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Index overlay and Boolean logic are two techniques customarily applied for knowledge-
driven modeling of prospectivity for mineral deposits, whereby weights of values in evidential
maps and weights of every evidence map are assigned based on expert opinion. In the
Boolean logic technique for mineral prospectivity modeling (MPM), threshold evidential
values for creating binary maps are defined based on expert opinion as well. This practice of
assigning weights based on expert opinion involves trial-and-error and introduces bias in
evaluating relative importance of both evidential values and individual evidential maps. In
this paper, we propose a data-driven index overlay MPM technique whereby weights of
individual evidential maps are derived from data. We also propose a data-driven Boolean
logic MPM technique, whereby thresholds for creating binary maps are defined based on
data. For assigning weights and defining thresholds in these proposed data-driven MPM
techniques, we applied a prediction-area plot from which we can estimate the predictive
ability of each evidential map with respect to known mineral occurrences, and we use that
predictive ability estimate to assign weights to evidential map and to select thresholds for
generating binary predictor maps. To demonstrate these procedures, we applied them to an
area in the Kerman province in southeast Iran as a MPM case study for porphyry-Cu deposits.

KEY WORDS: Data-driven, index overlay, Boolean logic, greenfields exploration, mineral prospec-
tivity modeling.

assign weights to classes of evidential features in
every map (Bonham-Carter 1994; Carranza 2008b).

For mineral prospectivity mapping (MPM) for a
certain deposit-type sought in a certain area, mineral
exploration datasets used are based on a conceptual
model of prospectivity of that deposit type. Then,
from individual mineral exploration datasets corre-
sponding evidential maps are generated, weighted,
and integrated to delineate target areas. For this
purpose, there are generally three approaches to
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Evidential class weights can be assigned (1) based on
the expert judgment of analyst through an approach
called knowledge-driven MPM, for example, using
index overlay and Boolean logic techniques (e.g.,
Bonham-Carter 1994; Carranza and Hale 2001;
Carranza and Hale 2002b; Porwal et al. 2003c;
Rogge et al. 2006; Carranza 2009), (2) by using the
locations of known mineral occurrences as training
points through an approach called data-driven MPM
(e.g., Bonham-Carter 1994; Porwal et al. 2003a, b, c;
Carranza 2008b), and (3) by using a hybrid of the
two aforementioned approaches to MPM (e.g.,
Porwal et al. 2004, 2006; Carranza et al. 2008b).
Traditionally, maps of spatially continuous eviden-
tial values (e.g., distance to structures, geological
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complexity, magnetic susceptibility, etc.) are usually
firstly categorized into some classes using arbitrary
intervals, and then all evidential values in each class
are assigned using a technique that belongs to one of
three mentioned approaches to MPM. This existing
practice of categorizing spatially continuous evi-
dential values for MPM is sensitive to the choice of
class interval, and the relative importance of every
value in a map is not really evaluated as evidence of
mineral prospectivity.

Nykénen et al. (2008), Yousefi et al. (2012, 2013,
2014), and Yousefi and Carranza (2015) assigned
weights to continuous-value evidential maps for
MPM to overcome exploration bias in data- and
knowledge-driven MPM resulting from simplifica-
tion and discretization of evidential values into some
arbitrary classes. In this technique, locations of
known mineral occurrences are not used as training
points, and spatially continuous evidential values
(mainly distance to structures) are not discretized
using arbitrary intervals. Although this technique
addresses the foregoing issues in assigning weights to
values in evidential maps, there are still issues in
evaluating the relative importance of every eviden-
tial map derived from particular mineral exploration
datasets. Assignment of meaningful weights to every
evidential map is a highly subjective exercise and it
usually involves a trial-and-error procedure (Car-
ranza 2008b). Bonham-Carter (1994) proposed the
index overlay method for knowledge-driven MPM,
whereby classes of evidence in each evidence layer
are assigned weights based on expert opinion and
every evidential map is given a weight as well. There
are other methods for knowledge-driven MPM that
follows similar but different schemes of assigning
weights to individual evidential maps using expert
opinion as well. The applications of fuzzy logic
(Carranza and Hale 2001; Porwal et al. 2003c, 2004,
2006; Lusty et al. 2012; Lisitsin et al. 2013) and the
analytical hierarchy process (AHP) MPM approach
(De Aratjo and Macedo 2002; Moreira et al. 2003;
Hosseinali and Alesheikh 2008; Najafi et al. 2014)
have been demonstrated for knowledge-driven
MPM. In that regard, one question is identified: is
there data-driven way to assign weights that model
the relative importance of every evidential map for
MPM? To address this question, we propose a data-
driven index overlay technique whereby, unlike the
existing knowledge-driven index overlay technique,
spatially continuous evidential values are assigned
weights without discretization and individual evi-
dential maps are assigned weights in a data-driven
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way. In addition, we propose a data-driven Boolean
logic MPM method whereby the selection of
thresholds to convert every map of spatially con-
tinuous evidential values into binary predictor maps
is based on data (i.e., using locations of known
mineral occurrences). For this, we used the methods
proposed by Yousefi et al. (2012, 2013, 2014) and
Yousefi and Carranza (2015) to generate continuous
weighted evidential maps. Then, for weighting indi-
vidual evidential maps derived from particular
mineral exploration datasets and for selecting
thresholds to generate binary predictor maps for
every set of continuous spatial values, the predic-
tion-area (P-A) plot proposed by Yousefi and Car-
ranza (2015) was used. While Yousefi and Carranza
(2015) used the P-A plot only to evaluate prospec-
tivity models, here we demonstrate that the P-A plot
can be used to estimate the predictive ability of each
evidential map with respect to known mineral
occurrences, and that estimate of predictive ability
can be used as (a) a weight of an evidential map and
(b) for selecting thresholds to generate binary pre-
dictor maps. To demonstrate these procedures, we
applied them to an area in the Kerman province in
southeast Iran as a case study of prospectivity ana-
lysis for porphyry-Cu deposits.

METHODS AND RESULTS
Geology and Mineralization of the Study Area

The study area is a small part of the Urumieh-
Dokhtar magmatic arc (Fig. 1a) forming the Zagros
Mountains in Iran. These features are part of the
Alpine-Himalayan orogenic belt, which resulted
from the closure of the Neotethyan Ocean between
Arabia and Eurasia (Sengor et al. 1988; Agard et al.
2005; Omrani et al. 2008). The protracted conver-
gence history between Arabia and Eurasia comprised
a long-lasting period of subduction followed by col-
lision during the Tertiary (Omrani et al. 2008). Two
magmatic belts dominated by calc-alkaline igneous
rocks (Berberian and Berberian 1981) run parallel to
the Main Zagros Thrust on the Eurasian upper plate
and cut across central Iran. The magmatic activity was
restricted to the Sanandaj—Sirjan magmatic arc and to
the Urumieh-Dokhtar magmatic arc (Omrani et al.
2008). The Urumieh—-Dokhtar magmatic arc, which is
classified as an Andean magmatic arc (Alavi 1980;
Berberian et al. 1982), forms an elongate volcano-
plutonic belt running from eastern Turkey to south-
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Figure 1. The Urumieh-Dokhtar volcanic belt and associated Cu occurrences in Iran (a), and simplified
geological map of the study area (b).
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east Iran and has been interpreted as subduction re- Dokhtar magmatic arc occurred mainly during the
lated (Takin 1972; Berberian and Berberian 1981; Eocene but later resumed, after a quiescent period,
Berberian et al. 1982). Magmatism in the Urumieh— during the Upper Miocene to Plio-Quaternary.



The Urumieh-Dokhtar magmatic arc has great
potential for porphyry-Cu deposits (Fig. 1a) as far as
its geology and exploration suggest (e.g., Tangestani
and Moore 2002a, b; Hezarkhani 2006a, b; Atapour
and Aftabi 2007; Boomeri et al. 2009). Some of the
porphyry-Cu deposits in this magmatic arc that have
been reported in the literature include the Sar
Cheshmeh, Meiduk, Sungun, Chah-Firuzeh, and
Reagan deposits (Hezarkhani 2006a, b, 2009; Boo-
meri, et al. 2009; Afzal et al. 2011). Unpublished
reports by the National Iranian Copper Industries
Company (NICICO) indicate that economically
exploited porphyry-Cu deposits in the Urumieh—
Dokhtar magmatic arc contain copper grades rang-
ing from 0.15 to 0.8%. Associated igneous rocks vary
in composition and are mainly granodiorites, quartz-
diorites, diorites, diorite porphyry, granite-porphyry,
monzonites, quartz-monzonites, and granites with
ages of Cretaceous, Eocene, Oligocene-Miocene,
and Neogene, which are spatially and genetically
related to porphyry-Cu deposits in the Urumieh-
Dokhtar magmatic arc. In this magmatic arc, vol-
canic rocks consist of mainly pyroclastics, trachy-
andesites, trachybasalts, andesite-basalts, andesite
lavas, tuffaceous sediments, dacites, rhyodacites,
rhyolites, rhyolite tuffs, agglomerate tuffs, agglom-
erates, ignimbrites, basaltic rocks, and andesites with
the age of Eocene and Neogene are spatially asso-
ciated porphyry copper deposits, and some deposits
are hosted by these volcanic rocks. In this paper, the
study area measures ~2,500 km? and is covered by
the 1:100,000 scale quadrangle map of Sabzevaran
prepared by the Geological Survey of Iran (GSI)
(Grabeljsek 1956). The simplified lithostratigraphic
map of the study area is shown in Figure 1b.

Conceptual Model of Porphyry-Cu Mineralization

Porphyry-Cu deposits are formed from post-
magmatic hydrothermal fluids related to granitoid
porphyritic intrusive rocks commonly having
hydrothermal alterations (Arribas 1995; Singer et al.
2005). In porphyry-Cu deposits, primary ore miner-
als are dominantly structurally controlled and are
spatially and genetically associated with felsic to
intermediate porphyritic intrusions (e.g., Hezarkh-
ani 2006a, b, 2009; Boomeri et al. 2009; Sillitoe
2010). Therefore, proximity to intrusive contacts
(endo- and exo-contacts) represents favorability for
porphyry-Cu mineralization (cf. Carranza and Hale
2002a, b; Carranza 2004; Qu et al. 2007; Carranza
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et al. 2008a, b; Pazand et al. 2011; Yousefi et al. 2013;
Lindsay et al. 2014; Yousefi and Carranza 2015).
Porphyry-Cu deposits can be distinguished from
other granite-related deposits such as skarns and
mantos by their large size and structural control,
mainly stockworks, porphyry stock, veins, vein sets,
fractures, and breccias (e.g., Sillitoe 2010).

In the formation of porphyry-Cu deposits, once
the magma solidifies, high-temperature fluids are re-
leased into the solidified porphyry and its surrounding
host rocks. The fluids, which are often mineral-rich,
take the path of least resistance and travel through
cracks and fractures, which facilitate the passage of
magmas and the circulation of hydrothermal fluids
(cf. Sillitoe 1997; Hanus et al. 2000; Roy et al. 20006). It
is generally accepted that fault zones act as major
channel ways for deeply sourced melts as well as
hydrothermal fluids (Storti et al. 2003; Pirajno 2010).
Fault architecture has been used to investigate por-
phyry systems as described in many studies worldwide
(e.g., Guillou-Frottier and Burov 2003; Qu et al. 2007;
Pirajno 2010; Chen et al. 2011), as well as in the
Urumieh-Dokhtar belt of Iran (e.g., Ghasemi and
Talbot 2006; Meshkani et al. 2013).

Porphyry-Cu deposits in the Urumieh—Dokhtar
belt of Iran show geochemical halos of indicator
elements mainly Cu, Mo, Au, Ag, Zn, Pb, As, and
Sb (e.g., Ziaii et al. 2011; Yousefi et al. 2013; Yousefi
and Carranza 2015).

Datasets: Weighted Evidence Layers

Based on the conceptual model of porphyry-Cu
mineralization in the study area, geochemical sig-
natures, faults/fractures, and proximity to intrusive
rocks can be used as proxy evidence to predict this
type of deposit. Thus, based on the conceptual
model of porphyry-Cu mineralization and available
mineral exploration datasets in the study area, we
used three weighted maps of evidence of prospec-
tivity for porphyry-Cu deposits, namely (i) distance
to intrusive contacts (Fig. 2a), (ii) fault density (FD)
(Fig. 2¢), and (iii) multi-element geochemical sig-
nature (Fig. 2b), geochemical mineralization pros-
pectivity index, GMPI o phyry-cu (Yousefi et al. 2012,
2014), calculated as indicator factor scores (FS) of
the deposit-type sought. Each of these weighted
evidential maps was generated and weighted by
Yousefi and Carranza (2015) using logistic functions
(Yousefi et al. 2012, 2013, 2014; Yousefi and Car-
ranza 2015) with a pixel size of 100 mx100 m in all
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Figure 2. Continuous weighted evidence layer of (a) distances to intrusive contacts, (b) multi-element geochemical signa-
ture, map of GMPI¢y porphyry Values, and (c) fault density (from Yousefi and Carranza 2015).

of the maps stored in a GIS. This cell size was
obtained by using the function of scale number
recommended by Hengl (2006). As Nykénen et al.
2008, Yousefi et al. (2012, 2013, 2014), and Yousefi
and Carranza (2015) have demonstrated, weighted
evidential maps can be generated from spatially
continuous values by using logistic functions without
using the locations of known mineral occurrences
and without simplification and discretization of evi-
dential values into some arbitrary classes using ex-
pert judgment.

Data-Driven Assignment of Weights to Evidence
Layers

In MPM, weights assigned to spatial evidence
must reflect realistic spatial associations between
spatial evidence and mineral deposits of the type
sought. Therefore, the locations of known mineral
occurrences can be used to evaluate the reliability of

weights assigned to spatial evidence representing
their spatial associations with mineralization in the
study area. This is achieved by overlaying the loca-
tions of known mineral deposits on a classified
mineral prospectivity map (e.g., Porwal et al. 2003c,
2004, 2006; Carranza et al. 2005; Yousefi et al. 2012,
2013, 2014; Yousefi and Carranza 2015).

The fractal theory, which was introduced by
Mandelbrot (1977, 1983) and Mandelbrot et al.
(1984), has been applied to characterize and classify
physical and chemical quantities with geometrical
support. In the geosciences, fractal models have
been used to explain the spatial distributions of
geological features (e.g., Cheng 1995; Cheng and
Agterberg 1995; Wang et al. 2006, 2008; Raines
2008; Carranza and Sadeghi 2014). Several fractal
models have been developed and successfully
applied to study spatial features related to mineral-
ization (e.g., Panahi and Cheng 2004; Agterberg
2007; Carranza 2008a; Ford and Blenkinsop 2009;
Gumiel et al. 2010; Afzal et al. 2011; Arias et al.



(a) 4.5

Fd
n

w

Log (Area)
o = N

=

09 08 07 06 05 04 03 -02 -01
Log weight

(c) “‘j

Log (Area)

=
0

0.5

0
09 08 07 0.6 05 04 03 02 01
Log weight

Yousefi and Carranza

—_
=
~
-

w
n

w

Log (Area)
__—

e
o

o

2.5 225 2 -1.78 1.5 -1.2§ -1 0.7 -0.5 -0.2§ 0

Log weight

Figure 3. Concentration-area model, log—log plots for the weighted values of (a) distances to intrusive contacts, (b) multi-element geo-
chemical signature, GMPIcy porphyry Values, and (c) values fault density.

2011) such as geochemical anomalies (e.g., Cheng
et al. 1994, 1996, 2010; Cheng 1999, 2007; Carranza
2008b, 2010a, 2010b, 2011; Zuo and Cheng 2008;
Cheng and Agterberg 2009; Deng et al. 2009, 2010,
2011; Wang et al. 2011a; Zuo 2011a, 2011b, 2011c;
Zuo and Xia 2009; Zuo et al. 2009b), structural
controls (e.g., Carranza 2008a; Carranza et al. 2009;
Carranza and Sadeghi 2010; Zhao et al. 2011), and
geological controls (e.g., Ford and Blenkinsop 2008;
Zuo, Agterberg, et al. 2009a; Wang et al. 2011b).
Considering the foregoing literature, geological
features (e.g., geochemical anomalies, fault distri-
bution, etc.) have fractal dimensions. In this paper,
we used the concentration-area (C-A) fractal model
(Fig. 3a—c) proposed by Cheng et al. (1994) to
determine thresholds for classifying values in evi-
dential maps (Fig. 4a—c).

To evaluate and quantify the ability of each
class of evidential features in predicting mineral
deposit occurrences, the weights of classes of evi-
dential features can be divided by the ratios of their
areas to the total area studied. These ratios repre-
sent the predictive ability of each evidential class (cf.

Bayes 1764; Good 1950; Bonham-Carter et al. 1989;
Jaccard 1908; Yule 1912). Therefore, if two different
classes of spatial evidence with different areas have
the same weight, the probability of finding undis-
covered deposits is higher for spatial evidence cov-
ering smaller areas. In this regard, Yousefi et al.
(2012, 2013) used a plot in which the classes of
prospectivity were shown versus the percentage
(prediction rate) of known mineral occurrences
predicted by the corresponding prospectivity classes
as a way to evaluate different prospectivity models.
In a scheme to make P-A plots, Yousefi and Car-
ranza (2015) used together the probability of known
mineral occurrences predicted by prospectivity
classes, and the areas occupied by the corresponding
classes of prospectivity (with respect to the total
study area). In this paper, we used the P-A plot to
evaluate and to weight every evidential map
(Fig. Sa—c). In a P-A plot for an evidential map, the
intersection of the curves (1) the curve of prediction
rate of known mineral occurrences corresponding to
the classes of the weighted evidential layer, and
(2) the curve of percentage of occupied areas
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Figure 4. Classified weighted map of (a) distances to intrusive contacts, (b) multi-element geochemical signature, map of
GMPI .y porphyry Values, and (c) fault density.

corresponding to the classes of the weighted evi-
dential layer, is a criterion for weighting and evalu-
ating the predictive ability of that evidential map. If
the two curves intersect somewhere in the P-A plot
that is closer to the y-axis but farther from the x-axis,
it represents a small area containing large number of
mineral deposits and, thus, it means high probability
of occurrence of mineral deposits. In a P-A plot for
an evidential map, the X and Y values of the inter-
section point are used to extract meaningful
parameters for MPM. The Y value (at left axis) is
the prediction rate for the evidence layer and it is its
weight to predict the deposit-type sought. The X
value is a meaningful criterion to select threshold for
creating a binary evidence map because a majority
number of mineral deposits are associated with the
range from X to the maximum values of evidence.
For the present study, the parameters of the
intersection points in the P-A plots are shown in

Table 1 (extracted based on Fig. Sa—c for the indi-
vidual evidential maps) and they quantitatively
portray the order of evidential maps in terms of
decreasing relative importance as (1) intrusive con-
tacts, (2) fault density, and (3) GMPI. This order
shows that in the study area: (a) intrusive contact,
with a prediction rate of 86%, is the most important
criterion of porphyry-Cu prospectivity because
intrusives are heat sources for this type of mineral-
ization and, thus, are genetically as well as spatially
related with porphyry-Cu deposits; (b) fault density,
with a prediction rate of 80%, for the second
important criterion because faults provide flow
pathways for hydrothermal fluids; and (c) GMPI,
with a prediction rate of 69%, is the third important
criterion because it is a significant multi-element
anomalous signature derived from stream sediment
dataset of indicator elements for porphyry-Cu
deposits.
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Table 1. The Extracted Parameters from Intersection Point of P-A Plots for Continuous Weighted Individual Evidence Layers in
Figure 5a—

Evidence Layer Prediction Rate (%)

Threshold for Binary Classification

Occupied Area (%)

Intrusive contact 86 0.96 14
Fault density 80 0.65 20
GMPI 69 0.6 31
Integration of Weighted Evidential Maps "
. — . 2 SiWi
In MPM, weighted evidential maps are inte- g
grated with functions that allow using a map weight 2": W,
14

portraying the relative importance of each evidential
map (Bonham-Carter 1994; Carranza 2008b; Porwal
et al. 2003c, 2004, 2006). In this paper, the values in
evidential maps were weighted continuously using a
logistic function (Yousefi et al. 2012, 2013, 2014;
Yousefi and Carranza 2015), whereas the weights of
individual evidential maps were assigned using the
proposed data-driven P-A plot. Therefore, mathe-
matical integration models that consider both the
above-mentioned weights can be adapted for gen-
erating target areas. For this, we adapted the index
overlay model proposed by Bonham-Carter (1994).
Furthermore, to demonstrate the ability of the P-A
plot in evaluating different prospectivity models and
making binary maps, we used the Boolean logic
model (Bonham-Carter 1994; Carranza 2008b) for
the purpose of comparing results.

Data-Driven Multi-index Overlay

Multi-class index overlay is traditionally applied
to knowledge-driven MPM (Bonham-Carter 1994;
Chico-Olmo et al. 2002; Billa et al. 2004; Carranza
2008b) whereby evidential maps are categorized into
some arbitrary classes, and are then integrated
considering weights subjectively assigned to each
evidential map. Each of the jth classes of the ith
evidential map is assigned a score §;; according to
their relative importance. The relative importance of
an evidential map compared to each of the other
evidential maps is controlled by the assigned weights
W;. Weighted evidential maps are then combined
using the following equation, which calculates an
average weighted score ( S) for each pixel (Bonham-
Carter 1994):

Equation [1] is used to integrate classified evidential
maps in knowledge-driven MPM (Bonham-Carter
1994; Carranza 2008b). Here, continuous values in
evidential maps are weighted without using the
locations of known mineral occurrences, and with-
out using the expert judgment in discretization of
evidential values into arbitrary classes (Yousefi et al.
2012, 2013, 2014; Yousefi and Carranza 2015). The
weights of individual evidential maps are assigned
considering their ability to predict mineral occur-
rences based on the P-A plot. Thus, although the
choice of which datasets and mathematical functions
to use is always knowledge-driven, Eq. [1] can be
adapted as a data-driven multi-index overlay model
as follows:

Z W, W;
DMjp = ———, (2)
Sw

where for every pixel in the study area, DMjq is the
data-driven multi-index overlay score, W; is the
weight of individual evidential layer i, assigned using
P-A plot. The W, is pixel value in evidential layer i
assigned continuously by using a logistic function
(Yousefi et al. 2012, 2013, 2014). For the present
study, Eq. [2] is written as follows:
WVepWep + WVemptWompr + WVine Wine

DM = ,
10 Wep + Wompt + Wine
3)

where Wgp, Wgmpr, and Wi, are, respectively,
weights of evidence layers namely fault density
(FD), GMPI, and intrusive contacts (int), which are
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Figure 6. (a) Map of multi-index overlay prospectivity scores generated by combining continuous weighted maps of fault density (Fig. 2c),
multi-element geochemical signature (GMPIcy_porphyrys Fig. 2b), and distances to intrusive contacts (Fig. 2a) using the Eq. [3]. (b) Con-
centration-area model, log-log plots for multi-index overlay prospectivity values in (a). (c) Classified multi-index overlay prospectivity map.
(d) Prediction-area (P-A) plot for the classified multi-index overlay prospectivity model in (c).

assigned based on their respective P-A plot (Fig. 5a—
¢). In Eq. [3], WVEp, WVgmpr, and WV, are the
weights of evidential values of pixels in the corre-
sponding evidence maps that are assigned continu-
ously using a logistic function (Yousefi et al. 2012,
2013, 2014; Yousefi and Carranza 2015). The data-
driven multi-index overlay prospectivity model for
porphyry-Cu deposit generated using Eq. [3] is
shown in Figure 6a.

Data-Driven Boolean Logic Modeling
Boolean logic modeling is also traditionally

applied to knowledge-driven MPM (Bonham-Carter
1994; Harris et al. 2001; Carranza 2008b), whereby

attributes or classes of attributes of spatial data that
meet a prospectivity recognition criterion are labeled
TRUE (or given a class score of 1), otherwise they
are labeled FALSE (or given a class score of 0). The
class scores of 0 and 1 in a Boolean evidential map
are only symbolic and non-numeric. Boolean evi-
dential maps are combined logically using Boolean
operators (AND, OR, NOT, XOR, etc.) in GIS-
based knowledge-driven MPM (Bonham-Carter
1994; Thiart and De Wit 2000; Harris et al. 2001;
Carranza 2008b). The output of combining evidential
maps via Boolean logic modeling is a map with two
classes, one class represent locations where all or
most of the prospectivity recognition criteria are
satisfied, while the other class represents locations
where none of the prospectivity recognition criteria
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(P-A) plot for the Boolean logic prospectivity model in (a).

is satisfied (Carranza 2008b). In the Boolean logic
MPM method, the thresholds for generating binary
maps are selected subjectively based on the expert
judgment of analyst. Thus, there lies a problem of
exploration bias arising from subjective expert
judgment. Here, based on the purpose of this paper,
threshold values for generating binary evidential
maps are calculated by using the X values of inter-
section points in the P-A plots of individual eviden-
tial maps (Fig. 5a—c; Table 1). The binary evidential
maps generated using the P-A plots are shown in
Figure 7a, b for geochemical and fault density evi-
dential maps. The binary evidential map of distances
to intrusive contact is the same as Figure 4a. This is

because based on the P-A plot of distances to
intrusive contacts the threshold value for binary
classification is approximately 0.96, which is equal to
the threshold obtained by the log-log plot of the C-A
model in Figure 3a. The binary evidential maps
(Figs. 4a, 7a, b) were integrated using the AND
operator to make a data-driven Boolean logic pros-
pectivity model for porphyry-Cu deposit (Fig. 8a).

Evaluation of the Models

After generation of two prospectivity models,
data-driven multi-index overlay and data-driven
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Boolean logic models, the locations of nine known
porphyry-Cu occurrences in the study area were
used as testing points in the P-A plots to evaluate
the results. Therefore, the association of known
mineral deposits with different classes of a pros-
pectivity model is evaluated by overlaying the
locations of known mineral deposits on a classified
model (e.g., Carranza et al. 2005; Porwal et al. 2003c,
2004, 2006; Yousefi et al. 2012, 2013, 2014; Yousefi
and Carranza 2015). For this, we used the C-A
model (Figs. 6b) proposed by Cheng et al. (1994) to
determine threshold prospectivity values for classi-
fication of the multi-index overlay prospectivity
model (Fig. 6a). Based on Figure 6b, we classified
the multi-index overlay prospectivity model
(Fig. 6¢) and then the P-A plot (Fig. 6d) for this
model was created. For the Boolean logic prospec-
tivity model (Fig. 8a), because there are two classes,
the P-A plot was directly drown (Fig. 8b).

The intersection point in the P-A plot (Fig. 6d)
for the multi-index overlay prospectivity model is
higher than the intersection point in the P-A plot
(Fig. 8b) for the Boolean logic prospectivity model.
Based on the intersection points in Figure 6d, the
multi-index overlay prospectivity model (Fig. 6a)
predicts 19% of the study area as prospective in
which 81% of the known porphyry-Cu occurrences
are delineated, whereas based on the intersection
points in Figure 8d the Boolean logic prospectivity
model (Fig. 8a) predicts 51% of the study area as
prospective in which 49% of the know porphyry-Cu
occurrences are delineated. This comparison illus-
trates that target areas with high prospectivity values
based on the multi-index overlay prospectivity
model have priority for further exploration com-
pared to target areas based on the Boolean logic
prospectivity model. Thus, multi-index overlay
prospectivity modeling is much better than Boolean
logic prospectivity modeling in the study area.

DISCUSSION

The characteristics of a certain type of mineral
deposits can be different in different areas. Such
differences, which are a function of the relative
importance of individual factors of mineralization in
different areas, are related to geological features
associated to mineralization. However, there are
several geological features near and around miner-
alized areas and not all of them have the same pri-
ority of evidence for the deposit-type sought. In this

Yousefi and Carranza

regard, we propose the P-A plot for efficient eval-
uation of the ability and relative importance of
individual evidential maps to predict prospectivity
for the deposit-type sought in a study area. Thus,
the weight of individual evidential maps can be
defined using the P-A plot for fuzzy logic and the
AHP techniques for MPM (De Araujo and Macedo
2002; Moreira et al. 2003; Porwal et al. 2003c, 2004,
2006; Hosseinali and Alesheikh 2008; Najafi et al.
2014), in which weights of evidential maps must be
defined for in the application of mathematical
integration models. The P-A plot is a worthy tool
for recognizing the efficiency of evidential maps.
This shows, however, that because there are many
mathematical models for integrating weighted evi-
dential maps (e.g., Bonham-Carter 1994; Carranza
2008b), Carranza (2008b) mentioned that at least
two mineral prospectivity models should be gener-
ated and compared to select more reliable target
areas. For this, although field observations can be
used to evaluate target areas predicted by pros-
pectivity models (e.g., Gholami et al. 2012; Yousefi
and Carranza 2015), if in an area there are some
known mineral occurrences, the P-A plot can be
used not only to efficiently evaluate and compare
different prospectivity models in terms of their
ability to predict mineral occurrences with respect
to the sizes of predicted target areas (Yousefi and
Carranza 2015) but also to assign weight to indi-
vidual evidential maps and to select thresholds for
creating binary predictor maps.

CONCLUDING REMARKS
The main findings of this study are as follows:

1. Using the P-A plot, introduced in this paper,
individual evidential maps are weighted in a
data-driven way, and it can be used to effi-
ciently evaluate the relative importance of
individual evidential maps.

2. The P-A plot is useful for defining threshold
evidence values for creating binary eviden-
tial maps.

3. The data-driven techniques of multi-index
overlay and Boolean logic modeling pro-
posed in this paper avoid subjective opinion
for (a) discretization of evidential values into
some arbitrary classes and (b) assignment of
weights to individual evidential maps.
Therefore, using the proposed techniques,
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introduction of systemic bias in mineral
prospectivity mapping can be avoided or
reduced.
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