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1. Introduction

ABSTRACT

An accurate threshold value makes a precise geochemical separation into anomaly and background
areas. The threshold assignment using structural methods are preferred to non-structural methods. In
this research, the U-spatial statistics, a structural based method, was used to study soil type geochemical
data of the Neysian region. The optimal U-values obtained by this method for each sample were
successfully utilized to separate the abnormal and background samples, accurately. In addition, based
on the optimal distance of each sample, the abnormal samples identified in the previous step were
classified in terms of geochemical intensity into strong, medium, and weak samples. The goodness of
U-spatial statistics performance in identifying abnormal areas were validated using drilled boreholes
in the area. The U-spatial statistics not only succeeded in correctly identifying anomalous samples,
but it also correctly identified some samples as the background whiles they had been recognized
as anomaly by a non-structural method. All results obtained were validated by the several drilled

boreholes.

valuable information about ore mineralization processes (Yousefi,

Geochemical exploration plays an important role in finding
promising areas and has an undeniable role in mineral potential
mapping (Carranza, 2008; Yousefi et al., 2021). Patterns recognition
of distribution of trace and indicator elements performed by
uni-variate and multi-variate processing of geochemical data
(Reimann, 2005; Carranza, 2008; Yousefi, 2017; Ghasemzadeh et
al., 2019; Seyedrahimi-Niaraq and Mahdiyanfar, 2021; Barak et
al., 2018 a, b, 2021; 2023; Yousefi et al., 2012, 2023), prepares

2017; Yousefi et al., 2019, 2021, 2023).

Geochemical samples classification into background and
anomaly is a usual task in geochemical data processing (Cheng
et al.,, 1996). Separation of geochemical anomalies from the
background is performed via a parameter called threshold, which
is determined by geochemical data processing of one element

(or combination of several elements) (Mohammadi et al., 2016).
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Using U-spatial statistics method to identify and classify intensity of geochemical

The more accurate threshold determination, the more accurate
classification of background and anomaly. This is a challenging
task in geochemical societies (Carranza, 2008; Ghasemzadeh et
al., 2019; Plant and Hale, 1994; Salimi and Rafiee, 2021; Zuo and
Wang, 2016).

The methods applied to separate geochemical anomalies from
background areas are categorized to structural and non-structural
types (Hasanipak and Sharafadin, 2012). The first type is frequency
based and the second is spatial-frequency based (Mohammadi et
al., 2016). It means, in addition to the content of elements, which is
utilized by non-structural methods, geo-information features such
as the geographic location of the samples and geometric features
like the shape and fractal dimensions of geochemical anomalies are
important criteria utilized just by structural methods (Mahdiyanfar
and Salimi, 2022).

The U-spatial statistics is a known structural method for
separating abnormal and background samples. This method assigns
an optimal U-value and an optimal distance for each geochemical
sample regarding to the geochemical similarity of each sample
with its surrounding samples. In this way, the spatial relationship
of the similar samples is taken into account, and accordingly the
background and abnormal samples are classified, accurately.
Interpretation of results obtained by U-spatial statistics can be
done using both the optimal U-values and optimal distances. The
prepared maps based on the optimal U values recognize the patterns
that can be used to separate the anomaly and background areas. On
the other hand, if the optimal distances of each sample are analyzed,
important information about the geometric characteristics of the
anomaly and background areas can be revealed.

This paper evaluates the performance of the U-spatial statistics
method when applied to classify anomaly and background areas
using soil geochemical samples of the Neysian region. The
innovation of this research compared to previous studies is the use
of the optimal distance of samples. The results revealed that the
map of the optimal distances provides valuable information about
the geochemical intensity of abnormal samples. This research
tries to emphasize the importance of using structural methods in
geochemical data processing by comparing the results of U-spatial
statistics method with a non-structural method.

The study area is located in Isfahan province and near Neysian
village. It is settled on the western edge of the Central Iran zone
and on the Urmia-Dokhtar belt. This volcanic belt is located in
the west and southwest of the central Iran zone and the north of
the Sanandaj-Sirjan zone. It consists of volcanic rocks and related
pyroclastics (Fig. 1-a).

The study area consists of semi-deep to subvolcanic intrusive
bodies with intermediate to acidic composition. It includes diorite,
monzodiorite, dacite, granodiorite and quartz diorite rocks. The
host rock formations with semi-deep metamorphism occurred in
the neighboring regions of the study area characterized by rock
types ranging from andesite to trachy-andesite. Specifically, in the

northern areas, there are the outcrops of these formations (Fig. 1-b).
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Moreover, the soils resulting from the erosion of these rock play
a crucial role in shaping the environment surrounding the deposit
Kavoshgaran, 2010 , Barak et al., 2016, 2018b).

2. Research methodology

2.1. Geochemical dataset

Due to the arid and flatness nature of the Neysian area, it was
preferred to take in situ soils samples for gathering the geochemical
dataset. Sampling was performed at the scale of 1:5000, and finally
945 soil samples were systematically taken. 43 elements were
analyzed by the Inductively Coupled Plasma (ICP) spectrometer in
the Zar Azma laboratory. As well as, the Flame Atomic Absorption
(F.A.A) Spectroscopy was utilized to analysis Au.

2.2. U-spatial statistics method

If the populations 4 and B are assumed as anomalous and
background populations, respectively, the separation of them based
on the spatial distribution of samples can be done by the U-spatial
statistics method. It is assumed that this populations are statistically
normal with mean and standard deviation equal to x4, uB, o4 and
oB, respectively. Theoretically, U-spatial statistics draws a window
around each sample, then the weighted average grade of the samples
inside the window is calculated. The weighted average is calculated
regard with the distance of each sample surrounded by the window,
and this process is repeated in windows of different sizes. Then,
the values of weighted average are normalized with mean («) and
standard deviation () of the main dataset including all samples of
A and B. According to equation (1), variable U(r) is calculated for

each sample.

U, (r):w% Eq. 1

Base of the background and anomaly sizes, equation (1) can be

broken into two parts:

nl n2
f(}’)— ij(r)xj —H ZW/:(V))C/( —H
U, (r)="t - H_ j=l = L k= =

Eq.2

In equation (2), 1 and o are the mean and standard deviation of the
dataset including all samples of 4 and B. w(r) is the weight of the ;™
anomalous sample (with grade xj) of the n/ samples of the anomaly
population 4, and W (r) is the weight of the k" background sample
(with grade x,) of the background population B which surrounded
by a window central of ith sample and radius of r. Also, ¥, (r)is the
weighted average of the i sample calculated by the all samples
around it inside the window. Finally, among the all values of U(r)
of each ™ sample, only a U-value which satisfy equation (3) is
assigned to the ith sample as the optimal U* value.
U’ (r)=max,,., [U,(r) Eq.3
3. Results and Discussions

The geochemical dataset introduced in Section 2.1 was used to
identify the geochemical anomalies of copper element. Firstly, the

clustering statistical method was utilized to identify paragenetic
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elements of copper mineralization. For this purpose, the clustering
method was implemented on a set of elements that are known as
indicator or trace elements of copper. The results are presented in
Figure 2.

According to Figure 2, Cu and Mo are in the same cluster which
confirms the geochemical distribution patterns of Cu and Mo are
so similar. Therefore, the composite elemental index of CuxMo
was considered as the exploratory index. This index was used
as the input dataset of U-spatial statistics method. The statistical
descriptions and histograms of Cu, Mo and CuxMo are collected
and shown in Table 1 and Figure 3.

The results of implementation of the U-spatial statistics on the

CuxMo dataset can be seen in Table 2 and Figure 4. The separation
of the samples into two populations, normal and abnormal, can be
clearly seen in Figure 4. Here, the maximum radius of 800 meters
and incremental steps of 50 meters were used regarding with the
study area extent.
In the next step, abnormal samples of U-values were separated
from the background based on the threshold equal to the
median+2xstandard deviation of U-values dataset (Fig. 5). Using
the median parameter of dataset instead of the mean is a reasonable
choice because the median is not affected by outlier samples.

Figure 5 shows that the anomalous samples are accurately
identified because there is a high conformity between the
abnormal and background samples, respectively, with the
location of promising and weak drillholes. In order to evaluate
the performance of the U-spatial statistics method, the threshold
median parameter+2xstandard deviation was applied to classify the
raw values of CuxMo (Fig. 6).

The results of Figure 6 show when the U-values is not used the
errors of classification is much larger than when this method is used
for data processing. Specifically, in Figure 6, the areas marked by
ellipses contain samples that are classified in the anomalous class,
but the boreholes drilled in those areas were not associated with Cu
mineralization.

As mentioned earlier, a map based on the optimal distance
can also provide valuable information. According to the theory
of the U-spatial statistics method, the samples located within the
optimal distance of each sample are the most similar samples to
it. Therefore, the classification of samples based on their optimal
distances can classify them in different classes based on the
similarity of geochemical intensity.

The map obtained based on the optimal distance is shown
in Figure 7. In this map, the samples that had been classified in
the abnormal class based on the value of the median parameter +
2 x standard deviation, were again categorized in 3 classes with
red, green and blue colors based on the optimal radius obtained for
each sample. This classification is based on the size of the optimal
radius, so that the red samples have an optimal radius smaller than

200 meters, the optimal radius of the green samples is larger than
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200 and smaller than 400 meters, and finally the optimal radius of
the blue sample are in the range of 400 to 800 meters.

Fig. 8. (A, B and C) shows the histograms of U-values for the
samples of these classes. Also, their statistical descriptions have
been collected in Table 3.

According to the Figure 8, it can be said that the samples
classified in 3 classes belong to 3 separate geochemical anomalous
populations with different geochemical intensity. Obviously, the
samples of the blue class are the weakest anomaly, and on the
opposite side, the samples classified as the red class are the strongest
abnormal samples. The green samples are also classified in the
middle class in terms of geochemical intensity, but they are very
close to the red population. The result of student's t- test confirmed
that the red and green populations have significant differences with
each other. The p-value of the t-test is equal to 0.02, and it indicates
that at the significance level of 95%, the null hypothesis of the test,
the same mean of the red and green populations, is rejected. In other
words, these populations have significant differences and do not
belong to the same population. The drilled boreholes confirm the
results. As can be seen in Figure 7, there is a very good overlay

between the promising boreholes and the red areas.

4. Conclusion

The performance of the U-spatial statistics, a structural method, was
evaluated in classifying background and anomaly areas using soil
sample geochemical dataset of the Neysian. Since outputs of the
U-statistic are the optimal U-values and also the optimal distance,
the results of both were studied and interpreted. According to
the U-values based map, the abnormal samples were accurately
separated from the background. Also, this map accurately identified
some false anomaly samples as background whereas a non-
structural method wrongly had classified them as anomalous.

The optimal distance assigned to each central sample by
U-statistics method is, in fact, the distance which the samples within
it are most similar to the central sample in terms of geochemical
features. Therefore, the optimal distance-based map can classify
geochemical samples based on the geochemical similarity.
Therefore, in this research, the anomalous samples identified
based on the optimal U-values were again classified based on
the optimal distance as strong, moderate, and weak geochemical
samples. These results were validated by drilled boreholes, and
the correctness of the results have been confirmed. Therefore,
it is concluded that the performance of the U-spatial statistic
method is accurate in separating geochemical populations and
classifying abnormal samples from the point of view of geochemical

intensity.
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Figure 1- a) The location of the study area in Iran (Nabavi, 1976), and b) The 1:1000 geological map

of the area (Kavoshgaran, 2010).
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Figure 2. The dendrogram of trace and indicator elements of Cu.
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Table 1. statistical descriptions of Cu, Mo, and CuxMo
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Variable Mean StDev CoefVar Minimum Median Maximum | Skewness
Cu 121.82 110.22 90.48 35.00 88.00 988.00 4.08
Mo 1004.0 278.4 27.73 266.0 946.0 2698.8 1.73

CuxMo 398.7 1989.0 498.88 30.4 79.6 38056.0 11.68
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Table 2. Statistical descriptions of U-values resulted from implementation of U-statistic on CuxMo dataset.
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Figure 5. Separation of anomalous samples from the background
of CuxMo composite elemental data after applying the U

statistic method.
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Figure 5. Separation of anomalous samples from the background
for CuxMo composite elemental data without applying the U

statistic method.
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Table 2. Statistical descriptions of the classified samples in figure 7.

Class Count Mean StDev
Red 21 11.424 1.625

Green 58 10.428 1.512
Blue 13 8.796 0.431

\Al



VE=91 :(I) PE 10l (o pgle/ 180 9 Gonku paol/-.... ol § Gld s )i ol 5 3waiib 9 urlwbiud sl U 2bad o)l Gigy 33018

48[ 10.0p
= =
%36 % 7.5
§2A4 % ;(S)
= 1.2 =2
0.0

8 9 10111213 14
U_Values
4.8[¢

8 9

10 11
U_Values

12 13

w
o

Frequency

< = b
o s

S o g N
o0 OO OO 00 00 N ON
U_Values

A S s aig alob bl odd (cduail gladi gas (U luis) jle Jlslp s sai A S
© T 5 ®) s (@)
Figure 8. Histograms of the U-values for the classified samples based on the

optimal distance in Figure 7, red (a), green (b) and, blue (c).

(bl ol sl u aib calls bl ) oled 85 Gl sl Ll g o0
o8 03 U wgy polin ool odd Glalid lowin g ladisai 225 cpl )3
s it b Cand 5 baw sia (6 B Callen 03 a5 gy plad Sl Sk
i)l ikt 55 el plnil lag iz Cumdgo b ockeT Gty gl ST Lasl
S8 U ol oybT gy 3 Shee opl by b Ayl b S 5 4138
Db plal slaia g Sl sl G uail iomen 5 e Sl laea g sladi el

Al g 535 ol o

S 3wl
031 513 3 53 Gl Ol e el Jo S0 515 S5 a8 08 iy 5
I sl 8 rl?g\q?owab;»é,ua- Oledbl 5 olasd 55 slaesls
513 gn pel

& 5 4oui —F
Pl S8 slle g i) )l K S U gl o)lT iy, 5 Sles
dibite plah 55 0315 a0 samn Jilod 53 ABlgo wia) Sl Dlin g (oot 55
334 G ol e S S 0T Wse 23S 15 Sl ssse Ol
CJB}.\,A@L"JJ'Ialjﬁcﬁlfd%&u&W)U%ﬁ:&QJy
Cltises U ang polie olul ol @:4;.4":.534{4;-}51{.&\1:)? o3lat!
men ks SSKS wine s aiaie (Sl sal 3l g SIS L gl 55 sl o
Ly aslim gl bl 7 o sd 3l ol lulid 53U o)lT 2,
Gl a ) WIS 5315 0T 503 8 Jas (i ydas 3o Al o die ) adlata &
L3 edd Slelid Hlowa o Olse 4 bl e gy b g bd s ol s s
LglAL.A\é;L.ET.E’J:cUULaTui})JAd,«i,nga:éb_ual.@&‘%tla&
A bt 55 Glase Blod 4 0T J513 55 685 515 gl pa o ol

%beiw\.wlﬁa.uTcM:q laid pl sl Lyls ol 4 gei 41y Calis

Sy

NV-00 o DB ¢ o 55 Olgins! Bl cOlins diate G5 55 Sl gladi god glass 55 sl Jlo 5T (g5luldar V4D e Dol 5.5 (S Sl G e eSS
v P CFANY (Odas ) Lf:"h}}"- _6“15 A.LJ..L? (FIS) 31t Jiq-l:.‘.:..,«‘ V;“:“ LS @ QL:.M.:J P 23 L;?LGBUal ‘5LAA.LY é:a.li dyay A.s’f c&@g &‘JJ’ c.tcé:}ﬂ (e géfj

.DOI: 10.22034/ijme.2018.30564 A\ \Y

01 ol8ls DL 5 Ol s g Dl (LT (slnosls Llont MY o iopll 35 5 g (STl

@mc_u,om@uww;ou;u‘olﬁlw@ugﬁ;f,;b;,\)f‘\/\u- rlie (3,5 S o3 5on 53 ST plard 55 SBLASTATAY O K5l 5 5lhs prnikiga

Ol

35S eolis pn s Olejle gl Ol Ol gl a5 (Slamrly s VYOO “z eSS

‘Lf:'.)'f 6&41.@.; LSMJ‘ 5;&55 l.a .k..?f (U-PCA) (& s L é.;‘)}:fléﬂz\:uU SJL«T 5}.«).&« Sleslaal b &l:..:..ijij JL»};T u"]ol.» el GF ‘C‘J“"li""é"} s ‘d)l:.v S )
Doi: 10.22034/IJME.2021.534004.1872. A+ ¥ . 0 OOV (Odne pwdige 4 435

References
Afshooni, S.Z., Asadi Harooni, H., and Esmaili, D., 2011. The microthermometry study of fluid inclusions in quartz veins of Kahang deposit

(northeastern of Isfahan). In: 2nd National Symposium of Iranian Society of Economic Geology. Lorestan University, p. 144.

\Al



VE=51 () PE 1ol (o pgle/ ol S0 9 o jaol/-.... aliauiigs § 5l s )i s Sl (5 3uadib 9 bl sl s U obad o)l Uingy 330518

Afshooni, S.Z., Mirnejad, H., Esmaeily, D., and Haroni, H. A., 2013. Mineral chemistry of hydrothermal biotite from the Kahang porphyry
copper deposit (NE Isfahan), Central Province of Iran. Ore Geol. Rev. 54, 214-232. https://doi.org/10.1016/j.oregeorev.2013.04.004.

Alavi, M., 1994. Tectonic of the Zagros orogenic belt of Iran, new data and interpretations. Tectonophysics, 229(3-4): 211-238. https://doi.
org/10.1016/0040-1951(94)90030-2.

Aliyari, F., Afzal, P., Harati, H., and Zengqian, H., 2020a. Geology, mineralogy, ore fluid characteristics, and 40Ar/39Ar geochronology of
the Kahang Cu-(Mo) porphyry deposit, Urumieh-Dokhtar Magmatic Arc, Central Iran. Ore Geology Reviews, 116, 103238. https://doi.
org/10.1016/j.oregeorev.2019.103238.

Aliyari, F., Afzal, P., Lotfi, M., Shokri, S., and Feizi, H., 2020b. Delineation of geochemical haloes using the developed zonality index model
by multivariate and fractal analysis in the Cu—Mo porphyry deposits. Applied Geochemistry, 121, 104694. https://doi.org/10.1016/].
apgeochem.2020.104694.

Amidi, S.M., 1975. Contribution a'letude stratigraphique, petrologique et petrographique des roches magmatiques de la region Natanz-Nain-
Surk (Iran central). Ph.D. Thesis, University of Grenoble France, Grenoble, France, 316 pp.

Barak, S., Bahroudi, A., and Jozanikohan, G., 2018a. Exploration of Kahang porphyry copper deposit using advanced integration of
geological, remote sensing, geochemical, and magnetics data. Journal of Mining and Environment, 9(1), 19-39. https://doi.org/10.22044/
jme.2017.5419.1357

Barak, S., Bahroudi, A., and Jozanikohan, G., 2018b. The use of fuzzy inference system in the integration of copper exploration layers in
Neysian. Journal of Mining Engineering, 13(38), 97-112. (In Persian).

Barak, S., Bahroudi, A., Aslani, S., and Mohebi, A., 2016. The Geochemical Anomaly Separation by using the Soil Samples of Eastern of
Neysian, Isfahan Province, Geochemistry, 5(1), 55-71. (In Persian).

Barak, S., Imamalipour, A., Abedi, M., Bahroudi, A., and Khalifani, F.M., 2021. Comprehensive modeling of mineral potential mapping by
integration of multiset geosciences data. Geochemistry, 81(4), 125824. https://doi.org/10.1016/j.chemer.2021.125824

Barak, S., Imamalipour, A., and Abedi, M., 2023. Application of Fuzzy Gamma Operator for Mineral Prospectivity Mapping, Case Study:
Sonajil Area. Journal of Mining and Environment, 14(3), 981-997. https://doi.org/10.22044/jme.2023.12954.2352.

Carranza, E.J.M., 2008. Geochemical anomaly and mineral prospectivity mapping in GIS. Elsevier.

Cheng, Q., Agterberg, F.P., and Bonham-Carter, G.F., 1996. A spatial analysis method for geochemical anomaly separation. Journal of
Geochemical Exploration, 56(3), 183—195. https://doi.org/10.1016/S0375-6742(96)00035-0.

Darabi-Golestan, F., Ghavami-Riabi, R., Khalokakaie, R., Asadi-Haroni, H., and Seyedrahimi-Nyaragh, M. 2013. Interpretation of
lithogeochemical and geophysical data to identify the buried mineralized area in Cu-Au porphyry of Dalli-Northern Hill. Arabian Journal
of Geosciences, 6(11), 4499-4509. https://doi.org/10.1007/s12517-012-0686-3.

Farhadi, S., Afzal, P., Boveiri Konari, M., Daneshvar Saein, L., and Sadeghi, B., 2022. Combination of Machine Learning Algorithms with
Concentration-Area Fractal Method for Soil Geochemical Anomaly Detection in Sediment-Hosted Irankuh Pb-Zn Deposit, Central Iran.
Minerals 12 (6), 689. https://doi.org/10.3390/min12060689.

Forster, H., 1974. Continental drift in Iran in relation to the Afar structures. International Symposium on the Afar Region and Related Rift
Problems, Bad Bergzabern, Germany.

Ghasemzadeh, S., Maghsoudi, A., Yousefi, M., and Mihalasky, M.J., 2019. Stream sediment geochemical data analysis for district-scale mineral
exploration targeting: Measuring the performance of the spatial U-statistic and CA fractal modeling. Ore Geology Reviews, 113, 103115.
https://doi.org/10.1016/j.oregeorev.2019.103115.

Ghavami-Riabi, R., Seyedrahimi-Niaraq, M. M., Khalokakaie, R., and Hazareh, M. R., 2010. U-spatial statistic data modeled on a probability
diagram for investigation of mineralization phases and exploration of shear zone gold deposits. Journal of Geochemical exploration, 104(1-
2), 27-33.

Hasanipak, A.A., and Sharafadin, M., 2012. 3rd Edition, Exploration data analysis, University of Tehran Press. (In Persian).

Hosseini, S.A., Khah, N.K.F., Kianoush, P., Afzal, P., A Ebrahimabadi, A., and Shirinabadi, R., 2023. Integration of Fractal modeling and
Correspondence Analysis Reconnaissance for Geochemically High-Potential Promising Areas, NE Iran. Results in Geochemistry, 100026.
https://doi.org/10.1016/j.ringe0.2023.100026.

Kavoshgaran, 2010, Geochemical explorations of soil in the area of Eastern Kahang, scale 1/1000, Report of the National Copper Industries
Company of Iran, Development and Modernization Organization of Mines and Mining Industries of Iran. (In Persian).

Mahdiyanfar, H., and Salimi, A., 2022. Fractal Modeling of Geochemical Mineralization Prospectivity Index based on Centered Log-Ratio
Transformed Data for Geochemical Targeting: A Case Study of Cu Porphyry Mineralization. Journal of Mining and Environment, 13(3),
821-838. https://doi.org/10.22044/jme.2022.12024.2197.

Mohammadi, N.M., Hezarkhani, A., and Saljooghi, B.S., 2016. Separation of a geochemical anomaly from background by fractal and U-statistic
methods, a case study: Khooni district, Central Iran. Geochemistry, 76(4), 491-499. https://doi.org/10.1016/j.chemer.2016.09.001.

Nabavi, M., H. 1976. Introduction to the geology of Iran, Ird Edition, Geological Survey and Mineral Exploration of Iran. (In Persian).

Yy



VE=§ :(I) PE 1 Fol (o pgle/gl )80 g paslus pol/..... aliauiig § 5l 5y s 5 30dab g obwlid 1 U alas o jlol gy 3528

Plant, J., and Hale, M., 1994. Drainage geochemistry. Handbook of exploration geochemistry. Elsevier, Amsterdam.

Reimann, C., 2005. Geochemical mapping: technique or art? Geochemistry: Exploration, Environment, Analysis, 5(4), 359-370. https://doi.
org/10.1144/1467-7873/03-051.

Salimi, A., and Rafiee, A., 2021. A grid interpolation technique for anomaly separation of stream sediments geochemical data based on
catchment basin modelling, U-statistics and fractal. Earth Science Informatics. https://doi.org/10.1007/s12145-021-00712-4.

Seyedrahimi-Niaraq, M., and Hekmatnejad, A., 2021. The efficiency and accuracy of probability diagram, spatial statistic and fractal methods
in the identification of shear zone gold mineralization: a case study of the Saqqez gold ore district, NW Iran. Acta Geochimica, 40, 78-88.
https://doi.org/10.1007/s11631-020-00413-7.

Seyedrahimi-Niaraq, M., and Mahdiyanfar, H., 2021. Introducing a new approach of geochemical anomaly intensity index (GAII) for
increasing the probability of exploration of shear zone gold mineralization. Geochemistry, 81(4), 125830. https://doi.org/10.1016/j.
chemer.2021.125830.

Seyedrahimi-Niaraq, M., and Mahdiyanfar, H., 2022. Determination of geochemical anomalous areas using U-statistics modeling of multi-
element principal factor values (U-PCA) related to gold mineralization of shear zone. Journal of Mining Engineering, 17(55), 88-10. (In
Persian). Doi: 10.22034/[JME.2021.534004.1872.

Seyedrahimi-Niaraq, M., Shahsavani, H., and Hekmatnejad, A., 2022. Application of U-spatial statistics for separating magnetic anomalies: a
case study on the Galali iron ore deposit in western Iran. Arabian Journal of Geosciences, 15(21), 1629. https://doi.org/10.1007/s12517-
022-10831-x.

Sillitoe, R. H., 2010. Porphyry copper systems. Economic geology, 105(1), 3-41. https://doi.org/10.2113/gsecongeo.105.1.3.

Yang, L., Wang, Q., and Liu, X., 2015. Correlation between mineralization intensity and fluid—rock reaction in the Xinli gold deposit, Jiaodong
Peninsula, China: constraints from petrographic and statistical approaches. Ore Geology Reviews, 71, 29-39. https://doi.org/10.1016/j.
oregeorev.2015.04.005.

Yousefi, M., 2017. Analysis of zoning pattern of geochemical indicators for targeting of porphyry-Cu mineralization: a pixel-based mapping
approach. Natural Resources Research, 26(4), 429-441. https://doi.org/10.1007/s11053-017-9334-7.

Yousefi, M., Barak, S., Salimi, A., and Yousefi, S., 2023. Should geochemical indicators be integrated to produce enhanced signatures of
mineral deposits? A discussion with regard to exploration scale. Journal of Mining and Environment. 14(3), 1011-1018. https://doi.
org/10.22044/jme.2023.13160.2398.

Yousefi, M., Carranza, E.J.M., Kreuzer, O.P., Nykénen, V., Hronsky, ].M.A., and Mihalasky, M.J., 2021. Data Analysis Methods for Prospectivity
Modelling as applied to Mineral Exploration Targeting: State-of-the-Art and Outlook. Journal of Geochemical Exploration, 229. https://doi.
org/10.1016/j.gexplo.2021.106839.

Yousefi, M., Kamkar-Rouhani, A., and Carranza, E.J.M., 2012. Geochemical mineralization probability index (GMPI): a new approach to
generate enhanced stream sediment geochemical evidential map for increasing probability of success in mineral potential mapping. Journal
of Geochemical Exploration, 115, 24-35. https://doi.org/10.1016/j.gexplo.2012.02.002.

Yousefi, M., Kreuzer, O.P., Nykénen, V., and Hronsky, J.M.A., 2019. Exploration information systems—A proposal for the future use of GIS in
mineral exploration targeting. Ore Geology Reviews, 111, 103005. https://doi.org/10.1016/j.oregeorev.2019.103005.

Zuo, R., and Wang, J., 2016. Fractal/multifractal modeling of geochemical data: A review. Journal of Geochemical Exploration, 164, 33-41.
https://doi.org/10.1016/j.gexplo.2015.04.010.

\Al



