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Diversity and complexity of geological processes in different areas result in different element associations for
prospecting a certain mineral deposit-type sought. In this regard, because element associations are affected by
the diversity of geological characteristics of different areas, it is important to analyze and recognize significant
geochemical signatures that represent the deposit-type sought. This paper aims to recognize significant multi-
element geochemical signatures of porphyry-Cu deposits in the Noghdouz area, Iran, using stream sediment
data. For this, we used factor analysis and two modeling methods of geochemical anomalies, sample catchment
basin and contour map. Then, to recognize significant geochemical signatures of the deposit-type sought and
evaluate the anomalymappingmethods, we adapted prediction-area (P-A) plot, normalized density, and success
rate curve. By using these processes, we recognized the best geochemical signature of the deposit-type sought in
the study area. The proposedmethods in this paper can efficiently be used in other areas to recognize significant
geochemical signatures of different types of mineral deposits.

© 2016 Elsevier B.V. All rights reserved.
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1. Introduction

Maps of geochemical signatures are efficient evidence layers for inte-
gration with other exploration evidence layers in mineral prospectivity
mapping (MPM) of certain types of deposits (e.g., Agterberg, 1992;
Agterberg and Bonham-Carter, 2005; Carranza, 2008, 2011; Lusty et al.,
2012; Wang et al., 2012; Liu et al., 2014; Carranza, 2015; Carranza and
Laborte, 2015a, 2015b; Yousefi and Carranza, 2016). In preliminary ex-
ploration stages, stream sediment geochemical data are generally used
to delineate anomalous areas (e.g., Carranza and Hale, 1997; Cheng,
2007; Zuo et al., 2009; Bai et al., 2010; Carranza, 2011; Zuo, 2011b;
El-Makky and Sediek, 2012; Zheng et al., 2014; Wang et al., 2014;
Wang and Zuo, 2015). For recognizing geochemical signatures related
to a certain deposit-type sought, factor analysis (as a multivariate analy-
sis method) has been used (e.g., Reimann et al., 2002; Kumru and Bakac,
2003; Helvoort et al., 2005; El-Makky, 2011; He et al., 2013; Sadeghi
et al., 2015). Factor analysis reveals element associations that genetically
present in the mineral deposits of the type sought (e.g., Sadeghi et al.,
2013; He et al., 2014).

Recognition of significantmineralization-relatedmulti-element geo-
chemical signatures is a challenge, because factor analysis may reveal
more than one multi-element association (i.e., factors) representing
hnology, Tehran, Iran.
).
the same deposit of the type sought. On the other hand, factor analysis
may reveal some factors in the chemical composition of stream sedi-
ment data that are not genetically related to the deposit-type sought
(Yilmaz, 2003; Spadoni, 2006; Cheng, 2007; Zuo et al., 2009; Xie et al.,
2010; Yousefi et al., 2012).

Modeling of geochemical anomalies especially in stream sediment
data is another challenging issue because the materials of each stream
sample have upstream sources (Spadoni, 2006; Carranza, 2008). In
this regard, several methods have been proposed for mapping stream
sediment geochemical signatures including point symbolmaps, contour
mapping or interpolation approaches (Howarth, 1983), sample catch-
ment basins (SCB) (Bonham-Carter and Goodfellow, 1984, 1986;
Bonham-Carter, 1994; Carranza and Hale, 1997; Moon, 1999; Spadoni
et al., 2004; Carranza, 2008; Carranza, 2010b), stream orders
(Carranza, 2004), extended sample catchment basins (Spadoni, 2006)
and weighted drainage catchment basins (Yousefi et al., 2013). Various
studies have applied contour mapping and SCB for modeling geo-
chemical anomalies using stream sediment data (e.g., Hawkes, 1976;
Bonham-Carter et al., 1987, 1988; Carranza, 2004, 2008, 2010a).

This study aims to recognize significant multi-element geochemical
signatures and map geochemical anomalies associated with porphyry-
Cu deposits to delineate target areas for further exploration in the
Noghdouz area, northwestern Iran. For this, we used staged factor anal-
ysis proposed by Yousefi et al. (2012, 2014) with robust estimation of
covariance matrix (Pison et al., 2003; Filzmoser et al., 2009b). We
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Fig. 1. (a) Location of the study area in Urumieh–Dokhtar magmatic belt, (b) simplified geological map of the study area (after Mahdavi and Amini Fazl, 1988) and (c) the location of
samples and their related catchment basins.
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applied SCB and contour mapping methods to model anomalies. For
selecting a stronger geochemical evidence layer of the deposit-type
sought in the study area, we compared the results of integration of
both SCB model and contour map with another geological evidence
layer in MPM. We used twomodels because different areas have differ-
ent characteristics and complexity (Ford and Blenkinsop, 2008; Van
Loon, 2002), so at least two different models should be generated and
compared in an area to select the better model for MPM (e.g., Harris
et al., 2003; Yousefi and Carranza, 2015c). In this paper, for recognition
of significant multi-element geochemical signatures we used the
location of 10 known mineral occurrences in the study area
(e.g., Agterberg and Bonham-Carter, 2005; Porwal et al., 2003, 2004,
2006; Yousefi et al., 2012, 2013, 2014; Carranza and Laborte, 2015c;
Gholami et al., 2012). These deposits were utilized only as testing
points for assessing the ability of generated models to predict the pres-
ence of mineral deposits. Prediction-area (P-A) plot (Yousefi and
Carranza, 2015a, 2015b, 2015c), normalized density (Mihalasky and
Bonham-Carter, 2001; Yousefi and Carranza, 2015b) and success rate
curve (Chung and Fabrri, 2003; Agterberg and Bonham-Carter, 2005)
Table 1
Rotated component matrix of the first and second stages of robust factor analysis. Loadings in

First stage

Element F1 F2 F3 F4

Au −0.559 −0.229 −0.229 −0.11
Cr 0.281 −0.124 0.252 0.51
Mn −0.136 0.873 0.112 0.27
Ba 0.267 0.601 0.234 0.11
Ag −0.557 −0.292 −0.266 −0.12
As 0.121 0.211 0.8 −0.19
Co −0.127 0.211 −0.112 0.83
Cu −0.65 −0.216 −0.254 −0.1
Mo −0.627 −0.168 −0.243 −0.13
Ni 0.112 −0.114 −0.196 0.89
Pb 0.777 0.247 0.126 −0.26
Sb 0.302 −0.213 0.731 −0.21
Zn 0.514 0.194 0.11 0.10
Sn 0.248 0.515 0.212 −0.13
W 0.295 0.717 0.278 −0.23
Var. 32.6 20.1 15.3 14.4
Cum. Var. 32.6 52.7 68 82.4
as modified by Parsa et al. (2016) were utilized for evaluating multi-
element geochemical signatures derived by robust staged factor
analysis.

2. The study area and porphyry copper mineralization

The study area is situated in the northern part of Urumieh–Dokhtar
magmatic arc (UDMA) (Fig. 1a). TheUDMA is an Andean typemagmatic
arc (Berberian et al., 1982), which has been formed by the subduction of
Arabian plate beneath Central Iran during the Alpine orogeny in the Late
Cretaceous (Berberian and King, 1981; Mohajjel and Fergusson, 2000;
Babaie et al., 2001). Porphyry-Cu deposits show a strong tendency to
form in island and continental-arc settings (e.g., UDMA) (Billa et al.,
2004; Cooke et al., 2005;Mitchell, 1973; Sillitoe, 1972, 2010). The explo-
ration results and knownmineral occurrences in theUDMA indicate that
this belt has great potential for prospecting porphyry-Cu deposits in Iran
(e.g., Richards et al., 2012; Ayati et al., 2013; Zarasvandi et al., 2015).

The study area with a surface of ~600 km2 is covered by 1:50,000
scale quadrangle map of Noghdouz. Quaternary alluvial deposits,
bold represent the selected elements based on the absolute threshold value of 0.5.

Second stage

Element F1 F2 F3

1 Au 0.569 −0.625 −0.317
9 Ag 0.54 −0.619 −0.342
4 As −0.165 0.869 0.145
3 Cu 0.719 −0.561 −0.286
1 Mo 0.765 −0.322 0.121
4 Pb −0.729 −0.221 0.629
7 Sb −0.125 0.651 0.114

Zn −0.671 −0.182 0.868
3 Var. 32.9 30.1 19.2

Cum. Var. 32.9 63 82.1
9
9
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Fig. 2. Biplots of the first and second factors for the first (a) and second (b) stages of robust factor analysis.
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Eocene volcanic rocks (i.e., andesites, trachyandesites and porphyritic
andesites) and Oligocene intrusive rocks (i.e., granodiorites and quart-
monzonites) are main lithological units of the study area (Mahdavi
and Amini Fazl, 1988) (Fig. 1b). The intrusion of Oligocene intrusive
rocks into the Eocene volcanic rocks has made a fitting spot for
porphyry-Cu mineralization in the study area (Ghorbani, 2013).
Fig. 3. Interpolated (contour) map of the GMPIAu–Ag–Cu–Mo values (
3. Methods and results

3.1. Sampling and analysis

The results of chemical analyses of 174 stream sediment samples for
15 elements (Cu, Mo, Pb, Zn, Au, Mn, Ag, Co, Ni, As, Sb, Sn, W, Ba, Cr),
a), C-A fractal model (b), classified map (c), and P-A plot (d).
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collected by the Geological Survey of Iran (GSI), were used in this study
(Fig. 1c). The samples were sieved by 176 μm screen and the fractions
b176 μm were selected for chemical analysis. The sieved fractions
were digested in HNO3 + HCL and then analyzed for multi-elements
by inductively coupled plasma optical emission spectrometry (ICP-
OES). For measuring Au, fire assay method was employed and the re-
sulted aliquot was analyzed by atomic absorption spectrometer (AAS).
The detection limits were: 0.2 ppm for Cu, 0.1 ppm for Mo, 0.2 ppm
for Pb, 0.2 ppm for Zn, 1 ppb for Au, 2 ppm for Mn, 0.01 ppm for Ag,
0.2 ppm for Co, 2 ppm for Ni, 0.5 ppm for As, 0.1 ppm for Sb, 0.2 ppm
for Sn, 0.1 ppm for W, 0.2 ppm for Ba, and 2 ppm for Cr. The method
of Thompson andHowarth (1976)was applied for assessing the analyt-
ical precision using duplicated samples. The precision was better than
10% for most of the selected elements.

3.2. Deriving multi-element geochemical signatures

Stream sediment geochemical data are compositional (closed) data,
meaning that they represent a closed number system in which individ-
ual variables are parts of a whole (Aitchison, 1986; Aitchison and
Egozcue, 2005; Filzmoser et al., 2009a; Carranza, 2011). Therefore, in
order to open the closed data prior to FA, the data should be log-ratio
transformed (Aitchison, 1986; Egozcue et al., 2003; Filzmoser et al.,
2009a, 2009b, 2009c; Buccianti and Grunsky, 2014; Buccianti, 2015;
Buccianti et al., 2015). Furthermore, due to the effects of several geolog-
ical events (e.g., mineralization) and their complexities, stream
Fig. 4. Interpolated (contour) map of the GMPIPb–Zn values (a),
sediment data are heterogeneous and spoiled by outliers (Reimann
and Filzmoser, 2000). Thus, robust factor analysis (RFA) should be ap-
plied to focus on themajor data structure rather than outliers and inho-
mogeneities (Filzmoser et al., 2009b). In this regard, FA could be
optimized by robust estimation of covariance matrix (Pison et al.,
2003; Filzmoser et al., 2009b).

There are three log-ratio transformationmethods for opening closed
data, namely additive log-ratio (alr) (Aitchison, 1986), centered log-
ratio (clr) (Aitchison, 1986), and isometric log-ratio transformation
(ilr) (Egozcue et al., 2003). Because of symmetric results (Aitchison,
1986), and the feasibility of interpretation of resulting values
(Filzmoser et al., 2009b), the clr transformation is appropriate for open-
ing compositional data prior to multivariate analyses. However, the clr
transformation results in singularity of data and robust statistical proce-
dures (e.g., minimum covariance determinant (MCD)) could not be
applied directly to singular data (Egozcue et al., 2003). Therefore, fol-
lowing Filzmoser et al. (2009b), ilr transformation was initially used
to obtain a robust estimation of covariancematrix. The resultant covari-
ance matrix was back-transformed to clr space and was used for deriv-
ing loadings and factor scores. In this regard, the interpretation of
results of RFA refers to the clr space (Filzmoser et al., 2009b) and is pos-
sible via compositional biplots (Aitchison and Greenacre, 2002).

In order to obtain representative multi-element geochemical signa-
tures in the results of RFA, we performed staged factor analysis (Yousefi
et al., 2012, 2014). For this, by performing a two staged RFA on clr-
transformed data, and by following Filzmoser et al. (2009b), we
C-A fractal model (b), classified map (c), and P-A plot (d).

Image of Fig. 4
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obtained significant multi-element geochemical signatures. The staged
factor analysis allows for improved identification of significant anoma-
lous geochemical signatures of the deposit-type sought (Yousefi et al.,
2012, 2014). Principle factor analysis (PFA) and varimax rotation of fac-
tors (Kaiser, 1958) were used in the two stages of RFA on the clr-
transformed data (Reimann et al., 2002). Moreover, the Bartlett method
was used for obtaining factor scores (FSs) (e.g., Filzmoser et al., 2009b).
We used the R free software for all the statistical analyses in this paper
(R Development Core Team, 2008).

In thefirst stage of RFA, the number of factorswas set to be 4 because
as Treiblmaier and Filzmoser (2010)mentioned it can be selected based
on a significant amount of variance to be explained by the factors. Con-
sequently, we obtained (1) a significant total percentage variability of
82.4% (Table 1) and (2) a proper discrimination of different element as-
sociations via these factors. In addition, a threshold loading value should
be selected for interpretation of factors. For this, loadings in the range of
0.3 to 0.6 can be used (Borovec, 1996; Chandrajith et al., 2001; Helvoort
et al., 2005; Treiblmaier and Filzmoser, 2010; Yousefi et al., 2014). In
this regard, we used the absolute value of 0.5 as threshold loading for
returning significant factors (e.g., Sun et al., 2009) because 0.5 is amedi-
um value which allows both the slightly and strongly high values to be
incorporated in the interpretation of factors. Furthermore, this thresh-
old value allowed us to recognize and discriminate both of the non-
mineralization and mineralization related factors. The results of the
first stage of the RFA are shown in Table 1. The first factor explains
32.6% of total variability and represents an Au–Ag–Cu–Mo elemental
Fig. 5. Interpolated (contour) map of the GMPIAs–Sb values (a),
association with negative loadings, while it represents a Pb–Zn
elemental association with positive loadings (Table 1). In the second
factor, robust positive loadings reflect aMn–Ba–Sn–Welemental associ-
ation. In factors 3 and factor 4, robust positive loadings reflect As–Sb,
and Cr–Ni–Co associations, respectively. The compositional biplots
(e.g., Grunsky, 2010; Levitan et al., 2015) of the first and second factors
of the first stage of the RFA (Fig. 2a) reflect several element associations
including Au–Ag–Cu–Mo, Cr–Ni–Co, and Pb–Zn. In order to obtainmore
reliable factor scores indicating porphyry-Cu deposits, as Yousefi et al.
(2012, 2014), the data of Cr, Ni and Co, which show a strong association
in factor F4, were excluded from the next stage RFA because this associ-
ation is largely due to lithological variation. Likewise, the data ofMn, Ba,
Sn andW, which show strong contributions in factor F2, were excluded
from the next stage RFA because these elements are not strong indica-
tors of porphyry-Cu mineralization (Sillitoe, 2010). Thus, the second
stage RFA was applied on clr-transformed data of the remaining ele-
ments, namely Au, Ag, Cu, Mo, As, Sb, Pb and Zn, all of which are
among the most important indicators of porphyry-Cu deposits (Singer
et al., 2005; Sotnikov et al., 2007; Qu et al., 2007; Yang et al., 2009;
Sillitoe, 2010; Maghsoudi et al., 2014). In the second stage RFA, based
on a significant amount of total variance to be explained by factors
(Treiblmaier and Filzmoser, 2010), the number of factors was set to be
3 which resulted in a significant total percentage variability of 82.1%
(Table 1), and allowed a reasonable discrimination among the elemen-
tal associations. In the first, second and third factors of the second
stage RFA, the robust positive loadings reflect Au–Ag–Cu–Mo, As–Sb,
C-A fractal model (b), classified map (c), and P-A plot (d).

Image of Fig. 5
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and Pb–Zn associations, respectively (Table 1). The biplots of the first
and second factors of the second stage RFA (Fig. 2b) explicitly illustrate
the three elemental associations. Consequently, from the results of the
staged RFA, three sets of FSs were obtained: 1) FSs of Au–Ag–Cu–Mo
indicator factor, 2) FSs of As–Sb indicator factor, and 3) FSs of Pb–Zn
indicator factor.

After obtaining the FSs of the three indicator factors, we transformed
them into [0,1] range using a logistic function. Transformation of
values of geochemical signatures into [0,1] range using logistic functions
compared to original raw values (i.e., FSs) not only allows for better dis-
crimination of geochemical populations, but also improves the predic-
tion rate of MPM (Yousefi et al., 2012, 2014; Yousefi and Carranza,
2015a, 2015b, 2015c). For this, the Eq. [1] of Yousefi and Carranza
(2015a) was used for the transformation of each of the three sets FSs
values into [0,1] range, here termed geochemical mineralization
prospectivity index (GMPI), namely, GMPIAu–Ag–Cu–Mo, GMPIAs–Sb, and
GMPIPb–Zn respectively.
3.3. Mapping multi-element geochemical signatures

In order to map the geochemical signatures, a suitable unit cell size
must be selected (Carranza, 2009; Zuo, 2012). An appropriate cell size

can be defined as
ffiffiffi
A
n

q
� 0:05 (Hengl, 2006), where A is the total area

of a map and n is the total number of observations. Here, A is approxi-
mately 6 × 108 m2, and n is 174, and the cell size would be 93 m.
Fig. 6. SCB model for the GMPIAu–Ag–Cu–Mo values (a), C-A
Hence, we used a pixel size of 90 m × 90 m for all the raster maps in
this study.

For mapping geochemical anomalies we used two methods, contour
mapping as the continuous method (e.g., Howarth, 1983) and SCB as
the discrete model (e.g., Carranza and Hale, 1997), for comparison pur-
poses. Ordinary inverse distance weighting method (IDW) was used as
an interpolation approach for modeling geochemical signatures in con-
tour maps. For this, the transformed values of geochemical signatures,
GMPIAu–Ag–Cu–Mo (Fig. 3), GMPIPb–Zn (Fig. 4) and GMPIAs–Sb (Fig. 5) were
mapped. On the other hand, because materials of stream sediment sam-
ples are representative of their upstream composition (Spadoni, 2006;
Carranza, 2008), the SCB model (Bonham-Carter, 1994; Bonham-Carter
and Goodfellow, 1984, 1986; Carranza and Hale, 1997; Moon, 1999;
Spadoni et al., 2004; Carranza, 2008; Carranza, 2010b), SCB was used to
model the geochemical signatures, i.e., GMPIAu–Ag–Cu–Mo, GMPIPb–Zn, and
GMPIAs–Sb, respectively in Figs. 6, 7, 8.
3.4. Recognizing efficient geochemical signatures

For recognizing efficient multi-element geochemical signatures we
used the location of known mineral occurrences as testing points
(e.g., Agterberg and Bonham-Carter, 2005; Porwal et al., 2003, 2004,
2006). For this, we used P-A plots (Yousefi and Carranza, 2015a,
2015b), normalized density (Mihalasky and Bonham-Carter, 2001),
and success rate curves (e.g., Agterberg and Bonham-Carter, 2005;
Carranza and Laborte, 2015c).
fractal model (b), classified map (c), and P-A plot (d).

Image of Fig. 6


Fig. 7. SCB model for the GMPIPb–Zn values (a), C-A fractal model (b), classified map (c), and P-A plot (d).
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For generation of P-A plots and success rate curves, the values of geo-
chemical signatures should be discretized (Yousefi and Carranza,
2015a; Agterberg and Bonham-Carter, 2005). In this regard, fractal
methods (e.g., Mandelbrot, 1983; Cheng et al., 1994; Afzal et al., 2010;
Li et al., 2003; Cheng et al., 2000; Cheng, 2007) can be employed
for discretization and classification of geochemical signatures. The
concentration-area (C-A) fractal model (Cheng et al., 1994) is ap-
plicable for both SCB (e.g., Carranza, 2008, 2011) and contour maps
(e.g., Cheng et al., 1994; Carranza, 2008; Zuo, 2011a; Zuo et al.,
2013). Accordingly, we used the C-A model (Figs. 3b–8b) in order to
classify geochemical populations in both SCB models and contour
maps. Based on the classified maps (Figs. 3c–8c), occupied area of
each class, and the location of the known mineral occurrences, P-A
plots were then generated for each of the geochemical signature layers
(Figs. 3d–8d). P-A plot is drawn by plotting the prediction rate and
the occupied area of each class of geochemical signature, versus
their corresponding threshold values (Yousefi and Carranza, 2015b).
Then, according to Yousefi and Carranza (2015a, 2015b), the parame-
ters of the intersection point of the two curves (i.e., prediction rate
and occupied area) in the P-A plots were extracted and used to calculate
normalized density, Nd, and weight of the geochemical evidence layers,
We, (Table 2). Nd is calculated as the prediction rate of a geochemical
evidence layer divided by its corresponding occupied area extracted
from the intersection point of the P-A plot, and We is calculated by
taking the ln of Nd (Mihalasky and Bonham-Carter, 2001, Yousefi and
Carranza, 2015b). The details for making the P-A plot and calculating
Nd and We of an evidence layer are found in Yousefi and Carranza
(2015b).

In addition to the P-A plot and normalized density, we used a mod-
ified success rate curve with a gauge line (Nd = 1) proposed by Parsa
et al. (2016) for further evaluation of geochemical signatures.
The success rate curve (Chung and Fabrri, 2003; Agterberg and
Bonham-Carter, 2005) is drawn by plotting the portion of mineral
occurrences predicted correctly, Po, in vertical axis versus the portion
of the study area classified as prospective, Pa, in horizontal axis
(e.g., Carranza and Laborte, 2015c). We used the threshold values de-
rived by C-A models (Figs. 3b–8b) for generation of success rate curves
(Fig. 9). In themodified success rate curve the diagonal line, which rep-
resents Nd = 1 andWe = 0, is a criterion for evaluation the relative im-
portance of geochemical signature maps (Parsa et al., 2016). The Nd

close to 1 for a class of prospectivity, here a class of geochemical anom-
aly, indicates that the class consists of randomly selected pixels and
hence is an unsupportive prediction class (Chung and Fabrri, 2003).
Thus, the diagonal line on the plot of the success rate curve is a gauge
line for separating efficient and inefficient geochemical signatures of
the deposit-type sought (Parsa et al., 2016). In this regard, if the success
rate curve of a geochemical evidence layer appears under the gauge line,
it represents negative spatial association of the evidence layer with the
mineralization and thus, the geochemical signature is not a good indica-
tor of the deposit-type sought. On the other hand if the success rate
curve of a geochemical evidence layer appears above the gauge line, it
represents positive spatial association of the evidence layer with the

Image of Fig. 7


Fig. 8. SCB model for the GMPIAs–Sb values (a), C-A fractal model (b), classified map (c), and P-A plot (d).
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mineralization and thus, the geochemical signature is an efficient indi-
cator of the deposit-type sought. This is because a value of Nd N 1
(We N 0) for a map of geochemical signatures, indicates a positive asso-
ciation of the signature with the mineralization of the type sought,
while a value of Nd b 1 (We b 0) for amap of geochemical signatures, in-
dicates a negative association of the signaturewith themineralization of
the type sought (Mihalasky and Bonham-Carter, 2001, Yousefi and Car-
ranza, 2015b). In addition, if the success rate curve of a certain geo-
chemical evidence layer appears in higher above the gauge line in
comparison with the success rate curves of other geochemical evidence
layers, it represents better spatial association with the mineralization
(Parsa et al., 2016).

For the study area in this paper, the value ofWe for GMPIAu–Ag–Cu–Mo

in the SCB model and contour map (Figs. 3, 6) is N0, 2.19 and 1.81
Table 2
Prediction rate (Pr), occupied area (Oa), normalize density (Nd) and the weight (We) of
different geochemical signature layers. Values in bold represent efficient indicators.

Evidential layer Pr (in %) Oa (in %) Nd We

SCB model of GMPIAu–Cu–Mo 90 10 9 2.19
Interpolated values of GMPIAu–Cu–Mo 86 14 6.14 1.81
SCB model of GMPIAs–Sb 31 69 0.44 −0.80
Interpolated values of GMPIAs–Sb 23 77 0.29 −1.20
SCB model of GMPIPb–Zn 39 61 0.63 −0.44
Interpolated values of GMPIPb–Zn 38 62 0.61 −0.48
respectively (Table 2). The success rate curve for this geochemical sig-
nature (GMPIAu–Ag–Cu–Mo in SCB model and contour map) (Fig. 9) ap-
pears above the gauge line. Thus, these two models are significant
indicators of the deposit-type sought. The values of We for GMPIPb–Zn
and GMPIAs–Sb in SCB models (Figs. 4, 5) and contour maps (Figs. 7, 8)
are b0 (Table 2). The success rate curves for these geochemical signa-
tures appear under the diagonal line (Fig. 9). So, these two signatures
(modeled as four maps in Figs. 4, 5, 7, 8) are inefficient indicators of
the deposit-type sought in the study area, and as Yousefi and Carranza
(2015b) demonstrated such indicators should be excluded from the in-
tegration stages in MPM.
3.5. Exploring the effect of mapping methods of geochemical signatures in
MPM

According to the analyses explained above, the GMPIAu–Ag–Cu–Mo is
the most effective geochemical signature of the deposit-type sought in
the study area, and there are two different models for this geochemical
signature, contour map and SCB. For exploring the effect of using a
strongermulti-element geochemical signature layer toMPM,we gener-
ated two individual prospectivity models by integration of the contour
map and SCB model individually with another geological evidence
layer for comparison purpose. If a set of efficient evidential layers are
combined with each other, more reliable target areas are generated
for the deposit-type sought (Carranza, 2008; Yousefi and Carranza,
2015a, 2015b).

Image of Fig. 8


Fig. 9. Success rate curves of the GMPIs for interpolated maps (a) and SCB models (b).
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The derived geochemical signature layer, GMPIAu–Ag–Cu–Mo, is, in fact,
a fuzzy geochemical evidence layer, so we used a fuzzy fault density
(FD) map as another evidential layer in Fuzzy logic MPM (e.g., Porwal
et al., 2003). The FD map was selected because intersections of faults
are typically favorable places for focusing hydrothermal fluids and
therefore for the formation of porphyry Cu deposits (e.g., Carranza and
Hale, 2002; Pirajno, 2010; Chen et al., 2011). For generating the fuzzy
FD layer, the total length of faults per pixel was calculated. Then we
used Eq. (1) of Yousefi and Carranza (2015a) in order to transform FD
values into a [0,1] range, fuzzy score (Fig. 10a). Then for evaluating
the efficiency of the evidence layer of FD in predicting mineral deposits,
the C-A fractal model (Fig. 10b) was used to classify the transformed FD
values (Fig. 10c). In the next stage, like other evidence layers in this
study, the corresponding P-A plot (Fig. 10d) was drawn. Considering
the parameters of the intersection point of the prediction and area
curves in Fig. 10d, the weight for FD evidence layer, We, was obtained
as 1.90. Therefore like GMPIAu–Ag–Cu–Mo, FD evidence layer is another ef-
ficient indicator for the deposit-type sought. Thus, the two models of
efficient geochemical signatures (i.e., GMPIAu–Ag–Cu–Mo), SCB model
(Fig. 6) and the map of interpolated GMPIAu–Ag–Cu–Mo values (Fig. 3)
were individually integrated with the FD evidence layer by using the
fuzzy gamma (=0.9) operator (e.g., Porwal et al., 2003; Yousefi et al.,
2013) to generate two prospectivity models (Figs. 11a, 12a).

To evaluate and compare the generated prospectivity models we
used P-A plot. For this, the C-A fractal model (Fig. 11b), classified map
(Fig. 11c), and P-A plot (11d) were prepared for mineral prospectivity
model in Fig. 11a, generated by integration of interpolated values of
GMPIAu–Ag–Cu–Mo and evidence layer of fault density. Likewise, the C-A
fractal model (Fig. 12b), classified map (Fig. 12c), and P-A plot (12d)
were prepared for mineral prospectivity model in Fig. 11a, generated
by integration of SCB model of GMPIAu–Ag–Cu–Mo and evidence layer of
fault density. Then, based on the extracted parameters of the intersec-
tion points in the P-A plot, Nd and We were calculated for the
two prospectivity models (Table 3) for the comparison purpose.
Fig. 13 shows success rate curves for the two prospectivity models as
well. Based on Fig. 13, despite the success rate curves for the two

Image of Fig. 9


Fig. 10. Distribution map of transformed values of fault density (a), C-A fractal model (b), classified map (c), and P-A plot (d).
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prospectivity models appear on the top of the diagonal line and so both
of the models have positive spatial association with themineral deposit
of the type sought, the success rate curve for the prospectivity model
generated by integration of SCB model of the GMPIAu–Ag–Cu–Mo values
with the fuzzy FD layer appears even higher above the gauge line.
Thus the latter is the better model to be used for further exploration.
Such results are obtained from P-A plots and Table 3. The prediction
rate of the fuzzy mineral prospectivity map generated by integration
of interpolated GMPIAu–Ag–Cu–Mo values with a fuzzy FD layer is 86%
(Fig. 11d and Table 3), while the prediction rate of the fuzzy mineral
prospectivity map generated by integration of the SCB model of the
GMPIAu–Ag–Cu–Mo values with a fuzzy FD layer is 92% (Fig. 12d and
Table 3). Accordingly, Nd andWe for the prospectivity model generated
by integration of the FD evidence layer with the SCB model of GMPIAu–
Ag–Cu–Mo values are greater than those of the prospectivitymodel gener-
ated by integration of FD evidence layer with interpolated map of
GMPIAu–Ag–Cu–Mo values,11.5 N 6.14 and 2.44 N 1.81 (Figs. 11d, 12d and
Table 3).

4. Discussion

In this paper, exploring the effects of mapping methods of geo-
chemical anomalies in prediction of mineral deposits and delimiting
the study area show that SCB model is more efficient than contour
maps for target generation, especially for MPM. This is due to the
smoothing effect of ordinary moving average contour mapping
methods (e.g., IDW) that adversely affects themodeling of geochem-
ical anomalies of stream sediment data (Zuo, 2011b) by neglecting
locally high values. In addition, stream sediment data are irregularly
sampled, and thus contour mapping of geochemical anomalies is not
the best choice for modeling the spatial distribution of stream sedi-
ment data.

There are various factors that affect dispersion patterns of geochem-
ical elements in different areas (Spadoni, 2006; Cheng, 2007; Yousefi
et al., 2013). Thus, it is important to analyze and recognize significant
geochemical signatures representing the deposit-type sought in a
study area for further exploration (e.g., Andrada de Palomera et al.,
2012; Yousefi and Nykänen, 2015; Parsa et al., 2016). In this regard,
multi-element associations of Zn–Pb, As–Sb, and Au–Ag–Cu–Mo have
been used as indicators for prospecting porphyry-Cu deposits in differ-
ent areas (Cooke et al., 2005; Weixuan et al., 2007; Yang et al., 2009;
Yousefi et al., 2012), but in the study area the Zn–Pb and As–Sb associ-
ations have not shownpositive spatial associationwith the deposit-type
sought, and so, they are not significant geochemical signatures for the
deposit. As demonstrated in this paper, the Au–Ag–Cu–Mo association
is a strong geochemical signature for the deposit-type sought.

Recognizing geochemical anomalies andmodeling their spatial asso-
ciationswith particular geological features are critical aspects forminer-
al exploration and understanding ore geometry (Ziaii et al., 2011;Wang
et al., 2013). Considering the results of the second stage of RFA (Table 1),
the first factor shows Au–Ag–Cu–Mo enrichment and Pb–Zn depletion
(cf. Filzmoser et al., 2009b). This shows that these two groups of
elements (Au–Ag–Cu–Mo and Pb–Zn) have different dispersion pat-
terns (Figs. 3, 4, 6, 7). In the study area of this paper, geochemical signa-
tures of GMPIPb–Zn (Figs. 4, 7) and GMPIAs–Sb (Figs. 5, 8) show distal
halos from the outcropping mineralized zones. On the other hand,
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Fig. 11.Mineral prospectivity model generated by integration of interpolated values of GMPIAu–Ag–Cu–Mo and evidence layer of fault density (a), C-A fractal model (b), classifiedmap of the
mineral prospectivity model (c), and P-A plot (d).
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geochemical signature of GMPIAu–Ag–Cu–Mo shows proximal halos to the
outcropping mineralized zones (Figs. 3, 6). This surficial zoning pattern
is analogous to those reported from several known porphyry-Cu sys-
tems (e.g., Meinert, 2000; Sillitoe, 2010), and thus, the delimited targets
in the study area should be evaluated for further explorations.

The efficiency of mineral prospectivity models and the reliability of
delimited target areas could be enhanced by recognizing of efficient
and inefficient indicators and exclusion of inefficient indicators from
the process of target generation in MPM (Yousefi and Carranza, 2015a,
2015b; Parsa et al., 2016). In this regard, receiver operating characteris-
tics (ROC) analysis (Swets, 1988) and success rate curves (Chung and
Fabrri, 2003; Agterberg and Bonham-Carter, 2005) could be employed
to assess the ability of evidence layers or geochemical signatures in
predicting mineral deposits (e.g., Carranza, 2008; Nykänen et al.,
2014; Andrada de Palomera et al., 2014; Carranza and Laborte, 2015c).
In this paper we used P-A plot (Yousefi and Carranza, 2015b) in con-
junction with a success rate curve with a gauge line (Nd = 1 and
We = 0) (Parsa et al., 2016) to evaluate different geochemical signa-
tures, and consequently to discriminate efficient and inefficient signa-
tures of the deposit-type sought.

5. Concluding remarks

1- Recognizing significant multi-element geochemical signatures of a
mineral deposit of the type sought in an area is important because
despite the presence of generally common indicator elements that
are genetically related to the mineralization, the dispersion pat-
tern of indicator elements in different areas can differ. Thus, cer-
tain indicator elements (or multi-element signatures) cannot be
used efficiently in different areas because the dispersion patterns
of indicator elements are affected by characteristics of the study
area.

2- Mineral prospectivity models are affected by applied methods
for geochemical anomaly modeling. In this regard, based on the
results of this paper sample catchment basin modeling of geochem-
ical anomalies result in more reliable target areas for further explo-
ration in comparison with contour maps. Sample catchment
basin modeling increases the prediction rate of mineral deposits as
well.

3- Prediction-area (P-A) plot and the plot of success-rate curve with a
gauge line (Nd = 1) are powerful tools to recognize significant
multi-element geochemical signatures. They can be applied effi-
ciently to evaluate and rank maps of geochemical signatures. Thus,
effective and ineffective indicators of geochemical signatures for ex-
ploration of a certain deposit-type are recognized.
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Fig. 12.Mineral prospectivity model generated by integration of SCBmodel of GMPIAu–Ag–Cu–Mo and evidence layer of fault density (a), C-A fractal model (b), classifiedmap of themineral
prospectivity model (c), and P-A plot (d).

Table 3
Prediction rate (Pr), occupied area (Oa), normalize density (Nd) and the weight (We) of prospectivity models generated using two different geochemical evidence layers.

Prospectivity model Pr (in %) Oa (in %) Nd We

Generated using interpolated geochemical values 86 14 6.14 1.81
Generated using SCB model of geochemical values 92 8 11.5 2.44

Fig. 13. Success rate curves of prospectivity models generated using two different types of geochemical evidence layers.
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