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The identification of primary geochemical haloes can be used to predict mineral resources in deep-seated orebodies through
the delineation of element distributions. The Jiama deposits a typical skarn-porphyry Cu-polymetallic deposit in the
Gangdese metallogenic belt of Tibet. The Cu-polymetallic skarn, Cu-Mo hornfels, and Mo + Cu porphyry mineralization
there exhibit superimposed geochemical haloes at depth. Three-dimensional (3D) primary geochemical halo modeling was
undertaken for the deposit with the aim of providing geochemical data to describe element distributions in 3D space. An
overall geochemical zonation of Zn(Pb) — Au— Cu(Ag) — Mo gained from geochemical cross-sections, together with dip-
direction skarn zonation Pb-Zn(Cu)— Cu(Au-Ag-Mo) — Mo(Cu) — Cu-Mo(Au-Ag) and vertical zonation Cu-(Pb-
Zn) — Mo-(Cu) —» Mo-Cu-(Ag-Au-Pb-Zn) -» Mo in the #24 exploration profile, indicates potential mineralization at
depth. Integrated geochemical anomalies were extracted by kernel principal component analysis, which has the advantage
of accommodating nonlinear data. A maximum-entropy model was constructed for deep mineral resources of uncertainty
prediction. Three potential deep mineral targets are proposed on the basis of the obtained geochemical information and

background.

1. Introduction

Primary geochemical halo identification is a key approach for
detecting mineral deposits near or below the ground surface
[1]. A primary geochemical halo is an area of rocks surround-
ing mineral deposits (orebodies) enriched in ore-forming ele-
ments [2]. Primary geochemical characteristics of mineral
deposits provide important information for predicting deep
mineral resources, as they reflect the geochemical processes
of metal precipitation and mineral formation. Many methods
have been used to identify primary halo characteristics of
mineral deposits, including vertical element zonation [3-5],
element ratios vectoring toward ore zones [6-8], Pearce ele-
ment ratios [1, 9-12], and alteration indices [13-21]. A major

aspect of these methods is the determination of spatial distri-
butions of single elements and/or element associations.
Within the Jiama Cu-polymetallic deposit in Tibet, pre-
vious studies focused on element zonation based on lithogeo-
chemical data for surface samples and those from orebodies
to build an exploration model for deep mineral resources
[22-29]. Primary geochemical zonation and elemental distri-
butions have thus been proved to be valid methods for esti-
mating mineral resources at Jiama. Three-dimensional (3D)
modeling is also an efficient approach that has been widely
applied in deep mineral exploration [30-33], with 3D visual-
izations of primary geochemical haloes directly reflecting the
spatial distribution of elements [34, 35]. A 3D model of pri-
mary haloes can be useful in geochemical studies of mineral
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deposits because it provides insights into mineralization sys-
tems, with important implications for exploration. In this
study, 3D halo modeling was undertaken to extend geochem-
ical zonation to stereoscopic space to provide more informa-
tion on deep mineral resources.

Lithogeochemical data from sources such as drill cores
usually have nonlinear features that require processing by
nonlinear algorithms. Kernel principal component analysis
(KPCA) has been identified as a useful method for extracting
integrated information from multielement drill-core data
[36, 37]. KPCA is a type of nonlinear PCA developed by
extension of the kernel method [38] and involves the transfer
of original inputs to a high-dimensional feature space by the
kernel method with PCA of that space [39]. KPCA has been
used in remote-sensing image classification [36, 37], multidi-
mensional space uncertainty modeling [40], anomaly detec-
tion in hyperspectral imagery [41], and volcanic reservoir
fracture discrimination [42].

Machine learning (ML) has provided a new means of
building models based on large data volumes [43-45]. ML
algorithms that consider relationships between prediction
and response variables through direct modeling have proved
effective in capturing complex nonlinear relationships
between geochemical models and mineralization [44, 46],
including the use of logic regression [43], neural networks
[47], support vector machine [45], random forest [48], and
maximum-entropy (MaxEnt) model [49, 50]. A MaxEnt
model is a high-performance statistical model often used in
probabilistic estimation. It is suitable for classification prob-
lems and shows a performance superior to that of other
methods, especially with limited sample data [51, 52]. Max-
Ent modeling has been widely applied in such fields as natu-
ral language processing [53, 54], economic prediction [55],
the geographical distribution of animal and plant species
[56], and mineral resource prediction [49, 50].

In this study, lithogeochemical data from drill cores were
used to build a 3D primary geochemical halo model through
spatial interpolation, aiming to describe element distribu-
tions at depth in the Jiama deposit. The cutting of cross-
sections and vertical profiles was applied to investigate spatial
variations in different elements, and the KPCA method was
used to produce profile integrated geochemical information,
with MaxEnt modeling being applied to predict exploration
targets.

2. Materials and Methods

2.1. Geological Setting. The Jiama deposit is one of the most
economically significant Cu deposits in Tibet and lies in the
Gangdese metallogenic belt within the eastern Tethyan
metallogenic domain [24, 28, 29, 57] (Figure 1). Collision of
the India-Asia plates during the Paleocene and ensuing
post-collisional magmatism during the Miocene caused the
formation of the Gangdese belt, which hosts several giant
porphyry Cu deposits [57-62] and is highly prospective for
Cu-polymetallic deposits, containing >18 Mt of Cu resources
[35, 59]. Proven resources of the Jiama deposit include 7.4 Mt
Cu, 0.6Mt Mo, 1.8Mt (Pb+Zn), 6.65Moz Au, and
360.32 Moz Ag [23].
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Jiama stratigraphy comprises Upper Jurassic Duodigou
Formation (J;d) limestone and marble and overlying Lower
Cretaceous Linbuzong Formation (K1) sandstone, siltstone,
and shale. Intrusive rocks cropping out in and around the
deposit include granite porphyry, granodiorite porphyry,
quartz-albitite porphyry, and fine-grained granite. Plutonic
rocks (in drill holes) are dikes intruding hornfels and
include dolerite, quartz diorite porphyry, granodiorite por-
phyry, monzonite to quartz monzonitic porphyry, and mon-
zonitic granite porphyry [22, 25, 27, 28, 35, 57, 63-65]
(Figure 1).

Geological structures at Jiama are controlled by collision
of the India and Eurasia plates and constitute E-trending
strike-slip faults and related secondary NW-trending thrusts,
including a major thrust nappe structure associated with a
series of overturned folds and a gliding nappe covering
~4km?. These structures contributed to the formation of
the Jiama Cu-polymetallic system [23, 63, 66].

Thermal and hydrothermal alteration has occurred in
the Jiama deposit, with the former generating hornfels
and marble [67] and the latter being related to porphyry
and skarn alteration. Porphyry alteration (with porphyry
as the center) changed from the proximal potassic zone
(hydrothermal biotite + quartz + K-feldspar) to the middle
phyllic zone (quartz + sericite + phengite) and then the
peripheral propylitic zone (chlorite + epidote + calcite +
quartz). Skarn alteration includes endoskarn and exoskarn,
with the former occurring mainly as epidote alteration and
the latter including garnet-pyroxene and wollastonite
skarn [22, 23, 28, 63].

On the basis of its different host rocks, the Jiama orebody
can be divided into Cu-polymetallic skarn (orebodiesI and
IT), Cu-Mo hornfels (orebody III), and Mo+ Cu porphyry
mineralization (orebody IV) [23]. Skarn orebody is regard
as the most important orebody type at present as it consti-
tutes over 70% of the reserves. In addition, porphyry orebody
has raised much attention for its high mineral prospectivity
[22, 28, 35, 57].

2.2. Data. The dataset included 71,434 samples from 381 drill
holes and 10 trenches, collected by the Huatailong Mining
Industry Development Co. Ltd., Tibet. The average drill-
hole spacing was 100 m, with sampling elevation of 3800-
5400 m and drill-core sample lengths of 0.8—-3 m. The average
trench spacing was 100m, with depths of 10-25m and
lengths of 6.6-66.4m. The elements analyzed were Au, Ag,
Cu, Mo, Pb, and Zn, with sample preparation, analysis, and
quality control methods following Chinese Geochemical
Survey Specifications DZ0130-94.

2.3. KPCA. KPCA was originally developed by Scholkopf
et al. [38] and is aimed at converting original nonlinear
inputs into a high-dimensional feature space through the
kernel method, with PCA applied to this space [39].
Details of the fundamental theory of the method have
been given by Scholkopf et al. [38, 68]. Extraction of geo-
chemical integrated information by KPCA follows the
steps given below.
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FIGURE 1: Geological maps of (a) the geo-tectonic background of the region surrounding Jiama and (b) the Jiama polymetallic deposit
(modified from [23, 28, 29, 57]).

The lithogeochemical sample-data input dataset can be || x— x|
. . . . 1 —+
described as matrix A,,,comprising n elements and m K (x,», b j) =exp |~ 5 €R (2)
samples:
an A
Ap=| + . 1 | (1) (2) Eigenvalues A, ---, A, of the kernel matrix and corre-
sponding eigenvectors,v,, :-+, v,,, are calculated
Am1 Amn

(3) Descending-order eigenvalues provide the eigenvec-

! !
torsv 4,5, v,

(4) Centralization and orthogonalization to the eigen-
(1) The Gaussian kernel (a classic kernel; [69]) is used to vectors v'l, R v'n gives the feature
calculate the kernel matrix,K: vectors,a;, «++, &,
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FIGURE 2: 3D model of (a) the primary geochemical halo of Cu and (b) its cross-section cuttings in the Jiama deposit.

(5) Calculation of the projection of K by Y=KLx«
where L is the eigenvalue matrix and Y is the inte-
grated geochemical information extraction by KPCA

2.4. MaxEnt Model. The concept of information entropy was
first introduced by Shannon [70] and represents the expected
value of information contained in messages [71]. As a mea-
sure of the uncertainty of random events, the information
entropy can be expressed as

n

H(p) =~ p;10g (p)). 3)

i=1

where H(p) represents the information entropy and p; is the
probability of the ith random event. The probability distribu-
tion that best represents the current state of knowledge has

the highest entropy, based on the MaxEnt principle [72].
The MaxEnt model is constructed according to this principle,
together with a log-linear ML-based model. This model can
set constraints flexibly and has been successfully applied in
mineral resource prediction [49, 50].

3. Results

3.1. 3D Primary Geochemical Halo Modeling of the
Jiama Deposit

3.1.1. 3D Primary Geochemical Halo Modeling. Geochemical
halo modeling is aimed at building a 3D dataset of primary
geochemical haloes to allow visualization of elemental spatial
distributions. Elemental content is considered at a particular
position with geochemical data varying stereoscopically
around it in all directions, rather than involving interpolation
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TaBLE 1: Normalized areal metal productivities at different levels.
Elevation Cu Ag Au Mo Pb Zn
5250 m 0.0521 0.0269 0.0414 0.0398 0.0087 0.0141
5050 m 0.1487 0.1185 0.0587 0.0864 0.2665 0.1972
4850 m 0.1213 0.0888 0.0537 0.1052 0.3074 0.3583
4650 m 0.0966 0.0878 0.0670 0.1172 0.2061 0.1316
4450 m 0.2021 0.2376 0.3114 0.1930 0.0885 0.0927
4250 m 0.2083 0.2603 0.2878 0.2192 0.0708 0.1126
4050 m 0.1292 0.1278 0.1130 0.2231 0.0230 0.0514
5050 -
4850
4650
E
=
S
K]
s
=
4450
4250
4050 ~
0 0.4
-@- Cu o Mo
-o- Ag -e- Pb
-0 Au @ Zn

FiGure 3: Elevation versus elemental relative abundance.

within a fixed section. In the case of the Jiama deposit data,
the modeling involved the following steps.

(1)

()

3)
(4)

Designing a spatial range with 1148 m length N-S,
920 m width E-W, and 1735.15m height, encom-
passing the entire mineral deposit area

Setting sampling blocks of 20 m x 20 m x 20 m cubes
within this spatial range, totaling 2,134,788 cubes

Assigning elemental data to corresponding cubes

Considering the 3D configuration of orebodies
including strike, dip direction, and dip angle to build
a 3D interpolation ellipsoid, with the search direction
set by the strike of orebodies, and the search radius
determined by sampling distribution and interval

(5) Interpolating values into unsampled cubes using the
inverse distance weighting (IDW) algorithm [73]
based on the search ellipsoid

(6) Using different colors to highlight changes in pri-
mary geochemical haloes (Figure 2)

3.1.2. Primary Halo Cross-Sections and Its Geochemical
Zonation. Areal metal productivities in each potential area
of mineralization can be estimated by section cutting based
on the 3D primary geochemical halo model.

Analysis of the top-to-bottom distribution of elements
involved 200 m equidistant cross-sections over an altitude
range of 4050-5250 m (Figure 2(b)). The areal metal produc-
tivity for each element in each layer was calculated. The nor-
malized areal metal productivities were used to compare
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FIGURE 4: The #24 geological profile of the Jiama deposit (modified from [23, 24]).

element enrichments at different depths (Figure 2 and
Table 1).

Sequences of primary haloes indicate elemental zonation
in the deposit, as determined by comparison of elemental
distributions.

The data presented in Figure 3 and Table 1 indicate a
systematic vertical zonation pattern of Zn(Pb) —» Au—-
Cu(Ag) — Mo from surface to depth in the Jiama deposit.
This zonation pattern also indicates two distinct parts of
the deposit either side of ~4650m elevation, with Pb and
Zn concentrated above and Au, Ag, Cu, and Mo below. This
is consistent with the observed spatial distribution of differ-
ent types of mineralization (Figure 4).

3.2. Mineral Prediction at Depth

3.2.1. Elemental Distributions in the Profile. The interpolation
of values within 3D space provides a more reasonable value
than interpolating over a profile. Furthermore, a profile of
interest can be cut to investigate the distribution of elements
in a certain region. Here, the #24 exploration profile is con-
sidered as an example, with a vertical data profile being cut
to study elemental distributions.

The #24 exploration profile is typical one of the Jiama
deposit as it contains all the orebody types, with hornfels
mineralization in its upper part (4300-5200m elevation);

porphyry mineralization below 5000 m elevation as a cone
shape amid the hornfels orebody; and skarn mineralization
at the contact between porphyry and marble, and in the
interlayer detachment zone between Linbuzong Formation
hornfels and Duodigou Formation marble. The skarn ore-
body occurs in lamellar form or as thick plates and is found
mainly at elevations of 4000-5000 m [23, 24] (Figure 4).

A total of 7423 pieces of data were obtained from the pro-
file cutting, with results indicating typical nonlinear features
with high skewness, kurtosis, and coefficients of variation
(Table 2).

In the #24 exploration profile, hornfels and porphyry
mineralization occur at elevations of >~4700m, spatially
consistent with the upper orebodies III and IV, respectively.
Skarn mineralization at 4200-4700m corresponds to ore-
body I. Molybdenite mineralization below 4700 m includes
skarn, hornfels, and porphyry mineralization, which are
related to orebodiesl, III, and IV, respectively. Lead and Zn
mineralization occurs within Cu mineralization, mainly in
the upper skarn orebody I. Au and Ag are hosted mainly
within Cu mineralization as by-products of Cu extraction
in the skarn orebody I [22-24, 27-29] (Figures 4 and 5).

The geochemical profiles of Cu, Mo, Pb, Zn, Au, and Ag
are shown in Figure 5. In skarn, the Cu grade is generally
>1% and the Mo grade 0.08%-0.15%, compared with
0.15%-0.4% and ~0.05%, respectively, in porphyry. There is
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TABLE 2: Statistical numerical distribution parameters for the #24 exploration profile (SD: standard deviation; CV: coeflicient of variation).

Cu (%) Ag (g/t) Au (g/t) Mo (%) Pb (%) Zn (%)
Mean 0.25 3.14 0.06 0.03 0.02 0.02
Median 0.19 1.06 0.03 0.02 0.0001 0.01
SD 0.36 7.26 0.35 0.03 0.08 0.05
Kurtosis 982.1 721.59 1595.7 22.33 584.9 956.6
Skewness 26.54 21.59 37.67 2.94 19.55 26.46
Minimum 0.01 0.46 0 0 0 0
Maximum 16.21 302.83 17.79 0.43 3.37 2.36
CV 1.446 2.311 5.457 0.921 4.381 3.365
(m)
5200 { Cu (%) Mo (%) 0.1733
| 0.0755
5000 0.0672
0.0563
4800 0.0335
0.0146
4600 0.0081
0.0048
4400
0.0032
4200 0.0012
(m)
5200 o Zn (%) 1.2818 5200 0.4872
| 0.1138 | 0.2670
5000 0.0815 5000 | 0.1684
0.0552
4800 ~ 0.0143
0.0052
4600
0.0039
4400 0.0034
0.0030
4200 | H0.0027
(d)
(m)
5200 39.7047
16.1254
5000 14.0977
9.2483
4800 4.6300
1.0390
4600 0.8442
4400 |0.7350
0.6806
4200 0.6448
400 m
L S—

Linbuzong formation orebody Duodigou formation
Granodiorite porphyry Monzogranite porphyry
@ Skarn Hornfels ore-body
III Ore-body number

FiGure 5: Distributions of different elements in the #24 exploration profile.
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TaBLE 3: Normalized linear metal productivities at different elevations.
Cu Ag Mo Pb Zn
5150 m 0.118302 0.052047 0.095314 0.013156 0.029841 0.037884
5050 m 0.112563 0.050876 0.071186 0.024542 0.048724 0.046239
4950 m 0.114106 0.054056 0.042499 0.033158 0.083269 0.083759
4850 m 0.084857 0.049415 0.039516 0.044863 0.076262 0.08756
4750 m 0.082904 0.042812 0.031637 0.104643 0.069689 0.077148
4650 m 0.098615 0.04874 0.065079 0.089729 0.057122 0.0603
4550 m 0.059823 0.045364 0.047652 0.097557 0.07686 0.070141
4450 m 0.065125 0.078542 0.063225 0.129823 0.096916 0.099025
4350 m 0.075965 0.165661 0.160413 0.126215 0.113091 0.10536
4250 m 0.085481 0.196438 0.195658 0.117067 0.1299 0.139239
4150 m 0.070164 0.16103 0.146513 0.104968 0.155222 0.103943
4050 m 0.032097 0.055019 0.041309 0.114279 0.063105 0.089402
(m)
5200 4 0.64070
20 0.59110
5100 - \ 0.54660
0.49370
5000 - 0.42130
0 50 100m 0.28250
4900 4 2% 24094 0.07310
- 24 -0.03250
4800 - 2404
2401 -0.04760
4700 -0.05603
-0.05780
4600 -0.05857
-0.05930
4500 -0.06136
' -0.06158
4400 ~ [ | -0.06162
: I /\ A ~0.06163
4300 i .d | W 006165
7 2 / -0.06168

Linbuzong formation
Granodiorite porphyry
@ Skarn

Ore-body number

Duodigou formation
Monzogranite porphyry
Hornfels ore-body

FIGURE 6: Results of integrated geochemical mapping using KPCA.

a much higher mineralization intensity in skarn, which
causes the Cu and Mo anomalies to be concealed in por-
phyry. Especially, the left part below skarn orebody I has
high-grade Cu-Zn-Au-Ag mineralization, in which the drill
holes in the #24 exploration profile did not reach. This anom-
aly is deduced from 3D interpolation, using data from the
drill holes next to #24 exploration profiles. In such circum-
stances, geochemical zonation may be helpful in metal min-
eralization studies.

In skarn Cu-polymetallic orebody I, Pb and Zn are con-
centrated mainly in the upper left of the profile, Au and Ag
along the orebody dip direction, and Mo in the distal part
of dip direction (Figure 5). The Cu content is lower where
skarn orebody I and porphyry orebody IV intersect. The
sequence Pb-Zn(Cu) — Cu(Au-Ag-Mo) — Mo(Cu) — Cu-
Mo(Au-Ag) thus applies to the skarn orebody (Figure 5).

Hornfels and porphyry orebodies IIT and IV clearly dis-
criminate the upper Cu and lower Mo at an elevation of
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~4750 m, consistent with the trends in Cu and Mo minerali-
zation. Overall, the geochemical map and linear metal pro-
ductivities in the #24 profile (Table 3) indicate elemental
zonation of Cu(Pb-Zn)— Mo(Cu) — Mo-Cu(Ag-Au-Pb-
Zn) — Mo from top to bottom. Linear productivity reflects
the geochemical anomaly at a particular elevation and was
calculated using

-Gy) xd; (4)

where P is linear productivity, C,; is the value of the geo-
chemical anomaly at aparticular location, d; is the length
where C,; occurs (20 m here), C, is the value of the geochem-
ical background, and # is the number of samples at the corre-
sponding elevation.

3.2.2. Integrated Distribution in the #24 Exploration Profile.
Taking into account the nonlinear characteristics of the pri-
mary geochemical halo data (Table 2), the KPCA method
was used to extract integrated multielement information for
the #24 profile, with principal component 1 explaining
43.46% of the total variance of the kernel-transformed data
(Figure 6).

Figure 6 highlights the two parts of the #24 profile, one
with the upper of hornfels orebody above ~4700 m and the
other around the skarn orebody. The upper unit is character-
ized by Cu mineralization in hornfels above 4700 m, and the
lower unit is associated with Cu-polymetallic mineralization
in skarn.

3.2.3. Deep Mineral Resource Prediction for the #24 Profile.
The zonation of 3D primary geochemical haloes obtained
from cross-section cutting (Section 3.1.2), Zn(Pb) - Au— -
Cu(Ag) — Mo, is typical of elemental zonation in porphyry
Cu mineralization systems, consistent with earlier findings
[35, 74], and may be useful for predicting element distribu-
tions at greater depth.

The zonation along the skarn orebody reflects Pb-
Zn(Cu) — Cu(Au-Ag-Mo) — Mo(Cu) — Cu-Mo(Au-Ag)
from upper left to bottom (Figure 5), consistent with the dis-
tribution of associated elements around the porphyry intru-
sions. The skarn orebody I formed in the interlayer
detachment zone between the Linbuzong and Duodigou for-
mations and is confined to the contact between porphyry and
marble. It dips NE and is ~3000 m long, with a tendency to
extended mineralization [23, 24] (Figures 4-6). Moreover,
the zonation along the skarn orebody is incomplete and
should include an association of Cu-Au-Ag or Cu-Pb-Zn,
indicating potential Cu-polymetallic mineralization.

The zonation of element associations from top to bottom
of the #24 exploration profile, Cu(Pb-Zn) — Mo(Cu) — Mo-
Cu(Ag-Au-Pb-Zn) — Mo, is affected by the different miner-
alization types. The Cu(Pb-Zn) association is derived from
the skarn orebody at an elevation of ~4750 m, the Mo(Cu)
association involves the hornfels orebody at ~4650m, the
Mo-Cu(Ag-Au-Pb-Zn) association reflects the composition
of the skarn orebody at ~4400 m, and the Mo anomaly at the
bottom may indicate deep porphyry molybdenite mineraliza-

9
TaBLE 4: MaxEnt parameters used in the Jiamacase study.

Parameter Value
Random test percentage 25%
Regularization multiplier 2.5
Max. number of background points 10000
Maximum iterations 500
Convergence threshold 0.00001
Default prevalence 0.5
Output format Logistic

tion. This is especially the case for the profile across the cen-
ter of the porphyry and hornfels orebodies, where zonation
may be an important indicator of deep mineral resources.

The MaxEnt model was applied to the analysis of
uncertainties in mineral resource prediction based on ele-
mental distribution (Figure 5), integrated anomalies
(Figure 6), and the locations of orebodies. The MaxEnt
software was used to establish a prediction model for pro-
spective mineral resource areas (MaxEnt 3.3.3k; http://
biodiversityinformatics.amnh.org/open_source/maxent/),
with model parameters as given in Table 4. In this simula-
tion, 75% of the data were randomly selected as ML train-
ing data and the remaining 25% as test data. The MaxEnt
software performed 20 replicated simulations on the opti-
mal model to provide the average value of the model eval-
uation with the test AUC (Area Under Curve) =0.929
(Figure 7), which indicates that the model was able to suc-
cessfully associate the probability of multivariate geochem-
ical anomalies with mineralizations. As shown in Figure 8,
mineralizations in #24 profile are spatially consistent with
the high anomaly probability zone (red), which could be
used as evidence in predicting the location of concealed
orebodies with consideration of uncertainty.

The above analysis, in combination with geochemical
mapping and geological background (Figures 5 and 6),
yielded three prediction targets, namely, 24-1, 24-2, and 24-
3 (Figure 8), as discussed below.

4. Discussion

Target 24-1 lies below borehole ZK2409 at an elevation of
~4250m and is indicated by both multielement anomalies
and an integrated KPCA anomaly (Table 1; Figures 5 and
6). The MaxEnt model indicates that this target has a high
probability of containing mineral resources and warrants fur-
ther investigation, as it may be related to a deep porphyry
edge or second concealed skarn layer (Figure 8).

Target 24-2 lies under porphyry orebody IV, where a
high-Mo anomaly is evident with increasing Mo concentra-
tion with depth (Figure 5 and Table 1). The geochemical
zonation from top to bottom of the #24 exploration profile,
Cu(Pb-Zn) — Mo(Cu) — Mo-Cu(Ag-Au-Pb-Zn) — Mo,
provides strong support for this target. From a geological per-
spective, the extensive deep porphyry suggests a significant
prediction direction for as-yet-unidentified porphyry Mo(Cu)
mineralizations. A high probability of mineralization that
shows in Figure 8 provides the reference of mineral location.
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Target 24-3 lies in the northeastern extension of the skarn
orebody I, according to zonation along the skarn orebody I
and the distribution of skarn. In the geological point, there
should be a tendency to skarn dip direction (Figure 4). In
the geochemical point, the geochemical zonation, Pb-

Zn(Cu) — Cu(Au-Ag-Mo) — Mo(Cu) — Cu-Mo(Au-Ag),
indicates a Cu—polymetallic mineralization (Figure 8).
Especially, the overall geochemical vertical zonation of
Zn(Pb) —» Au— Cu(Ag) » Mo from surface to depth is a
typical geochemical pattern of porphyry mineralization,
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providing a strong support for the targets above. The MaxEnt
model can evaluate the uncertainty of the predicted targets of
24-1 and 24-2, which is also a quantitative evidence for min-
eralization (Figure 8).

5. Conclusions

(1) In this study, 3D primary geochemical halo modeling
was used to build a geochemical data volume by 3D
spatial interpolation. In this approach, information
was obtained from all directions in 3D space, which
is an improvement over interpolation on a fixed
surface

(2) Three different geochemical zonations were indicated
by the primary geochemical haloes. The cross-section
cutting indicated an overall zonation of
Zn(Pb) — Au— Cu(Ag) — Mo, reflecting differences
in element concentrations from top to bottom,
consistent with earlier findings [35, 74]. The profile
cutting indicates two different zonations in the #24
profile: one along the dip direction of skarn from
surface to depth (Pb-Zn(Cu)— Cu(Au-Ag-
Mo) — Mo(Cu) — Cu-Mo(Au-Ag)) indicating
skarn orebody extension, and the other (Cu(Pb-
Zn) — Mo(Cu) —» Mo-Cu(Ag-Au-Pb-Zn) — Mo)
gained from linear metal productivities from top to
bottom indicating deep porphyry molybdenite
mineralization

(3) During the analysis process, an integrated geochemi-
cal map was generated by KPCA, and a MaxEnt
model was built by combining six single-element
geochemical anomalies and an integrated geochemi-
cal anomaly for deep mineral resource uncertainty
prediction. Finally, three deep-seated mineral targets
were identified by the geological and geochemical
information extracted from the 3D primary geo-
chemical halo modeling
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