, the final MaxEnt model is constructed using the variables in the model
with the lowest AICc value. The mineral deposits and data were randomly selected from the dataset
during the simulation, with 75% as training data and the remaining 25% for validating the model.
To reduce the randomness of the simulation results, the final model was simulated 20 times. Each
simulation used the built-in function (contribution of variables, response curve and jackknife analysis)
to analyze the relative importance of each variable in modeling and their relationship with favorable
metallogenic locations. We used the average output of 20 repeated simulations as the final prediction
result. The output is a continuous raster map of the probability of copper metallogenesis in the
integrated exploration area of Mila mountain, whose value is between 0 and 1.

The area under the receiver operating characteristic curve (AUC), Cohen’s maximized Kappa
and true skill statistics (TSS) were used to evaluate the performance of the established MaxEnt model.
These three indicators were calculated based on the specificity and sensitivity of the prediction model.
Sensitivity, also known as the true positive rate, refers to the percentage of positive samples that are
correctly identified by the classifier as mineralized. Specificity, the true negative rate, represents the
percentage of negative samples that are correctly identified by the classifier as not mineralized. AUC is
a threshold-independent evaluation measure obtained by plotting sensitivity against 1-specificity [80].
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A model accuracy AUC value greater than 0.9 can be judged to be excellent, 0.8 < AUC < 0.9 is good,
0.7 < AUC < 0.8 is general, 0.6 < AUC < 0.7 is poor and 0.5 < AUC < 0.6 is failure [81]. Kappa and
TSS are threshold-dependent indexes that measure the agreement between predictions and known
occurrences (presences and absences) at different binary thresholds and can also be used to measure
classification accuracy. Kappa index can be obtained by plotting sensitivity and specificity against
different thresholds [82], while TSS = sensitivity + specificity — 1 [83]. The evaluation criteria for model
performance are as follows: Kappa > 0.75 is excellent, 0.4 < Kappa < 0.75 is good and Kappa < 0.4 is
poor [84]; TSS > 0.8 is excellent, 0.5 < TSS < 0.8 is available and TSS < 0.5 is poor [85].

In the present study, we used the maximum values of Kappa and TSS under their respective
optimal thresholds to evaluate the model performance. Since these two indexes require the use of
absence data, 43 points were randomly selected as pseudo-absence points within the study area
(43 known ore deposits/mineralization points). These pseudo-absence points were randomly located
outside the 4 km buffer of the known ore deposits/mineralization points. Threshold-dependent statistics
were analyzed in R3.2.2 [86] with package “Presence Absence” [87].

For further analysis, we used the maximum value of TSS to obtain an optimal threshold and
convert the continuous raster map of mineralization prediction probability into a binary favorable
metallogenic/background map. When only known ore/mineralization points were available, the
maximum value of TSS could be used as an evaluation criterion for determining whether the threshold
is optimal, and it is superior to many other standards in most cases [88]. Based on the determined
optimal threshold, we estimated the total area of copper metal ore predictions in the Mila Mountain
integrated exploration area.

4. Results

4.1. Model Performance Evaluation

According to the above algorithm flow, the MaxEnt model was established using 43 ore-controlling
factors in the Mila Mountain integrated exploration area (Appendix A), and the AICc value of each
model was calculated. The calculation results are shown in Table 1. It can be seen from Table 1 that
model 6 has the minimum AICc value, so this model was selected to be the optimal model, § = 2.5,
and the model factors are: stratigraphic combination entropy, structural iso-density, Cu, Hg, Li, La, U,
Na,O (The distributions of elements Cu, Hg, Li, La, U and Na,O are shown in Figure 8). The MaxEnt
software was used to perform 20 replicated simulations on the optimal model. To construct the model
during the simulation, 75% of data were randomly selected from data sets (43 known deposits/points).
The remaining 25% of data were used to validate the test data. Table 2 lists the training AUC and
test AUC of the total 20 simulations. Table 2 shows that the average training AUC = 0.84 and the
average test AUC = 0.8. The Kappa and TSS values were calculated using the R3.2.2 with package
“Presence Absence”, the maximum Kappa = 0.5 and the maximum TSS = 0.6. All evaluation indexes
of the model indicated that the model has a good ability to identify favorable/unfavorable areas for
copper mineralization. Therefore, we think that the model is reliable and acceptable.



Minerals 2019, 9, 556 10 of 23

A Cudeposits
® Mineralized spoi
] Stream

Cu: ppm
0

- oo
B 2546
= 5091
0 7637
[ 10183
1527
2o
B 3186
1:200 000

[T
———m

J: N © . N O
A Cudeposits A Cudeposits
| @ Mineralized spot ®  Mineralived spot
71 Sream 771 stream
La: ppm Li:ppm
- o - o
- 62l - a2
B 2653 [ K
@ 3095 2820
= 3390 =1 3141
= 3832 0 42
m a7 = 3750
B o w2 [ JEUEH
| . s - v
1:200 600 1:200 000
6 510 [T
- —Fm Km

Y04S0

R

>z

A Cudeposits
®  Mineralized spof|
L Stcam

1 ppm

4SO

Figure 8. The distribution of elements Cu (A), Hg (B), La (C), Li (D), NayO (E), and U (F).



Minerals 2019, 9, 556 11 of 23

Table 1. Calculation values of Akaike information criteria (AICc) in each model.

Model Variables Parameters AlCc

1 43 53 -

2 15 40 1401.67
3 10 23 1155.42
4 43 36 1301.03
5 9 16 1125.14
6 8 15 1120.41
7 43 25 1175.31
8 9 16 1128.42
9 43 20 1149.36
10 10 13 1121.09
11 9 13 1123.42
12 43 21 1159.16
13 10 15 1131.45
14 8 13 1125.7
15 7 12 112291

Note: “-” indicates that models have more parameters than the sample points, which violate the AICc assumptions, so

metrics for these models were not calculated. The “Parameters” represent the number of parameters to be estimated.

Table 2. The list of training AUC and test AUC.

No. Training Samples Training AUC Test Samples Test AUC
1 32 0.8467 11 0.8927
2 32 0.8468 11 0.7908
3 32 0.8490 11 0.7277
4 32 0.8259 11 0.7775
5 32 0.8033 11 0.7621
6 32 0.8492 11 0.8027
7 32 0.8239 11 0.8903
8 32 0.8733 11 0.8167
9 32 0.8834 11 0.8258
10 32 0.8841 11 0.6842
11 32 0.8664 11 0.7236
12 32 0.8615 11 0.8225
13 32 0.7723 11 0.7209
14 32 0.7938 11 0.8112
15 32 0.8636 11 0.7549
16 32 0.8167 11 0.8187
17 32 0.8369 11 0.8886
18 32 0.8516 11 0.8952
19 32 0.8296 11 0.7443
20 32 0.8497 11 0.8427

Average 32 0.8414 11 0.7997

4.2. Predictive Variable Contribution

Table 3 shows the contribution rate of each ore-controlling factor to the model. The contribution
of variables represents the percent contribution of variables to the model. Among them, copper is
the most important ore-controlling factor for indicating the occurrence of copper deposits. It reflects
the contribution to the deposits from the perspective of the change of elemental content. Copper
accounts for 38.1% of the total contribution. NayO and Li are the second and third most important
ore-controlling factors, respectively. Na and Li are typical lithophile elements, which can reflect the
relationship between intermediate-acid rocks, basic-ultrabasic rocks and copper mineralization. Hg is
a typical chalcophile element, which has an important impact on predicting the occurrence of copper
deposits. Table 3 shows that four predictors (i.e., Cu, NayO, Li and Hg) had over 10% of relative
contribution to the copper-metal ore prediction model in the Mila Mountain integrated exploration
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area, contributing 74% collectively. The importance of each ore-controlling factor on the prediction
rate of copper prospects was examined through the jackknife analysis (Figure 9). Jackknife analysis
evaluates the influence of each predictor variable on the MaxEnt model. The method sequentially
precludes one ore-controlling factor from the analysis and runs the MaxEnt model using the rest of the
variables, and again, runs the model separately using the precluded variable only. Therefore, the share
of each ore-controlling factor on the total gain of the model can be calculated. The importance of the
first four main ore-controlling factors is basically consistent with the contribution rate of modeling.

Table 3. The contribution of ore-controlling factors.

Variable Percent Contribution Variable Percent Contribution
Cu 38.1% U 8.3%
Na,O 15.5% Combinatorial Entropy 8%
Li 10.3% Structural Isopycnity 7.8%
Hg 10.1% La 2.1%

Jackknife of regularized training gain for cu

71 Withoutvariable ®
| With only variable ®
With all variables ®

Combinatorial Entropy
Structural Isopycnity [

cul

T

)
T
L

hg

Environmental Variable
=

T

T

0.00 0.05 0.10 015 0.20 0.25 0.30 0.35 0.40
reqularized training gain

Figure 9. Jackknife analysis of the individual importance of ore-controlling factors in the MaxEnt model
(the green bars show the performance of the global model without each variable; the blue bars show
the influence of each variable in isolation; the red bar represents the model results using all variables).

4.3. Response Curves of the Ore-Controlling Factors

Response curves show how each ore-controlling factor affects the logistic prediction when all
variables are used to build a full model. The response curves reflect the spatial relationship between
the ore-controlling factor and the favorable degree of copper deposits. The larger the value on the
y-axis of the response curve, the greater the logistic probability of forming a copper deposit (Figure 10).
The curves show the mean response of 20 replicate MaxEnt runs (red) and the mean +/— one standard
deviation (blue, two shades for categorical variables). Figure 10 shows that the favorable degree of
copper ore occurrence is positively correlated with the content of Cu, Hg, La, structural iso-density
and stratigraphic combination entropy, and negatively correlated with the content of Na,O, Li and U.
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Figure 10. Response curves of the ore-controlling factors, stratigraphic combination entropy (A); Cu (B);
Hg (C); La (D); Li (E); NayO (F); structural iso-density (G); U (H).

4.4. Perspective Map of Copper

The output of the MaxEnt model was mapped to a continuous scale perspective in ArcGIS10.2
(Figure 11), and the logistic probability ranged from 0.0004 to 0.9247. Although the continuous-scale
perspective shows a good relationship between the high probability and known copper ore locations,
it is difficult to explain the exploration target in terms of continuous variable logistic probability.
Therefore, the TSS maximum value is used to obtain an optimal threshold (optimal threshold = 0.4535),
which converts the continuous grid diagram of metallogenic prediction probability into a binary map
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of favorable metallogenic area/background area (Figure 12). Red represents the favorable metallogenic
area, accounting for 21.1% of the total study area, containing 72.2% of the total number of copper
deposits/mineralization points.

93°00'00"E.
B R
EI '5. s N
& 5
¥ Y E
ks ™ 4 P
. e &
-
Bt 3 ‘F ) MaxEnt Cu
Tia " | I 0.0004
A el Il 0.1092
i B 0.1925
o = 02614
Wil [ 03266
- " [ ’ . [ 03919
¥ q : 2 - . F [ 0.4535
¢ : . s [ 0.5188
; 8 . = . < BRliegqd : B 0.5949
] . 7 o . - & »
z "h‘ - ‘ ..*l : : I 06891
2 ; ' : ok . - 2’ . h 1:200 000
= ; 05 10
:CQ‘ ‘ I
90°45'00"E

Figure 11. Continuous-scale copper perspective map of the Mila Mountain generated from the
MaxEnt model.
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Figure 12. Binary copper perspective map of the Mila Mountain generated from MaxEnt model.

5. Discussion

In recent years, many techniques have been developed to study the spatial relationship between
ore-controlling factors and known ore deposits/mineralization points, such as the weight of evidence
method [18] and the random forest method [33]. Here, the response curve analysis in the MaxEnt
software can be regarded as a very useful tool, through which the change of logistic probability
between various variables and the target deposits can be intuitively observed [38]. Based on the
maximum entropy principle, the present study integrates 43 ore-controlling factors from geological,
geochemical and geophysical data which relate to the mineralization process and construct the MaxEnt
model for mineral prospect prediction. Through the contribution rate and Pearson’s correlation
coefficient of each ore-controlling factor, the ore-controlling factors were screened, different MaxEnt
models were established by using different -values and the superiority of the model was evaluated
by AICc criteria. Finally, the MaxEnt model was constructed by stratigraphic combination entropy,
structural iso-density, Cu, Hg, Li, La, U, NayO. The control coefficient § of the model = 2.5, and the
remaining parameters were set to the default values. Figure 10 shows that the favorable degree of
copper ore occurrence is positively correlated with the content of Cu, Hg, La, structural iso-density
and stratigraphic combination entropy, and negatively correlated with the content of NayO, Li and U.
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The importance of ore-controlling factors can be ranked by jackknife analysis, sometimes this
sorting may not reflect actual knowledge of ore-controlling conditions. For example, stratigraphic
combination entropy and structural iso-density are important indicators for discovering metallogenic
areas [56,59], however, our research shows that their contribution to the MaxEnt model is relatively
small (Table 3). By observing ore-controlling factors after screening, we also obtain some interesting
findings. Hg is a typical chalcophile element [89]. It has high content in alkaline rock and has a good
indicating effect for copper exploration. As a rare earth element, La has rarely been noticed in previous
mineral explorations. Previous studies have shown that rare earth elements are weakly alkaline
and have high content in alkaline rocks and granites, especially in calcium-bearing rock-forming
minerals [90]. The rare earth elements released during the weathering of rocks and deposits mostly
migrate in the form of carbonates and organic complexes. Under epigenetic conditions, their ability
to migrate in a dissolved state is limited, and the copper deposits in the Mila Mountains are mainly
enriched in the calc-alkaline series of rocks. Thus, the La element can be used as an indicator for
copper exploration in this area. Negative geochemical anomalies have attracted more and more
attention [91,92]. They can provide key information about basic geological and geochemical anomaly
interpretation and model establishment [93]. Figure 10 shows that the contents of Na,O and Li
are negatively correlated with a favorable degree of copper deposits, indicating that the porphyry
copper-molybdenum ore is mostly distributed in the negative anomaly of NayO and other elements
formed by the take out effect [94], and as copper mineralization increases, the depletion of Li gradually
increases [89,91]. The content of U is negatively correlated with the favorable degree of copper deposits.
It is probably during the multi-stage and multi-period evolution of complex rock masses that SiO,,
K0 and Na;O in the rock increase gradually, and ore-forming elements such as U, W and Ta gradually
increase [90].

We obtained the metallogenic prospect map of the integrated exploration area in the Mila
Mountain through the fusion analysis of screened ore-control factors. Figure 11 shows that there is
high consistency between the known copper mine location and the continuous high probability values.
According to the binary mineralization prospect map (Figure 12), there are many fault development
zones in the metallogenic potential area, these areas are places of hydrothermal activity, which can
provide transport channels for ore-forming materials extracted from the formation, sedimentation,
enrichment, and mineralization in relatively quiet areas beside the tectonic activity. Most of the
favorable metallogenic areas are spatially adjacent to the Himalayan intrusive rocks. This is consistent
with the geological understanding that magmatism is closely related to mineralization. Therefore,
the geochemical anomaly zone can be further refined by examining its relationship with favorable
geological features, including whether it is Himalayan intrusive rock or a known ore deposit, and
whether it is close to faults. Combined with geological mineralization laws, several predicted prospects
were identified, as shown in Figure 13. It is worth noting that large areas of high probability occur in
the southwest of the survey area, but those areas are not considered as prediction prospects. This is
mainly because those areas are mainly ultrabasic rocks. Previous studies have shown that the content
of copper in ultrabasic rocks is generally high, but the contribution of ultrabasic rocks is very small as a
source of copper ore deposits [95]. However, these predicted prospects need to be further investigated
through field surveys or through geophysical, remote sensing or using other information.

Although the MaxEnt model is convenient and easy to use, the role of model optimization cannot
be ignored when using it [78]. If the model is not optimized, the prediction results of the model may
have serious overfitting errors, which will not only lead to incorrect evaluation of the metallogenic
prospect map, but also result in misleading planning of the metallogenic prospect area. Although the
MaxEnt software provides some options for model optimization, there is no clear standard for setting
relevant parameters [96]. Therefore, when constructing the MaxEnt model, the selection of relevant
parameters needs to be conducted very carefully.



Minerals 2019, 9, 556 16 of 23

93°00'00"E,

2
2
8
2
5
=3
3
z

N
MaxEnt Cu

— Faults

Prospective Area
[Z3 Intrusion Rock
I 0.0004
W 0.4535

1:200 000
0510
——

9°10°00"N

26

90°45'00"E

Figure 13. Prospective area: Areas delineated with rectangles represent targets likely related to
mineralization and should be further investigated with more information.

6. Conclusions

(1) The MaxEnt model used in the present study is simple and easy to perform, with high
prediction accuracy. It can be used to predict potential distribution and mineralization favorableness
of mineralization in the Mila Mountain integrated exploration area.

(2) The MaxEnt model can be used to generate the spatial response curve of each ore-controlling
factor to the copper deposit/mineralization point, and the relative importance of each ore-controlling
factor to the established model can be tested by jackknife analysis. The AUC, Kappa and TSS values of
the present study indicate that the model can correctly classify copper deposits.

(3) The favorable zones shown in the metallogenic prospect map are spatially consistent with
known copper deposits/occurrence areas and major mineralization trends. This outcome indicates that
the MaxEnt model can be effectively used for spatial fusion analysis of multi-source geospatial data.
According to the prospect map and expert knowledge, some areas of interest have been preliminarily
delineated to provide references for subsequent exploration research.
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Appendix A
Table A1. Optimization of the selection process of ore-controlling factors and p values.
Factors p=2 p=25 p=3 B=35 p=4
con cor con cor con cor con cor con cor con cor con cor con cor con cor con cor con cor con cor con cor con cor con cor
Model 1 1 2 2 3 3 4 4 5 5 6 6 7 7 8 8 9 9 10 10 11 11 12 12 13 13 14 14 15 15
Cu 4580 1.00 4620 004 51.80 001 4760 1.00 5400 004 5150 0.01 4550 1.00 48.00 0.04 4220 1.00 4280 0.04 4120 011 4410 1.00 4380 004 4490 011 4410 0.11
Na,O 1620 0.04 1780 1.00 1820 —0.01 1640 0.04 1640 1.00 1880 032 2070 0.04 2050 1.00 2620 0.04 27.60 1.00 2730 040 2860 0.04 29.00 1.00 30.00 040 29.70 0.10
Li 370 011 480 040 470 030 620 011 7.60 040 930 030 1060 011 1190 040 7.00 011 870 040 1280 1.00 740 011 1040 040 1040 1.00 10.10 0.15
w 110 011 040 - - - 09 - - - - - 330 011 370 010 350 011 490 010 430 015 560 011 560 010 580 015 570 1.00
I:;“;i::i; 160 002 380 —-001 280 -006 350 002 350 —0.05 290 -007 250 002 260 =005 420 002 430 —-005 410 015 410 002 420 —-005 450 015 450 —0.02
SiO, 240 008 020 - - - 000 - - - - - 000 - - - 320 008 120 073 - - 250 008 000 - - - - -
U 1030 0.01 1040 032 890 1.00 1010 001 9.00 032 870 100 700 001 590 032 560 001 520 032 530 030 240 001 280 032 120 030 140 015
Hg 320 009 390 006 350 009 400 009 500 006 460 009 3.80 009 370 006 370 009 220 006 230 042 140 009 210 006 230 042 450 0.09
La 170 014 150 050 1.80 037 200 014 180 050 190 037 170 014 150 050 150 014 130 050 120 062 1.00 014 090 - - - - -
C"]‘E"rﬁlr‘;?;’“al 170 —0.02 200 001 220 =002 250 —0.02 2.60 001 230 —002 210 —0.02 230 001 1.80 —002 1.90 001 160 004 1.00 -002 1.20 001 090 - - -
Mo 110 027 150 009 350 022 060 - - - - - 020 - - - 000 - - - - - 090 - - - - - - -
Cr 000 - - - - - 020 - - - - - 050 - - - 000 - - - - - 070 - - - - - - -
Aeromagnetic 5y - - - - 080 - - - - - 060 - - - 050 - - - - - 030 - - - - - - -
Data
Sb 170 013 030 - - - 070 - - - - - 010 - - - 000 - - - - - 010 - - - - - - -
Ag 010 - - - - - 010 - - - - - 000 - - - 000 - - - - - 000 - - - - - - -
ALO; 000 - - - - - 000 - - - - - 000 - - - 000 - - - - - 000 - - - - - - -
As 010 - - - - - 010 - - - - - 000 - - - 000 - - - - - 000 - - - - - - -
Au 000 - - - - - 000 - - - - - 000 - - - 000 - - - - - 000 - - - - - - -
B 000 - - - - - 000 - - - - - 000 - - - 000 - - - - - 000 - - - - - - -
Ba 010 - - - - - 000 - - - - - 000 - - - 000 - - - - - 000 - - - - - - -
Be 000 - - - - - 000 - - - - - 000 - - - 000 - - - - - 000 - - - - - - -
Bi 010 - - - - - 000 - - - - - 000 - - - 000 - - - - - 000 - - - - - - -
CaO 110 005 020 - - - 080 - - - - - 030 - - - 000 - - - - - 000 - - - - - - -
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Table Al. Cont.
Factors p=2 p=25 p=3 p=35 p=4
con cor con cor con cor con cor con cor con cor con cor con cor con cor con cor con cor con cor con cor con cor con cor

cd 020 - - - - - 000 - - - - - 000 - - - 000 - - - - - 000 - - - - - - .
Co 000 - - - - - 000 - - - - - 000 - - - 000 - - - - - 000 - - - - - - -
Suetwal 00 005 070 - - - 020 - - - o o000 - - - 000 - - - =000 - - - e
F 000 - - - - - 000 - - - - - 000 - - - 000 - - - - - 000 - - - - - - -
Fe,05 000 - - - - - 000 - - - - - 000 - - - 000 - - - - = 000 - - - - - -
K,0 000 - - - - - 000 - - - - - 000 - - - 000 - - - - - 000 - - - - - - .
MgO 000 - - - - - 000 - - - - - 000 - - - 000 - - - - - 000 - - - - - - -
Mn 000 - - - - - 000 - - - - - 000 - - - 000 - - - - = 000 - - - - - -
Nb 060 - - - - - 050 - - - - - 03 - - - 000 - - - - - 000 - - - - - - .
Ni 080 - - - - - 000 - - - - - 000 - - - 000 - - - - - 000 - - - - - - -
pb 000 - - - - - 080 - - - - - 050 - - - 020 - - - - = 000 - - - - - -
Pb 000 - - - - - 000 - - - - - 000 - - - 000 - - - - - 000 - - - - - - .
Sn 000 - - - - - 000 - - - - - 000 - - - 000 - - - - - 000 - - - - - - -
Sr 0100 - - - - - 010 - - - - - 000 - - - 000 - - - - = 000 - - - - - - .
Th 000 - - - - - 000 - - - - - 000 - - - 000 - - - - - 000 - - - - - - .
Ti 020 - - - - - 000 - - - - - 000 - - - 000 - - - - - 000 - - - - - - -
v 000 - - - - - 000 - - - - - 000 - - - 000 - - - - = 000 - - - - - - .
Y 050 - - - - - 060 - - - - - 03 - - - 02 - - - - - 000 - - - - - -
Zn 240 026 630 017 260 016 140 026 020 - - - 000 - - - 000 - - - - - 000 - - - - - - -
Zr 05 - - - - - 000 - - - - - 000 - - - 000 - - - - - 000 - - - - - - .

Note: “-” represents the ore-controlling factor not participating in model calculation. The “con” represents the percent contribution, and the “cor” represents the Pearson’s

correlation coefficient.
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