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 This study was set out to delineate prospective zones of gold mineralization occurrence 
over the Julie tenement of Northwestern Ghana using two spatial statistical techniques, 
namely information value (IV) and weight of evidence (W of E) models. First, 110 
locations, where gold (Au) mineralization has been observed, were identified by field 
survey results derived from highly anomalous geo-chemical assay datasets. Of these 110 
locations, 77 (representing 70% of the known locations, where gold has been observed) 
were randomly selected for training the aforementioned models, and the remaining 33 
(analogous to 30% of the known Au occurrence) were used for validation. Secondly, 
eleven mineral conditioning factors (evidential layers) comprising analytic signal, 
reduction-to-equator (RTE), lineament density (LD), porphyry density, potassium 
concentration, thorium concentration, uranium concentration, potassium-thorium ratio, 
uranium-thorium ratio, geology, and arsenic concentration layers were sourced from geo-
physical, geological, and geo-chemical datasets. Subsequently, by synthesizing these 
eleven evidential layers using the two spatial statistical techniques, two mineral 
prospectivity models were created in a geographic information system (GIS) 
environment. Finally, the mineral prospectivity models produced were validated using 
the area under the receiver operating characteristics curve (AUC). The results obtained 
showed that the IV model produced had a higher prediction accuracy in comparison with 
the mineral predictive model produced by the W of E with their AUC scores being 0.751 
and 0.743, respectively. 
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1. Introduction 

Access to mineral resources through mineral 
exploration and exploitation over the years has 
brought immeasurable economic benefits to many 
wealthy nations (Australia, Canada, USA, South 
Africa, and the like) around the world, and has the 
potential to enrich many more transitional and 
developing economies [1 ,2,3] .  The potential 
wealth seen by many of these developing nations 
has driven them to find innovative ways in the 
discovery of these mineral resources, which Ghana 
is no exception. Despite Ghana’s impressive 
continual economic growth mainly underpinned by 
the exportation of its mineral resources (mainly 
from gold), the country still faces budget deficits 
and rising debt to gross domestic product (GDP) 
ratios. This means that the country will have to find 

more of these resources in order to boost its foreign 
currency reserves and correct its budget deficits. 
Thus, there is a need to delineate newly prospective 
zones of mineral occurrences, which will have a 
ripple effect on the economic fortunes of the 
country (Ghana). The first step in carrying out a 
mineral prospectivity model over an area of interest 
is the acquisition of geo-spatially characterized 
geoscientific datasets. For this reason, Azumah 
Resources Limited carried out a multi-disciplinary 
exploration scheme, which encompassed 
geological and structural mapping; soil, rock, and 
auger point sampling; diamond drilling to define 
bedrock mineralization; as well as high-
resolution geo-physical data acquisition 
encompassing magnetic and radiometric [4]The 
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second step that is critical to mineral prospectivity 
modeling (MPM) concerns the selection of the 
appropriate geo-scientific criteria that are essential 
for the characterization of the sought-after mineral 
deposit. The third most important step in MPM is 
the generation of evidential layers from the geo-
spatial dataset based on the appropriate geo-
scientific criteria selected. The final stage in MPM 
is essentially hinged on synthesizing the generated 
evidential layers towards the end goal of 
producing a predictive model that outlines the 
mineral prospects or target zones of essential 
mineral resources [5,6,7].  

In synthesizing various evidential layers 
towards the generation of a mineral prospectivity 
model, the use of geographic information systems 
and multi-source data integration techniques have 
been employed. These techniques generally come in 
two models, knowledge-driven models and data-
driven models. In carrying out knowledge-driven 
models, the weight of the evidential layers derived 
are assigned by incorporating opinions of mineral 
exploration geo-scientists [4,6,8].  In the 
generation of mineral prospectivity models in a 
data-driven way, the influence (weight) of the 
chosen evidential layers towards the production of 
the model is dependent on their spatial 
relationship to existing data of the mineral 
occurrence. Mineral predictive modeling can also 
be carried out in a hybrid manner by incorporating 
both known locations of mineral occurrences and 
expert opinions of mineral exploration 
geoscientists. Thus the use of knowledge-driven 
models [3,9,10,11,12],   data-driven models 
[13,14,15,16,17,18], and a blend of the 
aforementioned two main models [7,19, 20,21]20  
have been found applicable in delineating 
prospectively viable zones of mineral occurrence 
in various geologic environments. It is important to 
note that the use of data-driven methods for 
predictive modeling is preferable when employed 
in regions with significant amount of known mineral 
occurrences. This is because data-driven methods are 
viable for assessing the relationship between known 
locations of mineral occurrences and various classes 
of selected evidential layers [15]. They are deemed 
to produce models with improved accuracy. In this 
study, the Julie Tenement was chosen as a case 

study for a data-driven based mineral predictive 
modeling using the weight of evidence (WofE) and 
information value (IV) techniques because it is 
currently the tenement with the largest mineral 
prospects within the northwestern part of Ghana 
[ 22 ] .  It is, therefore, important to note that there is 
no systematically generated model that outlines the 
mineral potential over the tenement despite the 
availability of geoscientific datasets (such as 
magnetic and radiometric datasets) as well as the 
delineated known locations of mineral occurrences 
to facilitate such course. Thus, the creation of an 
effective mineral prospectivity map would be 
required in order to intuitively harness various 
exploration programs in the tenement in the future. 
In view of this, this study seeks to carry out a 
comparative performance assessment of mineral 
prospectivity models that would be generated 
based on the Wof E and IV techniques over the 
Julie tenement of Ghana’s northwestern part. Since 
models generated are irrelevant until they have 
been duly validated [23], the receiver operating 
characteristic curve would be employed to assess 
the performance of the MPM to be generated in this 
study. It is conceived that the MPM outputs 
generated in this study would have guide various 
mineral exploration programs within the Julie 
tenement and other areas in the northwestern part 
of Ghana. 

2. Studied area and geological setting 
2.1. Studied area 

The Julie tenement (marked as white in Figure 
1) is located in the Upper West Region of Ghana 
(thus NW Ghana) specifically the Wa-East district 
and lies within the longitude 2◦10’13” E to 
2◦12’44” E and latitude 10◦05’14” N to 10◦09’15” 
N based on the WGS datum ellipsoid. The 
topography in the studied area is generally flat due 
to the extensive erosion the area has experienced, 
with topographic height ranging from 290 m to 400 
m. The only river that drains the tenement is the 
Felin River. The studied area according to 
Dickson and Benneh [24] is characterized by the 
Guinea Savannah vegetation typified by grasses of 
different heights and interspersed with fire-resistant 
deciduous trees. 



Amponsah and Forson Journal of Mining & Environment, Vol. 15, No. 3, 2024 
 

793 

 
Figure 1. Map of the northwestern Ghana showing various administrative districts (studied area is marked in white). 

2.2. Geological setting 

The geology of NW Ghana lies within the 2250-
1980 Ma Eburnean tectono-magmatic Birimian 
terrane (Figure 2(a)), which is responsible for the 
formation of greenstone belts and associated 
granitoids [25,26, 27]. The Birimian terrane in NW 
Ghana marks the eastern edge of the West African 
Craton, and is defined by the Julie greenstone belt, 
the Wa-Lawra belt, the Tumu-Koudougou terrane, 
and the Bole-Bulenga domain (Figure 2(b); [28]) 
The Julie tenement lies within the Julie greenstone 
belt [29], and is bounded to the west by the Wa-
Lawra belt, to the north by the Tumu-Koudougou 
terrane, to the south by the Bole-Bulenga domain, 
and the east by the Bole-Nangondi belt. The 
north-south (N-S) oriented Wa-Lawra belt is 
divided into an eastern and western half by a 100 
km north (N) to NNW (north-northwestern) 
oriented crustal scale transcurrent shear zone with 
sinistral characteristics known as the Jirapa shear 
zone or fault. The eastern part is composed of 2139 
± 2 Ma (detrital age of zircons; [30]) meta-
greywackes, meta-volcanosediments, metashales 
(pelites; [30, 31,32,33]), and early syn-tectonic 
2212 ± 1 Ma and 2153 ± 4 Ma granitoids [30,33]. 
These rocks have been intruded by late kinematic 
granitoids of 2104 ± 1 Ma [30,34,35]. The western 

half is composed of 2187 ± 3 Ma high grade para- 
and ortho-gneisses, rhyolites and granitoids [30] 
also connoting amphibolite to migmatite facies 
[28]. 

Juxtaposing the Wa-Lawra Belt eastwards by 
the Jang shear zone or fault is the Tumu-
Koudougou terrane. This terrane is mainly defined 
by granitic complexes composed of 2162 ± 1 Ma to 
2134 ± 1 Ma gneisses and gabbros. Intruding these 
rocks is the 2128 Ma porphyritic granites 
[30,31,32,33]. The Bole-Bulenga domain is 
composed of high-grade metamorphic rocks such 
as metabasites and paragneisses with migmatitic 
characteristics. These rocks have been termed as the 
Buki gneisses by De Kock et al. [36], and have been 
intruded by 2195 Ma and 2135 Ma granitoids 
[28,30]. In keeping with the structural 
interpretation (framework) made by various works 
in NW Ghana [28,34,37], the terrane has 
experienced a polycyclic structural event. The first 
deformation phase, D1 in NW Ghana is defined by 
N-S shortening crustal thickening event, marked by 
nappe stacking event. The second deformational 
event (D2) is marked by the N-S extension, which 
is characterized by extensional shear zones along 
the E-W margin of the Bole-Bulenga domain. D3 
is marked by E-W or NE-SW shortening, which is 
responsible for the N-S or NNE-SSW. D4 is 
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characterized by WNW to ESE compression, 
whiles that of D5 is characterized by the dextral NE 
crustal scale strike slip shear zone. D6 in NW 
Ghana is marked by Pan-African E-W shorting and 
responsible for all the late N-S brittle faults. 

2.3. Overview of mineralization and alteration 
style and controls on Julie tenement 

The mineralization style associated with the 
Paleoproterozoic quartz lode gold in the Julie 
tenement is mainly based on the work done by 
Amponsah et al. [35] and Amponsah et al. [37] 
on the Julie deposit and the geological mapping 
done on the tenement by the authors. According to 
the space-time correlation done by Block et al. [28] 
in NW Ghana, the gold mineralization in the Julie 
tenement can be constrained to have occurred 
between 2145 and 2125 Ma. Like all orogenic gold 
deposits around the world, the temporal and spatial 
distribution of the gold mineralization on the 
tenement is associated with quartz veins in a 
deformed metamorphosed Julie greenstone belt or 
terrane with accretional or collisional 
characteristics [28]. The host rocks for the gold 
mineralization on the tenement are the 
metamorphosed greenschist facies granitoids with 
tonalitic affinities [35] and accreted oceanic 
metasedimentary sequences with subordinate 
volcanics interbedded with metapelites and 
volcaniclastics [4].  

Tectonically, the gold mineralization on the 
tenement is associated with the brittle-ductile 
transition, second-order shear zones with dilation 
jogs and fault bifurcations, which are splays of the 
first-order E-W Baayiri fault [28,35]. In the 
granitoids, the gold mineralization manifests itself 
as a series of quartz veins or lodes in several sets 
(with varying lengths, mainly between 3 and 7 
km) of shear zones formed from second-order low 
angle thrust with reverse characteristics. The higher 
degree of misorientation due to the reverse 
characteristics with respect to the E-W strike of the 
shear zones (thus the fault planes of the low angle 
thrust) in the granitoids generated a higher level of 
fluid over-pressure, making it susceptible to high 
fluid flux [37]. In the metasediments, the gold 
mineralization is associated with boudinage to 
transposed quartz veins within a moderate to 
steeply dipping (usually between 60 to 70 degrees) 
shear zone with an E-W strike and dip direction to 
the north. The gold mineralization in the tenement 
has a direct relationship with the structural traps. 

By way of orebody controls and geometry, the 20 
m to 50 m thick quartz vein lodes are primarily 
within a series of 3 to 7 km shear zones associated 
with the granitoids and sediments in the Julie 
tenement. 

The alteration mineral assemblages defining the 
50 m bleached mineralized envelope within the 
granitoids consist of sericite + quartz + ankerite + 
k-feldspar + calcite ± tourmaline + pyrite and in the 
sediments, the mineralization envelop is defined by 
chlorite + ankerite + arsenopyrite ± pyrite ± 
graphite [35,37]. 

3. Methodology 
3.1. Dataset 

The geospatial datasets used for delineating 
mineral prospective zones with the Julie Tenement 
comprises geophysical, geological, and geochemical 
data. The geological data (which has a scale of 
1:100,000), which was compiled by the Ghana 
Geological Survey Authority (GGSA) [30] was 
acquired to be employed in this study. The geo-
chemical data used for th is s tudy was 
collected by Azumah Resources Limited 
(ARL) at  a scale of 1:5000. The geo-physical 
datasets used for this study, which includes 
radiometric and magnetic data were acquired from 
ARL with a spatial resolution of 7.5 m [4].  In 
total, eleven evidential layers were extracted from 
the geo-physical, geological, and geo-chemical 
datasets. From the geo-physical datasets, the 
authors ext racted nine evidential layers 
comprising analytic signal, lineament density, 
porphyry density, reduction-to-equator (from the 
magnetic data), thorium concentration, uranium 
concentration, potassium concentration, 
potassium-thorium ratio, and uranium-thorium 
ratio (from radiometric data) were derived. 
Asymmetric problems are common or prevalent for 
magnetic data acquired at low magnetic latitudes, for 
which the Julie tenement is an example. Thus, total 
magnetic intensity responses acquired and for that 
matter the total magnetic intensity grid obtained 
were reduced to equator (RTE), so that the 
magnetic signals observed are characteristic of 
sub-surface geological responses. In view of this, 
the RTE grid was generated. The analytic signal 
grid, which captures the spatial distribution of 
magnetic intensity gradient was also generated by 
applying the analytic signal filtering technique on 
the total magnetic intensities. 
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Figure 2. (a) Simplified geological map of the southern portion of the West African craton (modified after Milési 
et al. [38]) with the studied area indicated with a red box. The pink color indicates granitoids, with the light and 

deep green indicating volcanosedimentary and basaltic rock, respectively, whiles the yellow indicate the Tarkwaian 
sediments (b) simplified geological map of NW Ghana (modified after Block et al. [28]). 
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The individual radiometric channels 
comprising potassium (K), thorium (eTh), and 
uranium (eU) were each gridded using the Kriging 
method. Subsequently, the radiometric ratio grids 
comprising K/eTh and eU/eTh were also generated. 
The lineament density (LD) grid was produced 
based on the Center for Exploration Targeting 
(CET) grid analysis technique [39, 40].  The CET 
porphyry detection technique [41] was employed 
to delineate porphyry magnetic features (otherwise 
known as porphyry density) that may be 
associated with gold mineralization within the 
study area. Both the lineament density and the 
porphyry density layers were generated by 
employing their respective aforementioned 
techniques on the reduced-to-equator grid. All these 
grids were further imported in a GIS (geographic 
information system) environment in raster format. 
It is noteworthy that, the processing of the 
generation of the RTE, analytic signal, K, eTh, eU, 
K/eTh, eU/eTh, LD, and porphyry density grids 
were generated using the Geosoft Oasis Montaj 
software. In the case of the geochemical dataset, 
the arsenic concentration layer was generated by 
applying the inverse distance weighted (IDW) 
interpolation method on a point shapefile of arsenic 
values in parts-per-million (ppm) using ArcGIS 
10.8. The geological layer though originally 
sourced in vector format was converted to raster 
format to conform with the other layers. In order 
to assess the spatial association of various classes 
within evidential layers and the existing locations of 
mineral occurrence based on the data-driven 
statistical techniques employed in this study, all 
these evidential layers were rescaled to have the 
same cell size of 3.03 m. This in effect produced a 
cell size of 3.03 m × 3.03 m, and thus the studied 
area was observed to be characterized by a total 
pixel count of 6708561. In order to efficiently 
apply the modeling techniques (comprising the 
weight of evidence and the information value) to 
determine the influence of each evidential layer 
towards the model to be generated, the natural 
breaking classification technique was employed in 
discretizing each of these evidential layers. A 
detailed description of why these evidential layers 
were identified and chosen for this study has been 
carried out in Section 4.1. 

In carrying out predictive modeling in a data-
driven way, the availability of a considerable 
number of existing locations of sought-after 
mineral occurrence is very critical towards the 
generation of the model. Thus 110 known gold 
(Au) locations, obtained from highly anomalous Au 
geo-chemical assay results and existing locations of 

artisanal mining operations (referred to as Au 
labels) within the tenement were used. These Au 
labels were apportioned randomly into two, to 
characterize training Au labels (made up of 70% of 
total Au labels) and the testing Au labels 
(comprising 30% of the total Au labels). To make 
the Au labels (which are point data in the form of 
X and Y coordinates) conscionably analogous and 
representative of the extent of the mineral to be 
explored in terms of scale, the Au labels were 
converted to pixels with a cell size of 3.03 m × 
3.03 m [42,43].  In this regard, the transformation 
of the Au labels into the pixel format based on the 
aforementioned cell size resulted in the generation 
of a total Au occurrences pixel count of 1009 (with 
706 as training pixels and 303 as a test or validation 
pixels) within the Julie Tenement. 

3.2. Data-driven statistical methods 
3.2.1. Weight of Evidence (WofE) 

In mineral prospectivity modeling, the weight of 
evidence technique, which is a data-driven method 
was first used by Bonham-Carter [44] to evaluate 
mineral resources hypothetically based on a 
number of binary evidential layers denoted by 
BEV1, BEV2, BEV3, · · · BEVn. In WofE, a value of 
0 is assigned to depict the unavailability of a 
feature; a value of 1 is also assigned to characterise 
the presence or availability of a particular feature. 
For an evaluation model, if the areal extent is 
divided into a grid of ZG pixels, with the areal 
extent of the grids with known Au occurrences 
within the evidential layer being AuG pixels, the 
prior probability P(AuG) can be estimated as shown 
in Equation 1. 

(ீݑܣ)ܲ =
ீݑܣ

ܼீ
 (1) 

The prior probability in Equation 1, can be 
expressed in terms of its corresponding odds ratio 
formula shown in Equation 2. 

(ீݑܣ)ܱ =
(ீݑܣ)ܲ

1 − (ீݑܣ)ܲ
 (2) 

Thus, for an evidential layer BEVi, the weight of 
evidence can be computed as shown in Equations 3 
and 4. 

௜ܹ
ା =  ln ቆ

ܧܤ)ܲ ௜ܸ/ீݑܣ)
ܧܤ)ܲ ௜ܸ/ீݑܣ)തതതതതതത 

ቇ (3) 

௜ܹ
ି = ln ቆ

ܧܤ)ܲ పܸതതതതതത/ீݑܣ)
ܧܤ)ܲ పܸതതതതതത/ீݑܣ)തതതതതതതቇ (4) 

W+
I and W-

I in Equations 3 and 4 denote the 
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weight of evidence for an ith class of an evidential 
layer when Au occurrences are respectively absent. 
തതതതതതீݑܣ  represents the absence of Au occurrence, 
whereas ீݑܣ  denotes the presence of Au 
occurrence. ܧܤ పܸതതതതതത characterizes the absence of the 

ith class binary layer. Also, the posterior 
probability odds (Oposterior) of each pixel size can be 
computed as shown in Equations 5 and 6, for 
instances where evidential layers satisfy the 
conditional independence test [45]. 

 

ln൫ܱ௣௢௦௧௘௥௜௢௥ ൯ = ln൫ܱ(ீݑܣ)൯ +  ෍ ௜ݓ
௞  (݅ = 1, 2, 3, ⋯ , ݊)

௡

௜ୀଵ

 (5) 

௜ݓ
௞ = ቐ

௜ݓ
ା; ݎ݁ݕ݈ܽ ݈ܽ݅ݐ݊݁݀݅ݒ݁ ℎݐ݅ ℎ݁ݐ ݂݋ ݁ܿ݊݁ݏ݁ݎ݌    

௜ݓ
ି; ݎ݁ݕ݈ܽ ݈ܽ݅ݐ݊݁݀݅ݒ݁ ℎݐ݅ ℎ݁ݐ ݂݋ ݁ܿ݊݁ݏܾܽ   

0 ;                                                           ܽݐܽ݀ ݋݊   
 (6) 

 
The metallogenic probability of each pixel is 

represented as the posterior probability as 
expressed in Equation 7. The posterior probability 
is very essential in the characterization of the 
mineral prospect over an area of interest. 

௣ܲ௢௦௧௘௥௜௢௥ =
ܱ௣௢௦௧௘௥௜௢௥

1 + ܱ௣௢௦௧௘௥௜௢௥
 (7) 

In order to determine the spatial relationship 
between the existing Au occurrence and the ith 
class of an evidential layer, the contrast (C) is 
applicable and expressed in Equation 8. A positive 
C value stipulates a strong spatial correlation 
between known Au occurrences and the 
considered ith evidential layer class. Negative C 
depicts a weak correlation between existing Au 
occurrences and the considered ith evidential layer 
class. A C value of 0 indicates that the considered 
ith evidential layer class is not relevant for analysis 
[46]. 

௜ܥ = ௜ܹ
ା − ௜ܹ

ି (8) 

3.2.2. Information value (IV) 

Another bivariate data-driven statistical 
method whose employability was vital in this 
study is the information value (IV) technique. 
Though originally proposed for predictive 
modeling in geoscience; to make it more flexible 
for employability in geo-spatial predictive 
modeling, the IV technique was subsequently 
modified by [47]. The IV modeling technique 
thrives on the idea that Au occurrence (AuG) over 
an area of interest is influenced by various factors 
depicted as condition factors or evidential layers 
(EVi). For its adaptation in geospatial predictive 
modeling such as mineral prospectivity modeling, 
the IV technique can be expressed as shown in 
Equation 9. 

ீܷܣ)ܸܫ , ܧ ௜ܸ) = ଶ݃݋ܮ ൬
ீݑܣ)ܲ , ܧ ௜ܸ )

(ீݑܣ)ܲ ൰ (9) 

From Equation 9, IV (AuG, EVi) represents the 
information value of various conditioning factors 
EVi; P(AuG) depicts the possibility of occurrence 
of Au mineral; P (AuG, EVi) is the possibility of 
occurrence of Au mineral with respect to an 
evidential layer EVi. 

The expression in Equation 9 can analogously 
be expressed in terms of ratios as shown in 
Equation 10. 

ீݑܣ)ܸܫ , ܧ ௜ܸ) = ଶ݃݋ܮ ቆ
ீݑܣ

௜ ்ீݑܣ/

ா௏ܣ
௜ ்ܣ/

ቇ (10) 

From Equation 10, ீݑܣ
௜ represents the Au 

occurrence areal extent within a selected 
evidential layer (EV) class; ்ீݑܣ  is the total 
number of Au occurrence pixels within the EV; 
ா௏ܣ

௜  depicts the area extent of the selected EV 
class, and AT indicates the total area of the 
evidential layer.  

Results obtained from the computation of the IV 
values for various classes of evidential layers can be 
zero, negative or positive. These computed IV 
values play a primal role in establishing an 
evidential layer’s influence towards Au mineral 
occurrence within an area of interest. Thus, 
positive IV values indicate a strong correlation; 
negative IV values represent a weak correlation 
whereas zero IV values depict no correlation 
between existing Au occurrences and the evidential 
layer used. 

3.3. Mineral prospectivity models 

By employing the weight of evidence and 
information value modeling techniques, it was 
expected that a mineral prospectivity models would 
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be generated for each of the modeling techniques to 
characterize the producible zones of Au minerals 
within the Julie Tenement of Northwestern Ghana. 
This was preceded by assigning each class of an 
evidential layer to their respective spatial 
correlation values by computing by applying the 
aforementioned data-driven spatial statistical 
methods (i.e. WofE and IV). The generation of 
MPM for each of the models used in this study, 
dwells on the integration of the eleven evidential 
layers based on their respective attained statistical 
values as expressed in equation 11 and equation 12 
for WofE and IV techniques, respectively. 

ௐ௢௙ாܯܲܯ =  ෍(ܥ)௡

௡

௜ୀଵ

 (11) 

ூ௏ܯܲܯ =  ෍(ܸܫ)௡

௡

௜ୀଵ

 (12) 

From Equations 11 and  12, MPMWo f E and 
MPMIV represent, respectively, the mineral 
prospectivity model generated based on the WofE 
and IV, respectively. (C)n and (IV)n, respectively, 
represent the contrast value and information values 
obtained for each of the eleven evidential layers 
employed in this study. 

3.4. Validation of mineral prospectivity models 

As a rule of thumb and to ensure confidence in 
the two predictive models generated, they were 
thus assessed in terms of their prediction efficacy. 
In view of this, the accuracy of the mineral 
prospectivity models produced based on the WofE 
and IV techniques was assessed by employing the 
receiver operating characteristics (ROC) curve. As 
it has been found very applicable in assessing 
various geospatial models in various terranes [16, 
43, 48, 49, 50], the ROC curve technique was 
adopted for this study to determine the performance 
of mineral prospectivity models that would be 
generated based on the WofE and IV approaches 
using the validation dataset comprising 33 existing 
locations of Au occurrence within the Julie 
Tenement. The ROC curve generally encompasses 
an x-axis that depicts the false positive rate values 
and a y-axis that indicates the true positive rate 
values. ROC encompasses a range of values from 
0.5 to 1; with values nearing 1 adjudged as a 
representative of a good, predicted model. 

 
 
 

4. Results and discussion 
4.1. Description of evidential layers 

Generation of prospective zones of mineral 
occurrence encompasses the use of viable factors of 
essential relevance to the sought-after mineral. 
Thus, in this study, eleven evidential layers that has 
been classified based on the natural breaking 
classification method, and sourced from magnetic, 
radiometric, geological and geo-chemical datasets 
were employed. The analytic signal (AS) and the 
reduction-to-equator (RTE) layers which were 
sourced from the magnetic data are capable of 
transforming by removing asymmetric problems 
associated with magnetic datasets acquired within 
low magnetic latitude regions [40]. The Julie 
Tenements, whose mineralization style is 
associated with quartz-veins and contains sulphide 
minerals such as arsenopyrite and pyrite, are 
essential indicators that can be mapped using these 
two aforementioned magnetic layers [37]. On these 
maps (shown in Figures 3 and 4), the anomalous 
regions of high magnetic intensities could be due to 
the presence of arsenopyrite and pyrite, whose 
presence in the quartz-veins, are essential 
indicators of gold mineralization within the 
studied area. The application of the CET 
porphyry detection technique on the magnetic 
data also produced the porphyry density layer, 
which was essential in delineating porphyry 
magnetic signatures. The porphyry layer 
characterizes regions of near-circularly concentric 
intrusions [51,52], which generally depict high 
magnetic responses (as shown in Figure 5) and 
favours mineralization owing to their relationship 
with deformation. Aside from being generically 
used for mapping circular features, the porphyry 
layer is also essential in mapping probable Au 
porphyries in magnetic terranes. The lineament 
density layer was deemed relevant in this study 
because of its significance in mapping regions of 
abundance structural features of much essence to 
gold mineralization. The mineralization of the 
study area, which hinges on the quartz-veins, 
characterizes various structural features such as 
dykes and faults (which are depicted on the 
lineament density layer shown in Figure 6) [37,40]. 
In general, radiometric layers, which 
fundamentally comprises the spatial distribution of 
potassium, thorium, and uranium radioelement 
concentrations are very important in mapping 
alteration zones that are essential targets for gold 
mineralization within the studied area [40]. Thus 
five layers consisting of potassium (K), thorium 
(eTh), uranium (eU), potassium-thorium ratio, and 
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uranium-thorium ratio (shown in Figures 7, 8, 9, 
10, and 11) were derived from the radiometric data 
to complement efforts towards delineating regions 
of probable mineral prospects within the Julie 
Tenement. These aforementioned radiometric 
layers were employed in this study because they are 
very useful in providing an understanding of 
various radioelement responses that are associated 
with the alteration of host rocks as well as 
mineralization occurrences. In mineralization 
analysis using radiometrics, a corresponding 
increase of K and eTh suggests the probable 
mobilization of gold deposits within systems of 
hydrothermal alteration. Regions with K 
increasing and eTh decreasing indicate the 
prevalence of alteration in ore deposits [53,54]. 
Also, regions of increased uranium signatures 
suggest the probable occurrence of mineralization 
[40] In the delineation of gold mineralization 
prospects over a region of interest, indicator 
elements play an enormous role.  In this regard, 

the arsenic concentration layer was derived as a 
geochemical signature to assist in this study 
(shown in Figure 12). Arsenic concentration 
signatures have been observed to demonstrate a 
relevant association to gold mineralization in 
various geologic environments [55,56]. In this 
regard, the use of the arsenic layer furnishes 
probable essential pathways with gold 
mineralization occurrences within the study. 
Geologically, the Julie Tenement is regionally 
classified into four formations as shown in Figure 
13. These four formations include basalts (bas), 
basalt with magnetite mineralization (bas2), 
volcano sedimentary rocks (vs) and Granitoid 
rocks (G2) composed of diorite and tonalitic 
affinities. The bas, bas2 and vs rocks have all been 
affected by low-angle thrust faulting forming 
nappes. The fault planes of these nappes are 
mapped by shearing usually acting as conduits or 
pathways for hydrothermal fluids. 

 
Figure 3. Map of the classified analytic signal layer. 
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Figure 4. Map of the classified RTE-based magnetic intensity layer. 

 
Figure 5. Map of the classified porphyry density layer. 
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Figure 6. Map of the classified lineament density layer. 

 
Figure 7. Map of the classified potassium concentration layer. 
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Figure 8. Map of the classified thorium concentration layer. 

 
Figure 9. Map of the classified uranium concentration layer. 
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Figure 10. Map of the classified potassium-thorium ratio layer. 

 
Figure 11. Map of the classified uranium-thorium ratio layer. 
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Figure 12. Map of the classified arsenic concentration layer. 

 
Figure 13. Map of the classified geological layer. 

4.2. Spatial analysis of evidential layers with 
respect to Au occurrences 

In this study, the spatial association of each 
class of the eleven evidential layers were analyzed 

using the weight of evidence and information value 
modeling techniques (in Tables 1 and 2). That is 
to say that for each class of a given evidential layer, 
the use of the WofE and IV techniques were vital in 
determining their relevance towards mineral 
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occurrences within the study area. For the WofE 
approach, the contrast (C) values obtained for each 
class of an evidential layer (as shown in Tables 1 
and 2) were assigned to their respective classes. 
Synonymously, each evidential layer’s class was 
assigned its respective information value (IV) 
score. The C or IV score obtained for a particular 
evidential layer’s class represents the influence or 
contribution of the said class towards the mineral 
prospectivity model to be developed. Generally, a 
positive C or IV score for a particular class 
indicates that the said class spatial associated with 
the sought-after mineral occurrence strongly. 
Negative C or IV value depict a weak spatial 
relation between the class and the sought-after 
mineral occurrence. In instances where zero (0) 
values are obtained, it gives an indication that, 
there is no correlation between the sought-after 
mineral occurrence and the class, whose spatial 
correlation has been determined [45,47]. 

Based on the application of the WofE technique 
on each of the 4 classes within the geological 
evidential layer, it was observed that only the vs 
class, which was deemed to exhibit no meaningful 
correlation with respect to the known Au 
occurrence locations within the study area owing to 
the zero value attained for the weight contrast (C). 
This observation concerning the vs class was also 
analogously echoed by the information value 
technique due to the zero-value computed. The 
three other classes within the geological layer 
were observed to show strong correlation with the 
known mineral occurrences within the study area 
based on both the WofE and IV techniques (shown 
in Table 1). Thus the bas2 class, followed by the 
bas class and the G2 class were in descending 
order, observed to demonstrate strong relevance to 
Au occurrence within the Julie Tenement with the 
weight contrast values being 0.648, 0.285, and 
0.223 as well as IV scores of 0.2560, 0.0735, and 
0.0514, respectively. 

 For the six classes within the analytic signal 
layer, only one class with a range of analytical 
signal-based magnetic intensity values of 0.00 nT 
m−1 - 32.44 nT m−1 was observed to demonstrate 
weakness towards gold mineralization occurrence 
locations with their computed weight contrast and 
information value being -1.168 and -0.2842, 
respectively. Except for the class with analytic 
signal intensities between 865.20 nT m−1 - 
2.747.00 nT m−1, which demonstrated no 
meaningful correlation with the known locations 
of Au occurrences owing to the unavailability of 
Au occurrences within the aforementioned class, 
the four other classes with a range of magnetic 

intensity values being 32.44 nT m−1 - 129.78 nT 
m−1, 129.78 nT m−1 - 270.37 nT m−1, 270.37 nT 
m−1, - 486.67 nT m−1, and 486.67 nT m−1 - 865.20 
nT m−1 showcased that their respective 
relationship towards gold mineralization within the 
study area is strong based on their positive weight 
contrast scores (0.793, 0.908, 0.043, and 0.536, 
respectively) and IV scores (0.2053, 0.3522, 
0.0185, and 0.2307, respectively) obtained. This 
subsequently indicates that, within the Julie 
Tenement, regions with the lowest magnetic 
intensities have a weak relationship with gold 
mineralization, whereas the regions having 
moderate to high magnetic intensities are strongly 
associated with gold occurrence within the study 
area. 

In the case of the reduction-to-equator (RTE) 
evidential layer, two out of the three classes (with 
class ranges of 16,579 nT - 17,625 nT and 17.625 
nT - 19.052 nT) with the lowest magnetic intensity 
values were observed to be characterized by 
negative values of the weight contrast and 
information value as shown in Table 2. This is an 
indication that, the regions with low magnetic 
intensities within the Julie Tenement are generally 
not essential pathfinders to gold mineralization. 
Virtually all RTE classes with moderate to high 
magnetic intensity values (except one with 
magnetic intensity range of 28.467nT - 34,363 nT) 
exhibited a strong relationship towards the gold 
mineralization occurrences within the study area. 
This suffices to show that, these highly magnetic 
regions, which are generally characterized by 
sulphide-associated indicator minerals such as 
arsenopyrite and pyrite are very essential towards 
the gold mineralization prospects of the Julie 
Tenement [37,40]. For the eight classes of the 
thorium concentration layer, four of them with 
concentration values of 2.27 ppm -2.51 ppm, 2.72 
ppm - 2.89 ppm, 3.04 ppm - 3.17 ppm, 3.17 ppm - 
3.58 ppm with their respective weight contrast and 
information value scores being (-0.085, -0.445, -
0.497, -0.143) and (-0.0349, -0.1685, -0.1771, -
0.0448) were observed to be negatively associated 
with gold occurrence within the study; an 
indication that these classes are not essential 
targets for the delineation of the occurrence of gold 
within the study area. However, the four other 
classes of thorium concentration (1.50 ppm - 1.92 
ppm, 1.92 ppm - 2.27 ppm, 2.51 ppm - 2.72 ppm, 
and 2.89 ppm - 3.04 ppm) with weight contrast 
scores of 0.949, 1.415, 0.513, and 0.199 as well as 
information value scores of 0.3940, 0.5967, 0.1995, 
and 0.0718, respectively, demonstrated strong 
correlation to gold mineralization within the Julie 
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Tenement. 
In the case of the uranium concentration layer 

which comprises eight class ranges, four of these 
eight classes (1.88 ppm - 2.20 ppm, 2.20 ppm - 
2.47 ppm, 12.47 ppm - 2.69 ppm, and 2.69 ppm - 
2.87 ppm) demonstrated weakness towards the 
known locations of gold occurrences within the 
study area based on their weight contrast 
(respectively -0.496, -1.989, -1.931, and -0.372) 
and information value scores (-0.1975, -0.7671, -
0.6975, and -0.1390, respectively) computed. 
With the exception of eU concentration class 
range of 1.51 ppm - 1.88 ppm (which is 
characterized by low concentration values of 
uranium but still exhibited strong association 
towards gold mineralization with IV and C scores 
of 0.2578 and 0.675), all the other uranium 
concentration class ranges, which exhibited strong 
coherence with known locations of gold occurrence 
(2.87 ppm - 3.02 ppm, 3.02 ppm - 3.16 ppm, and 
3.16 ppm - 3.41 ppm) based on their respective 
weight contrast (0.919, 2.552 and 3.301) and 
information value scores (0.3597, 1.0458, and 
1.3054) were of high eU concentration. This 
observation further corroborates with the literature 
assertion that high uranium concentrations exhibit 
strong coherence with gold mineralization within 
an area of interest [40].  

The potassium evidential layer, which was also 
discretized into eight classes with various ranges of 
concentration (in percentage), were analyzed to 
ascertain the geospatial association between each 
of these eight classes and gold mineralization 
occurrence. Two potassium concentration classes 
(2.99% - 3.12%, and 3.12% - 3.31%) exhibited no 
correlation towards mineralization within the study 
area.  

With the other six potassium concentration 
classes, only one (1.89% - 2.22%) was observed 
to show weakness towards gold mineralization 
occurrence within the study area due to the 
negative score obtained for the IV (-0.2854) and 
C (-0.668). Thus in all, five classes of the 
potassium evidential layers were observed to have 
demonstrated positive coherence with respect to 
gold mineralization occurrence within the Julie 
Tenement based on their IV and C scores (as shown 
in Table 2). 

For the uranium-thorium ratio evidential layer, 
two classes (with ratio score ranges of 1.39 - 1.66 
and 1.66 -2.01) were observed to have zero scores 
for the weight contrast and information value. 
Two other classes with range of values comprising 
10.48 - 0.68 and 1.21 - 1.39 were, however, found to 
associate with gold mineralization occurrence 

weakly owing to the negatively computed C and IV 
scores as shown in Table 1. The four other classes 
of uranium-thorium ratio layer exhibited a strong 
correlation towards the known Au locations within 
the study area. 

The potassium-thorium layer, which also 
comprises eight classes was observed to be 
characterized by three classes that demonstrated 
weakness towards gold mineralization within the 
Julie Tenement (shown in Table 1). The five other 
classes of the K-eTh ratio layer exhibited a strong 
correlation towards the known gold occurrences 
within the tenement owing to the positive scores 
attained for both the IV and C. With the exception 
of only one K-eTh ratio class (0.50 %/ppm - 0.72 
%/ ppm, which exhibited a positive correlation 
with the known Au occurrences, although it had the 
smallest K-eTh ratio value), all the other four 
classes with a strong association with known Au 
occurrence location were characterized by high K-
eTh ratio scores. Thus, these four classes with 
positive IV and C further demonstrate the existence 
of mineralized systems associated with potassium 
metasomatism within the aforementioned classes 
[40, 57]. 

Among the six classes within the porphyry 
density evidential layer, two (-676 – 417, and 4,954 
- 9,212) weakly correlated with the gold 
mineralization occurrences within the study area. 
The four other classes within the porphyry layer 
were observed to have demonstrated a positive 
correlation towards gold mineralization occurrence 
within the tenement as shown in Table 2. In the case 
of the lineament density evidential layer, only one 
class (139- 255 km/sq.km) showed no correlation 
with respect to the known Au occurrences, because 
of the unavailability of any known Au occurrence 
within the study area. Also, three classes of 
lineament density values (21 km/sq.km - 78 
km/sq.km) were observed to show a weak 
correlation with the known Au locations based on 
the negative scores IV and C scores. Two of the 
classes with high lineament density (78 km/sq.km 
- 102 km/sq.km, and 102 km/sq.km - 139 
km/sq.km) were observed to exhibit strong spatial 
association with gold occurrences within the 
studied area. The arsenic concentration layer, 
which comprises five classes, was analyzed using 
the weight of evidence and the information value 
techniques. Two of these classes with concentration 
ranges of 0.00 - 2.75 ppm and 2.75 ppm - 7.47 ppm 
demonstrated weak association towards the known 
locations of Au occurrences within the studied area 
due to the negative C and IV scores attained as 
shown in Table 2. The three classes with high 
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arsenic concentration values (7.47 ppm - 20.80 
ppm, 20.80 ppm - 32.26 ppm, and 32.26 ppm - 
110.00 ppm) were observed to have positive scores 
for the weight contrast (1.780, 1.155, and 1.737, 
respectively) and the information value (0.7226, 
0.4648, and 0.7150, respectively) - an indication 
of a strong correlation between the known 
locations of gold occurrences and the highly 
concentrated arsenic regions zones within the 
study area; an assertion that corroborates with 
relevant literature that concerns arsenic-gold 
relationship [55,56].  

4.3. Mineral prospectivity models 

In order to create a predictive model that 
outlines variously prospective zones over the Julie 
Tenement in the northwestern part of Ghana, the 
two data-driven modeling methods comprising the 
weight of evidence and the information value were 
employed. In the case of the Wof E techniques, 
the classified evidential layers with their 
respective C values assigned were synthesized 
based on the weight contrast as shown in Equation 
11 to generate a Wof E-based mineral 
prospectivity map (shown in Figure 14). For the 
information value modeling technique, Equation 
12 was employed to integrate all the IV score-
assigned evidential layers to generate an IV-based 
mineral prospectivity model (shown in equation 
15). These two predictive models (shown in Figures 
14 and 15) generated were classified into (1) areas 
with the lowest gold prospect (referred to as "Very 
Low"), (2) regions with low mineral prospects 
(denoted by "Low"), (3) regions with moderate 
prospect to gold mineralization (depicted as 
"Moderate") (4) zones with moderately high 

mineral potential (known as "Moderately High") 
and (5) areas with the highest gold prospects 
(depicted as "High") within the study area. The 
"Very Low", "Low", and "Moderate" regions of 
gold potential covering area sizes of respectively 
8.08 km2, 12.98 km2, and 17.18 km2 for the W of 
E-based MPM and 8.78 km2, 14.09 km2 and 17.69 
km2 for IV-based MPM. These "Very Low", 
"Low”, and "Moderate" regions were generally 
observed to be characterized by low to moderate 
magnetic intensities on the RTE layer and low 
porphyry density. The regions with "Moderately 
High" and "High" mineral prospects, were 
respectively observed to cover an areal size of 
14.58 km2 and 8.23 km2 for the W of E-based 
MPM and 12.30 km2 and 8.19 km2 for the IV-based 
MPM (shown in Table 3). These aforementioned 
high regions of gold mineralization occurrence 
within the study area generally coincided with 
regions of high magnetic intensity on the RTE layer, 
high potassium concentration and high porphyry 
density. Geologically, these highly prospective 
zones of gold mineralization were delineated 
within (a) the centrally-lying bas formation and 
the western part of the northward-lying bas 
formation (b) the centrally-lying bas2 formation 
and southern part of the southwardly-lying G2 
formation within the study area. Gold prospect 
within the study area was generally low within the 
vs formation. It is also noteworthy that the 
predominance of basalts, which are fine-grained 
extrusive rocks characterized by smaller features 
of smaller lava-rich features as well as clays 
(which were well elucidated by the radiometric 
layers) within the study area contributed 
extensively to the mottled patterns observed in the 
models produced (i.e. Figures 14 and 15). 
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Table 1. Information value and weight contrast scores obtained for various classes of evidential layers (EVs) used. 

EVs Class 
Total 

number of 
pixels 

Au 
occurrence 

pixels 
IV W+ W− C 

Geological layer 

bas 3688749 437 0.0514 0.118 -0.167 0.285 
bas2 437404 83 0.256 0.59 -0.058 0.648 
G2 1492295 186 0.0735 0.169 -0.054 0.223 
vs 1090113 0 0 0 0 0 

Analytical signal 
Layer (nT m−1) 

0.00 - 32.44 3912147 214 -0.2842 -0.654 0.514 -1.168 
32.44 - 129.78 2090537 353 0.2053 0.473 -0.32 0.793 

129.78 - 270.37 468733 111 0.3522 0.811 -0.097 0.908 
270.37 - 486.67 173030 19 0.0185 0.042 -0.001 0.043 
486.67 - 865.20 50273 9 0.2307 0.531 -0.005 0.536 
865.20 -2747.00 13841 0 0 0 0 0 

Thorium concentration 
layer (ppm) 

1.50 - 1.92 180289 47 0.394 0.907 -0.042 0.949 
1.92 - 2.27 88988 37 0.5967 1.374 -0.041 1.415 
2.27 - 2.51 380958 37 -0.0349 -0.08 0.005 -0.085 
2.51 - 2.72 558236 93 0.1995 0.459 -0.054 0.513 
2.72 - 2.89 1036424 74 -0.1685 -0.388 0.057 -0.445 
2.89 - 3.04 1047083 130 0.0718 0.165 -0.034 0.199 
3.04 - 3.17 1457065 102 -0.1771 -0.408 0.089 -0.497 
3.17 - 3.58 1959518 186 -0.0448 -0.103 0.04 -0.143 

Uranium-thorium ratio 
layer 

0.48 - 0.68 611651 56 -0.0605 -0.139 0.013 -0.152 
0.68 - 0.86 160085 74 0.6427 1.48 -0.087 1.567 
0.86 - 0.98 334918 186 0.7224 1.664 -0.255 1.919 
0.98 - 1.07 417473 214 0.6876 1.584 -0.297 1.881 
1.07 - 1.21 709775 148 0.297 0.684 -0.123 0.807 
1.21 - 1.39 891306 28 -0.525 -1.209 0.102 -1.311 
1.39 - 1.66 1351632 0 0 0 0 0 
1.66 - 2.01 2231721 0 0 0 0 0 

Uranium concentration 
layer (ppm) 

1.51 - 1.88 587862 112 0.2578 0.594 -0.081 0.675 
1.88 - 2.20 688866 46 -0.1975 -0.455 0.041 -0.496 
2.20 - 2.47 1556223 28 -0.7671 -1.766 0.223 -1.989 
2.47 - 2.69 2178232 46 -0.6975 -1.606 0.325 -1.931 
2.69 - 2.87 1099329 84 -0.139 -0.32 0.052 -0.372 
2.87 - 3.02 423344 102 0.3597 0.828 -0.091 0.919 
3.02 - 3.16 87220 102 1.0458 2.409 -0.143 2.552 
3.16 - 3.41 87485 186 1.3054 3.008 -0.293 3.301 

Potassium-thorium 
ratio layer (%/ppm) 

0.50 - 0.72 392329 65 0.1971 0.454 -0.036 0.49 
0.72 - 0.91 774131 19 -0.6322 -1.456 0.095 -1.551 
0.91 - 0.99 2502189 177 -0.1725 -0.397 0.178 -0.575 
0.99 - 1.09 1751509 139 -0.1226 -0.282 0.083 -0.365 
1.09 - 1.22 737116 167 0.333 0.767 -0.153 0.92 
1.22 - 1.41 373915 56 0.1532 0.353 -0.025 0.378 
1.41 - 1.67 65130 46 0.8268 1.904 -0.058 1.962 
1.67 - 2.14 112242 37 0.4959 1.142 -0.037 1.179 
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Table 2. Information value and weight contrast scores obtained for various classes of evidential layers (EVs) used 
continued. 

EVs Class Total number 
of pixels 

Au occurrence 
pixels IV W+ W− C 

Porphyry 
density layer 

-4,721 - -676 40407 9 0.7497 0.75 -0.007 0.757 
-676-417 4558977 288 -0.5104 -0.51 0.614 -1.124 

417 - 1,292 1329866 242 0.5476 0.548 -0.199 0.747 
1,292 - 2,713 508789 130 0.887 0.887 -0.125 1.012 
2,713 - 4,954 164287 28 0.4821 0.482 -0.016 0.498 
4,954 - 9,212 106235 9 -0.2169 -0.217 0.003 -0.22 

Potassium 
concentration 

layer (%) 

1.61 - 1.89 307154 56 0.2387 0.55 -0.036 0.586 
1.89 - 2.22 146656 8 -0.2854 -0.657 0.011 -0.668 
2.22 - 2.50 176906 19 0.0088 0.02 -0.001 0.021 
2.50 - 2.70 323697 56 0.2159 0.497 -0.033 0.53 
2.70 - 2.84 1002080 223 0.3252 0.749 -0.218 0.967 
2.84 - 2.99 944669 344 0.5391 1.242 -0.516 1.758 
2.99 - 3.12 1389826 0 0 0 0 0 
3.12 - 3.34 2417573 0 0 0 0 0 

RTE layer 
(nT) 

10,112 - 16,579 286752 56 0.2685 0.618 -0.039 0.657 
16,579 - 17,625 1744862 121 -0.1812 -0.417 0.113 -0.53 
17,625 - 19,052 1210221 37 -0.5368 -1.236 0.145 -1.381 
19,052 - 21,049 344988 186 0.7095 1.634 -0.253 1.887 
21,049 - 22,856 802296 139 0.2165 0.499 -0.092 0.591 
22,856 - 24,568 847731 130 0.1635 0.377 -0.068 0.445 
24,568 - 26,375 727781 37 -0.316 -0.728 0.061 -0.789 
26,375 - 28,467 540063 0 0 0 0 0 
28.467 - 34,363 203867 0 0 0 0 0 

Lineament 
density layer 
(km/sq.km) 

0 - 21 1126308 242 0.31 0.714 -0.236 0.95 
21 - 41 1660824 139 -0.0995 -0.229 0.065 -0.294 
41 - 59 1614499 111 -0.1849 -0.426 0.104 -0.53 
59 - 78 1209899 84 -0.1806 -0.416 0.072 -0.488 
78 - 102 722625 84 0.0432 0.099 -0.013 0.112 

102 - 139 303325 46 0.1587 0.365 -0.021 0.386 
139 - 255 71081 0 0 0 0 0 

Arsenic 
concentration 
layer (ppm) 

0.00 - 2.75 4990401 399 -0.1193 -0.275 0.529 -0.804 
2.75 - 7.47 1141519 56 -0.3315 -0.763 0.104 -0.867 
7.47 - 20.80 167386 93 0.7226 1.664 -0.116 1.78 

20.80 - 32.26 273721 84 0.4648 1.07 -0.085 1.155 
32.26 - 110.00 135534 74 0.715 1.647 -0.09 1.737 
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Figure 14. Weight of evidence-based mineral prospectivity model. 

 
Figure 15. Information value-based mineral prospectivity model. 
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Table 3. Area extent and percentage of mineral prospectivity classes. 
MPM Weight of evidence Information Value 

class Area of class 
(km2) Percentage (%) Area of class 

(km2) Percentage (%) 

Very Low 8.08 13.24 8.78 14.38 
Low 12.98 21.26 14.09 23.08 
Moderate 17.18 28.14 17.69 28.98 
Moderately High 14.58 23.88 12.3 20.15 
High 8.23 13.48 8.19 13.41 

 
4.4. Evaluation of mineral prospectivity models 

In order to quantitatively evaluate and compare 
the predictive mineral models generated based on 
the WofE and IV techniques, the receiver operating 
characteristics (ROC) curve evaluation technique 
was employed. In the use of the ROC curve for the 
WofE-based MPM (shown in Figure 16(a)) and IV-
based MPM (shown in Figure 16(b)), the horizontal 
axes depicted the false positive rate, which 
concerns situations where an area is predicted to be 
highly prospective of gold mineralization within 
the study area when in actual fact, that region is not 
highly prospective. The vertical axes are 
represented as true positives, which is the 
probability that an area delineated or predicted as 
highly prospective to gold mineralization is 
actually high in terms of gold mineralization 
within the study area. The ROC score, which 
determines the efficacy of a particular model 
produced for the WofE-based MPM and the IV-
based MPM were respectively 0.743 and 0.751. 
These ROC scores (both of which are greater than 
0.7) obtained for each of the two models indicate 
that the models are efficiently generated. However, 
by comparing the two ROC scores obtained, it can 
be inferred that the mineral prospectivity model 
produced by incorporating the information value 
technique is more efficient (ROC score of 0.751) 

than that obtained for MPM generated based on the 
weight of evidence. 

The validity of the outputs generated for the 
mineral prospectivity models shown in Figures 11 
and 12 was further assessed by qualitatively 
determining how the delineated highly prospective 
zones correlate with various mineralized 
lithological classes. Mineral exploration activities 
carried out by Amponsah et al. [35]  and Resources 
Limited [4], stipulates that gold mineralization 
occurrence in the Julie tenement is prevalent within 
lithological classes comprising basalts (bas and 
bas2) and granitoids (G2). From the MPM 
outputs shown in Figures 11 and 12, the 
moderately high and high prospectivity classes 
were generally observed to be associated with G2 
and bas lithological formation within the central, 
western, and the southern part of the studied area. 
The northern part of the studied area 
(characterized by basalts), is however 
characterized by moderate to moderately high 
prospectivity output. In the volcanosedimentary 
(vs) rock formation, prospectivity outputs 
observed were generally low to moderate. These 
outputs further corroborate with literature that, 
gold mineralization within the Julie is strongly 
associated with the basalts and the granitoids but 
low within the volcanosedimentary (vs) rocks 
[4,35].  



Amponsah and Forson Journal of Mining & Environment, Vol. 15, No. 3, 2024 
 

812 

 
Figure 16. Receiver operating characteristics (ROC) curve for (a) WOE-based MPM (b) IV-based MPM. 

5. Conclusions 

The main objective of this study was to employ 
bivariate data-driven statistical techniques to map 
out prospective zones of mineralization 
occurrences within the Julie Area of Northwestern 
Ghana. In carrying out this task, an essential stage 
that ought not to be overlooked is the selection 
conditioning factors and thus eleven factors (geo-
scientific evidential layers) were properly selected as 
input layers for carrying out the aforementioned 
objective. By applying two data-driven statistical 
techniques (weight of evidence and information 
value), two predictive models characterizing 
various classes of gold mineralization prospects 
within the study area were produced. The 
information value-based mineral prospectivity 
model was discretized into five classes of very low, 
low, moderate, high and high prospective zones 
with area coverage of 8.78 km2, 14.09 km2, 17.69 
km2, 12.30 km2, and 8.19 km2, respectively. In the 
case of the mineral prospectivity model generated 
based on the weight of evidence approach, the very 
low, low, moderate, high, and high mineral 
potential zones were delineated to cover respective 
areas of 8.08 km2, 12.98 km2, 17.18 km2, 14.58 km2, 
and 8.23 km2, respectively. To make these IV-
based and WofE-based predictive models worthy 
for consideration by mineral exploration 
geoscientists during exploration programs within 
the studied area, a standard statistical and 
commonly used validation technique known as 
the receiver operating characteristics (ROC) curve 
was used to assess and evaluate the accuracy of 
the models produced. The area under ROC curve 

(AUC) scores obtained for the IV-based MPM and 
the WofE-based MPM were 0.751 and 0.743, 
respectively. This suffices to show that the 
accuracy of the IV-based MPM is higher than the 
WofE-based MPM created. It is noteworthy that 
both the IV-based MPM and WofE-based MPM 
produced good results (with AUC scores greater 
than 0.7), and thus can be used as essential models 
to guide viable for unraveling the mineral prospects 
within the northwestern Ghana. Also, from the 
outputs obtained, the IV and WofE techniques can 
be said to be viable methods that can be used for 
the generation of geospatially-based predictive 
models in other geological terranes.  
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  يغنا با استفاده از مجموعه داده ها یتنمنت از شمال غرب یجول  يبر رو یمعدن ينگر ندهیآ يمدلساز
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  چکیده:

تفاده از دو تکن نیا ا يآمار  کیمطالعه با اسـ واهد (IVارزش اطلاعات (  يهامدل یعنی  ،ییفضـ ازیوقوع کان  ی) مناطق احتمالW of E) و وزن شـ  يطلا را بر رو يسـ
کونتگاه جول مال غرب  یسـ از  یمکان، که در آن کان  110کرد. ابتدا،   میغنا ترس ـ یدر شـ ت، با نتاAuطلا ( يسـ ده اسـ اهده شـ ت آمده از   یدانیم یرس ـبر  ج ی) مشـ به دسـ
نجش ژئوش ـ يهامجموعه داده ا يرعادیغ   اریبس ـ  ییایمیسـ ناسـ دند. از ا ییشـ د مکان  70  ندهیمکان (نما  77مکان،    110 نیشـ ده، که طلا در آن   يهادرصـ ناخته شـ شـ

اعتبار  يدرصد از وقوع شناخته شده طلا) برا  30  بهمانده (مشا  یمکان باق  33ذکر شده انتخاب شدند و    يهاآموزش مدل يبرا  یمشـاهده شـده اسـت) به طور تصادف
نج دند. ثان یسـ تفاده شـ رط ازدهی  ،اًیاسـ از  یفاکتور شـ امل س ـ يهاهی(لا  یمعدن  يسـ واهد) شـ توا (  ،یلیتحل  گنالیشـ   ی)، چگال LD(  یخط  ی)، چگالRTEکاهش به اسـ
از مجموعه   کیو آرسـن  یشـناس ـنیغلظت، زم يهاهیلا میبه تور  ومیاوران تنسـب م،یبه تور  مینسـبت پتاس ـ  وم،یغلظت اوران  م،یغلظت تور م،یغلظت پتاس ـ  ،يریپورف
  ينگر   ندهیدو مدل آ  ،ییفضا يآمار  کیشـواهد با استفاده از دو تکن  هیلا  ازدهی نیبه دسـت آمدند. متعاقباً، با سـنتز ا  ییایمیو ژئوش ـ  یشـناس ـنیزم  ،یکیزیژئوف  يهاداده
تمیس ـ  طیمح کیدر   یمعدن د. در نها جادی) اGIS(  ییایاطلاعات جغراف سـ تفاده از ناح  دیتول  یمعدن  ينگرندهیآ  يهامدل ت،یشـ ده با اسـ   يها یژگیو  یمنحن ریز هیشـ
مواد    ینیبشیبا مدل پ سـهیدر مقا  يبالاتر  ینیبشیدقت پ  يشـده دارا  دیتول  IVآمده نشـان داد که مدل  دسـتبه  ج یشـدند. نتا  ی) اعتبارسـنجAUC(  رندهیگ  یاتیعمل

 است. 743/0و  751/0 بیها به ترتآن AUC ازیبا امت W of Eشده توسط  دیتول یمعدن

  .هوابرد يومتریراد يهاداده ،یسیهوا مغناط يهاارزش اطلاعات، وزن شواهد، داده ،یمعدن ينگر ندهیآ يمدلساز کلمات کلیدي:

 

 

 

 


