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Abstract
The artisanal and small-scale mining (ASSM) sector has contributed to economies and is an integral component of the 
drivers of the gross domestic product (GDP) of most developing countries. To enhance the production of the ASSM sector, 
most gold (Au) endowed countries have supported the sector’s activities in diverse ways. However, despite this support, 
several factors, including poor exploration targeting, still affect the sector’s production. This study, therefore, seeks to 
characterize the gold (Au) mineralization and its spatial distribution in the Singida region of the Tanzania Craton with 
a focus on identifying potential Au mineralized zones that could be demarcated and targeted for ASSM activities and 
further exploration exercises within the region. The study leverages stream sediment geochemical results to identify the 
elemental associations and pathfinder elements using multivariate statistics (Principal component analysis), multilinear 
regression modeling, and spatial distribution of Au and the pathfinder elements within the study area. The Au deposits 
in the area are strongly associated with the elements; Ni, Cr, V, Mg, Fe, Cu, and Al. Palladium (Pd), platinum (Pt), arsenic 
(As), and copper (Cu) are the main pathfinder elements in the area. Lead is not directly related to Au from the study. 
Mafic, ultramafic rocks, and clays are the most probable sources of Au in the area. Gold concentrations are focused on 
the southwestern fringes of the area. Southwestern, central south, and southeastern fringes of the area should also be 
explored considering the distribution of the dominant pathfinder elements. Alluvial and lateritic materials are also worth 
exploring.
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1  Introduction

Globally, the economies of developing countries especially, those endowed with natural resources such as Au, have 
benefited significantly from it [1, 2]. Gold has been one of the key drivers of the gross domestic product (GDP) within 
the African continent and other developing countries [3]. In the extracting sector of Au, artisanal and small-scale 
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miners (ASSM) are key stakeholders and have been the backbone of many economies within Africa and other devel-
oping countries globally. Also, the ASSM sector and its activities have been a major source of employment and liveli-
hood [4]. For the role that ASSM plays in many economies’ growth, some governments including Tanzania recognize 
the ASSM sector contribution and have over the years made efforts towards creating an enabling environment that 
will enhance the sectors’ growth, expansion, and contribution to Tanzania’s economy [4]. For instance, the Tanzania 
government recognizing the ASSM contribution to the GDP growth of the country, has a vision to increase the sec-
tor’s contribution to the GDP by 2025. Hence, to achieve this vision, the government of Tanzania demarcated areas 
within known mineralized regions in the country for ASSM activities. Albeit this commitment of the government to 
increase ASSM contribution to the GDP in the Tanzania Government Vision 2025, the production of the sector is still 
not significant and hence has been unable to meet its GDP contribution targets set by the government [4]. Several 
reasons including poor ore processing, poor mineralization targeting, lack of understanding of the type or style of 
mineralization, and lack of know-how in the control of mineralization among others, might have accounted for the 
low production by the ASSM companies.

Geochemistry over the years has proven to be a suitable and effective tool in exploration and in delineating min-
eralized zones, thus anomalous zones, in both brown and green fields [5–11]. The Singida region (Fig. 1) belongs to 
the broader Tanzania Craton (TC) and is endowed with numerous precious metals including Au due to the geological 
architecture therein [12]. The Singida region is currently the host to several Au mining companies in the Geita belt, 
Seza areas, Mbeya, and Geita—Kahama areas [13–18]. Although the Singida gold province, is well endowed with Au, 
one of the likely reasons for the low Au productivity by the ASSM is that their current locations were not sited through 
systematic geological evaluation and exploration techniques. There is a need for proper delineation of mineralized 
zones within the Singida Au province where these ASSM companies can be relocated to enhance their production 
as a Au extraction sector as well as a stakeholder of the economic drivers of the country.

Multivariate statistical approaches like hierarchical cluster analysis (HCA), principal component analysis (PCA), and 
factor analysis (FA), have been effective in constraining pathfinder elements and the contribution of the geology in 
the mineralization [9, 10, 19]. Trace elements in particular together with multivariate statistics have been extensively 
used as a preliminary exploration approach in targeting mineralized zones within a prospect for further exploration 
exercises [10, 11, 20, 21]. Recent studies have also shown that machine learning techniques multilinear regression 
modeling (MLR), random forest (RF), artificial neural network (ANN), etc. have proven robust in the characterization 
and forecasting of geological processes [54]. These methods have been applied extensively in geo-resource charac-
terization such as groundwater and mineral prospecting, and have been combined with and without multivariate 
statistics by some researchers [22–27]. For instance, some recent advances have demonstrated the effectiveness of 
combining geostatistical algorithms of hybrid optimizations and K-Clustering in other metals of Cu exploration or 
detection [52, 53]. Hence, this study was conducted to characterize the Au mineralization in the Singida region with 
the main aim of delineating Au-rich areas that could be targeted for ASSM activities, and also for further exploration 
purposes. This has been carried out using stream sediment geochemical data, multivariate statistical techniques, 
and multilinear regression modeling.

2 � Geological setting

The Singida area (Fig. 1) is within the central parts of Tanzania with a total area of about 2,900 km2. The area is part of 
the Tanzania Craton (TC) as described by Mvile et al. [10] and Kabete et al. [12]. The Singida area belongs to the central 
Dodoma geological province [28] with characteristic metamorphic rocks of both migmatite and gneiss facies [12]. The 
Dodoma geological system also has narrow greenstone belts with greenschist and amphibolite metamorphic facies. 
Granitoids are part of the principal lithologies within the area and are the main intrusive rocks in the area [12]. The 
metamorphic facies, the granitoids, and the greenstone belt rock suite (volcaniclastics, basalts, andesites, phyllites, 
etc.), define the Precambrian (Fig. 1) geological terrains in the area [29]. The geology of the area is similar to adjacent 
Mozambique, Usagaran, Ubendian, and Ruwenzori belts that border the TC to the northwest and south [14, 30]. Unlike 
the surrounding belts, the mineralization in the TC is reported to have been hydrothermally controlled [31] predomi-
nantly. Mvile et al. [10] also reported a possible disseminated sulfide deposit type in the Dodoma region which is a 
lithologically controlled kind of mineralization. The ore-controlling minerals in the TC to which the Singida region 
belongs are sericite, calcite, silica, chlorite, epidote, and some silicate minerals. These are the main ore-controlling 
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Fig. 1   The geological map of the Singida district of TC of Tanzania
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minerals in greenstone belts globally [31]. The TC is deformed with evidence of faults and other brittle structures 
[32]. These brittle lineaments trend in NE, NW, and ESE directions in the region.

3 � Materials and methods

3.1 � Sampling and laboratory analysis

The stream sediment sampling methodology involved a systematic approach to ensure accurate and reliable results. 
Predefined sample points for stream sediment samples were identified, and the flood plains within the area were avoided 
during the sample selection. The samples were collected from first and second-order stream channels. A sample from 
three sub-homogenized samples was taken at each sampling site to represent the sample point. A total of 128 samples 
were collected, comprising 10 duplicate samples and 10 blank samples included for quality assurance (QA) and quality 
control (QC). These control samples were inserted successively after every 10 samples, and the blank samples mainly con-
sisted of silica sand. The duplicates and blanks were used to verify the accuracy and reliability of the analytical procedure 
and laboratory results. The collected samples were air-dried and sieved in the field to the < 2 mm fraction. Subsequently, 
the samples were transported to the Geological Survey of Tanzania (GST) for further processing and analysis, where 
the samples underwent additional sieving to obtain the 75-micron fraction. Then after, the samples were transported 
to different laboratories for mineral or elemental analysis. The major oxide and trace element analysis was conducted 
at the Canadian Acme Laboratory (CAL) where the samples were prepared by undergoing a digestion process with an 
acid solution and were then analyzed using ICP-MS. The detection limits for the analysis were set between 0.0001% and 
0.01% for oxides and 0.002 ppm and 2 ppm for trace elements. Additionally, the analysis of the gold–palladium-platinum 
group elements was performed at the Geological Laboratory of Henan in China where the samples underwent a series of 
preparation steps, including digestion with an acid solution, ashed, and dissolution. The resulting solution was analyzed 
using ICP-MS to determine the concentrations of Pt, Pd, and Au. The analytical procedures and protocols followed the 
analytical procedure of Mvile et al. [10].

3.2 � Data exploration

Generally, geochemical data is not normally distributed, and hence for statistical approaches to be used in analyzing 
such data, it needs to be transformed to ensure it is normally distributed. Quantile–Quantile (Q-Q) plots have been used 
as a data exploration method [10] to observe the normality of geochemical data. In this study, the data exploration was 
done using Q-Q plots, and the raw and transformed data results are shown (Fig. 2a and b).

3.3 � Data transformation

The data was not normally distributed in their raw form (Fig. 2a) and needed to be transformed to ensure a reduction 
in the outliers from Fig. 2b. The data were transformed using the centered log-ratio (clr) method and the details of the 
procedure can be found in Mvile et al. [10] and Sunkari et al. [33].

3.4 � Statistical approaches

The correlation matrix is a primary statistical procedure that can bring out association patterns of compositional data 
e.g. geochemical data. This has been extensively applied to geochemical data to observe the elemental associations 
firsthand [10, 21]. Spearman’s correlation was used as the first statistical approach in an attempt to identify the elemental 
and pathfinder associations within the area. Multivariate statistical methods were also applied as an advanced step to 
elucidate the elemental associations of the data set. Hierarchical cluster analysis (HCA) using the rescaled and average 
linkage methods and factor analysis (FA) with principal components (PCs) as the extracting methods, these methods 
have been suitable in this regard and have been extensively applied [10, 18, 34–37].
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Fig. 2   a Q-Q plots of the untransformed data, Cu, Pb, Zn, Fe, As, Pd, Pt, and Au. b Q-Q plots of the clr transformed data for Cu, Pb, Zn, Fe, As, 
Pd, Pt, and Au
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3.5 � Multilinear regression

Multivariate linear regression (MLR) is a machine learning approach that is used in unraveling the association of several 
independent variables (trace elements and pathfinder elements) to a dependent variable (e.g. Au in this study) [38, 
39]. A prediction model in the form of a mathematical equation indicates the level to which the independent variables 
contribute to the occurrence of the dependent variable. This has been effectively used to characterize groundwater [23, 
24, 26, 27, 39]. The approach used to evaluate Au occurrence is still evolving. The prediction model for Au occurrence in 
the study area is as in Eq. 1.

where b0 is the constant value in the model, xi is the value of the ith predictor, the bi is the coefficient of the ith predictor, 
and for each individual i there is an error term ε.

3.6 � Geochemical maps

In the generation of the plots and maps of the study, IBM SPSS version 20 and Surfer version have been used. The 
statistical analysis was done using IBM SPSS and Surfer was used in generating the interpolation maps for the spatial 
distributions.

4 � Results and discussion

4.1 � Trace element concentrations

The statistical summary of the untransformed trace elements concentration (Table 1) is widely varied, from 0.0 to 
2937 ppm. The oxide concentration (in wt%) ranges between 0.0 and 12.1, with FeO having the highest concentra-
tion value of 12.1 wt%. The mean concentrations of the trace elements are as follows; Cu (26.65 ppm), Pb (22.63 ppm), 
Zn (58.07 ppm), Ni (31.98 ppm), Co (15.47 ppm), Mn (878.23 ppm), As (1.54 ppm), U (4.07 ppm), Th (29.38 ppm), Sr 
(147.67 ppm), V (90.66 ppm), La (65.30 ppm), Cr (71.78 ppm), and Ba (566.01 ppm). The precious group of elements 
(PGEs) is measured in ppb, with the following mean concentrations; Pd (0.78 ppb), Pt (0.79 ppb), and Au (1.35 ppb). The 
concentrations of the oxides are in the order of Fe > Al > K > Ti > Ca > Na > Mg. The concentrations of the trace elements 
are in the order of; Mn > Ba > Sr > V > Cr > La > Zn > Ni > Th > Pb > Cu > Co > U > As. The PGE content is in the order of Pd > Pt 
(Table 1). The order of the oxides suggests the dominance of the mafic rocks in the area over felsic rocks. Fe, Mg, Ti and Ca 
(in high temperature minerals), are high in mafic—ultra mafic minerals e.g. pyroxenes, hornblende and biotite. K, Ca, and 
Na are usually elements that are associated with the weathering of felsic minerals e.g. microcline, anorthite, and albite 
[10, 40–42]. The concentration of the oxides could be the result of the chemical weathering of both mafic and felsic rocks 
in the study area. Ni, Co, Cr, V, and Cu are known mafic minerals weathering products [43, 44], whereas Sr, Th, U, La, Rb, 
and Ba are often associated with the chemical weathering of felsic minerals [10, 41, 45]. The trace elements concentration 
corroborates with their oxides counterparts. According to Mshiu et al. [31], the primary lithology in the area consists of 
mafic and felsic rocks, along with their associated metamorphic suites. These lithologies are the dominant rock types 
present in the region. Also, Pb, Cu, Zn, As, Ag, and Sb are well-known pathfinder elements to Au occurrence [10, 21, 34], 
hence the presence of these elements is a strong indication of Au occurrence in these parts of the TC.

4.2 � Multivariate statistics

4.2.1 � Spearman’s correlation

The elements of interest in the Spearman’s correlation matrix presented in Table 2 are; Cu, Pb, Fe, As, Au, and Zn. Cu 
correlates positively and significantly with the following elements; Zn, Fe, Pd, Pt, Au, V, Cr, Mg, Ti, Sc, Ni, Co, and Mn. 
It also correlates with As positively but insignificant with r = 0.3 and correlates negatively with Pb (r = -0.3) (Table 2). 
Lead (Pb) also correlates positively with U, Th, La, K, and Rb and negatively with Au (r = -0.1), and Pt (r = -0.1) (Table 2). 
The following elements; Pd, Pt, Au, Cr, V, Ti, Al, Sc, and Au correlates positively although insignificant (r = 0.3), with 

(1)y = b0 + b1b1 + b2b2 +…… bixi + ε
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Table 1   Descriptive statistics of the untransformed and clr transformed data

N Minimum Maximum Mean Std. Deviation Variance

Cu 108.00 5.40 78.30 26.65 16.69 278.53
Pb 108.00 6.10 58.60 22.63 10.58 111.94
Zn 108.00 12.00 147.00 58.07 22.07 487.17
Ni 108.00 5.50 101.30 31.98 20.74 430.15
Co 108.00 2.50 53.60 15.47 9.98 99.53
Mn 108.00 153.00 2937.00 878.23 542.18 293,957.06
Fe 108.00 0.68 12.09 3.91 2.31 5.32
As 108.00 0.00 8.00 1.54 1.21 1.47
U 108.00 0.70 24.00 4.07 3.45 11.91
Pd 108.00 0.15 2.21 0.78 0.45 0.20
Pt 108.00 0.15 2.15 0.79 0.48 0.23
Au 108.00 0.36 9.13 1.35 1.35 1.81
Th 108.00 2.70 157.90 29.38 30.26 915.53
Sr 108.00 35.00 600.00 147.67 93.30 8705.46
V 108.00 15.00 299.00 90.66 59.02 3483.72
Ca 108.00 0.04 3.65 0.68 0.66 0.44
La 108.00 9.10 434.90 65.30 61.97 3840.85
Cr 108.00 14.00 190.00 71.78 37.70 1421.58
Mg 108.00 0.04 1.31 0.35 0.25 0.06
Ba 108.00 170.00 1689.00 566.01 262.02 68,654.76
Ti 108.00 0.17 3.78 1.06 0.64 0.42
Al 108.00 2.23 10.41 6.62 1.57 2.47
Na 108.00 0.10 2.45 0.95 0.65 0.43
K 108.00 0.28 4.59 2.09 1.03 1.07
Sc 108.00 1.00 34.00 9.74 6.67 44.55

Clr transformed data

N Minimum Maximum Mean Std. Deviation Variance Skewness

Cu 108.00 -0.70 0.50 − 0.09 0.28 0.08 − 0.20
Pb 108.00 − 0.60 0.30 − 0.12 0.21 0.05 − 0.33
Zn 108.00 − 0.70 0.40 − 0.03 0.18 0.03 − 0.82
Ni 108.00 − 0.80 0.50 − 0.10 0.31 0.10 − 0.26
Co 108.00 − 0.80 0.50 − 0.09 0.27 0.08 − 0.09
Mn 108.00 − 0.80 0.50 − 0.07 0.24 0.06 0.10
Fe 108.00 − 0.80 0.50 − 0.08 0.25 0.06 − 0.14
As 108.00 − 0.20 0.70 0.05 0.17 0.03 0.43
U 108.00 − 0.80 0.80 − 0.13 0.32 0.10 0.07
Pd 108.00 − 0.70 0.40 − 0.08 0.26 0.07 − 0.18
Pt 108.00 − 0.70 0.40 − 0.09 0.28 0.08 − 0.12
Au 108.00 − 0.60 0.80 − 0.13 0.28 0.08 1.07
Th 108.00 − 1.10 0.70 − 0.19 0.38 0.15 0.08
Sr 108.00 − 0.60 0.60 − 0.09 0.26 0.07 0.02
V 108.00 − 0.80 0.50 − 0.08 0.27 0.07 0.03
Ca 108.00 − 1.20 0.70 − 0.17 0.38 0.14 0.02
La 108.00 − 0.90 0.80 − 0.14 0.31 0.10 0.27
Cr 108.00 − 0.70 0.40 − 0.07 0.24 0.06 − 0.27
Mg 108.00 − 1.00 0.50 − 0.16 0.29 0.08 0.04
Ba 108.00 − 0.50 0.50 − 0.04 0.21 0.04 − 0.23
Ti 108.00 − 0.80 0.50 − 0.09 0.25 0.06 − 0.22
Al 108.00 − 0.50 0.20 − 0.01 0.12 0.01 − 1.13
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Fe (Table 2). Arsenic (As) also, has a positive correlation with Pd, Pt, Au, V, and Cr although insignificant with r = 0.3 
(Table 2). Au correlates significantly (r =  ≥ 0.5) with Ni, Pd, and Pt, it however correlates insignificantly with Cr (r = 0.3), 
Sc (r = 0.3), and Co (r = 0.4) (Table 2). Zinc (Zn) also correlates positively with Ni, Co, Mn, Fe, Pd, Pt, and Au (r = 0.3) 
(Table 2). The elements that correlate positively with Au (Table 2) are; Cu, Fe, As, Zn, Pd, and Pt. The significance (r = 0.5) 
of the correlation of the probable pathfinder elements to Au occurrence in the area is in the order of Pt > Pd > Cu > Fe, 
Zn > As. It can be concluded from the correlation matrix that, the elements that are associated with Au are; Cu, Fe, 
As, Zn, Pd, Pt, and Au, and in increasing correlation strength order of As < Zn, Fe < Cu < Pd < Pt < Au. The elemental 
association can be said to have been controlled by the mafic–ultramafic rocks in the area [10, 43] hence, the Au in 
the area could be said to be associated with mafic–ultramafic rocks in the area [10].

4.2.2 � Cluster analysis

Hierarchical cluster analysis (HCA) is a powerful geochemical data analytical approach suitable for grouping the geo-
chemical parameters and defining the elemental associations [10, 21, 27, 34]. The results of the HCA are presented in 
the form of a dendrogram (based on a normalized data set) using the average linkage (between groups) and rescaled 
distance method (Fig. 3). From the HCA (Fig. 3), three broad clusters have been identified with cluster 1 (C1) consist-
ing of; Au, Pd, Pt, As, Al, Zn, Ti, Mn, Ni, Cu, Sc, V, and Fe. Cluster 2 (C2) has Mg, Ca, Na, and Sr defining that cluster, and 
cluster 3 (C3) contains Th, La, U, K, Rb, Pb, and Ba as its components. The elements; Au, As, Cu, Mn, Zn, Pb, and Fe are 
largely agreed as pathfinder elements to the occurrence of Au [10, 21, 34, 43]. Hence, the elemental association with 
these aforementioned pathfinder elements is the focus of the discussion. From the elemental association in C1, it is 
unequivocal, that the Au occurrence in the study area is associated with As, Zn, Mn, Cu, and Fe (Fig. 3). The presence 
of Al in sediments is mostly due to the contribution or presence of clay minerals [45, 46]. The association of Au with 
Al in C 1 (Fig. 3) is suggestive of the presence of alluvial Au deposits in the study. The following trace elements; Ti, 
Mn, Cu, V, Fe, Sc, and Zn, are common elements of high-temperature minerals of mafic–ultramafic rocks [41]. This 
means, therefore, that the Au occurrence in the area is associated with mafic–ultramafic rocks in the area. The rela-
tively strong correlation of Au with the PGEs (Pd and Pt) in Table 2 has been unequivocally brought out again by the 
cluster analysis, with Au, Pd, and Pt defining an intracluster in C1 (Fig. 3). The Au in the area and these two PGEs are 
strongly related and areas with Au enrichments could be explored also for these two PGEs. Gold (Au) in ferruginous 
or lateritic materials is worth exploring with Au correlation with Fe (Table 2) and also in the same cluster (C1) with 
Fe (Fig. 3). The C2 (Fig. 3) could be explained by the effect of chemical weathering of felsic rocks in the area with the 
presence of Na, Ca, and Sr. These are common elements of silicate minerals like albite, anorthite, and plagioclase 
[47]. The presence of carbonate minerals with Mg and Ca, cannot also be precluded and might be present in the 
area. Cluster 2 most likely indicates the presence of felsic and carbonate rocks in the area, these rock suites, however, 
do not control the Au occurrence in the area from the HCA (Fig. 3). In C3, the elemental association of Th, La, U, K, 
Rb, and Ba is typical of felsic rocks [41, 46]. The association of Pb with these (Table 2) elemental suites suggests it 
is related to felsic rocks in the area. This pathfinder element, Pb, does not correlate with Au (Table 2) nor associate 
with Au (Fig. 3). Its association and correlation with these elements reaffirm the assertion that the Au in the area is 
not associated with the felsic rocks in the area under consideration. In all, the HCA indications corroborate with the 
correlation matrix and explicitly brought out the controls of the Au occurrences in the study area.

Table 1   (continued)

Clr transformed data

N Minimum Maximum Mean Std. Deviation Variance Skewness

Na 108.00 − 1.00 0.40 − 0.15 0.36 0.13 − 0.48
K 108.00 − 0.90 0.30 − 0.07 0.28 0.08 − 0.88
Sc 108.00 − 1.00 0.50 − 0.10 0.29 0.09 − 0.27
Rb 108.00 − 1.00 0.50 − 0.10 0.29 0.08 − 0.35
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4.2.3 � Factor analysis

Principal component analysis (PCA) is one of the most used multivariate statistical approaches in elucidating geochemi-
cal and hydrochemical parameters [10, 11, 33, 34, 48]. The PCA method was applied to the normalized data set and the 
extraction method applied in the factor analysis (FA) was the principal component (Table 3). The relevance and deduc-
tion of the number of components or principal components (PC), depends on the eigenvalues during the analysis, and 
eigenvalues > 1 are often loaded and considered to have played a role in the evolution of the geochemical data under 
consideration. The scree plot (Fig. 4a) is also one of the plots that help to provide a ready visual grouping of the principal 
components. In that also, the number of the eigenvalues > 1 defines the expected number of PCs, and this indicates a 
point on the plot where the line begins to level out and becomes horizontal with the abscissa (points above the thin 
red horizontal line in Fig. 4a). The FA of the data loaded 4 PC (Table 3 and Fig. 4b) with PC1 accounting for 44.36% of the 
total variance, PC2, PC3, and PC4 also accounted for 18.60, 12.18, and 7.33%, respectively. These four PCs accounted for 
82.47% of the total variance (Table 3). In Table 3, PC1 has Cu, Zn, Ni, Co, Mn, As, Pt, Pd, Au, V, Cr, Mg, and Ti defining that 
component. Pb, U, Th, Al, K, Rb, and La also define PC2. PC3 also contains Sr, Ca, Ba, and Na while PC4 has significant 
loading although < 0.5, are Pd, Pt, and Au (Table 3). PC1 elemental association is typical of high-temperature minerals 
and mafic–ultramafic rocks association with Au, this corroborates with cluster analysis and the interpretation thereof. 
PC2 and PC3 are the results of felsic minerals bearing rocks weathering in the area and corroborate the interpretation 
that, Pb is associated with the felsic rocks in the area and might not be a pathfinder of Au in the study area. PC4 appears 
to be reaffirming the strong association of Au to the Pd and Pt, and vice versa.

The plot of the rotated loadings in space (Fig. 4) of the factor analysis (FA) has been grouped also, into 4 factors (F), 
with F1, having the following elemental association; Cu, Sc, Cr, Ni, Co, Mg, V, Fe, Ti, Mn, and Zn (Fig. 4). Factor 2 (F2), has 
Na, Sr, Al, and Ca with Pb, U, Th, La, Ba, K, and Rb in F3 and F4 containing Pd, Pt, Au, and As (Fig. 4). The plot of the factor 

Fig. 3   Dendrogram of the hierarchical cluster analysis of the clr transformed data
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loadings is similar to the PC and the same interpretations can be made for the factor plots as it is in the case of the PC. It 
is, however, worth noting that, As appears to be associated with Pd, Pt, and Au (Fig. 4), and as such, could be said to be 
the most probable pathfinder element to all the three minerals, thus Au, Pd, and Pt.

4.2.4 � Pathfinder elements

The elemental association shows that Au has a good relation with Zn, Fe, As, Cu, Pd, and Pt. These associations can be 
seen in the correlation matrix (Table 1), the CA (Fig. 3), PCA (Table 3), and FA (Fig. 4). Au is in C1 together with Al (Fig. 3) 
suggesting its positive relation with Al. When sulfides and phyllosilicate minerals are exposed to the surface, they undergo 
oxidation to form Fe–oxides and clay minerals [10, 49]. However, as one of the known and common pathfinder elements in 
Green Stone Belts [21, 34, 50], Pb is not seen to be associated with Au from all the aforementioned analytical approaches 
during the study, hence not a pathfinder element in the study area. From the study, the elements that can be used as 
tracers for the occurrences of Au in the area are; Zn, Cu, As, Pd, Pt, Fe, and Al. The prominence of these pathfinder ele-
ments from the study is in the order of Pt > Pd > Cu > Fe > Zn > As > Al.

Table 3   Extracted principal components eigenvalues loadings and principal components using the clr transformed data

Initial Eigenvalues Extraction sums of Squared Loadings Rotation sums of Squared Loadings

Total % of Variance Cumulative % Total % of Variance Cumulative % Total % of Variance Cumulative %

1 11.53 44.36 44.36 11.53 44.36 44.36 7.53 28.95 28.95
2 4.84 18.60 62.96 4.84 18.60 62.96 5.70 21.94 50.88
3 3.17 12.18 75.14 3.17 12.18 75.14 5.18 19.93 70.81
4 1.91 7.33 82.47 1.91 7.33 82.48 3.03 11.66 82.47

Principal components

1 2 3 4

Cu 0.93 0.20 − 0.05 0.08
Pb − 0.53 0.76 0.06 0.21
Zn 0.73 0.35 0.37 0.08
Ni 0.93 0.13 0.01 0.26
Co 0.94 0.12 0.12 0.01
Mn 0.68 0.20 0.31 − 0.52
Fe 0.90 0.27 0.15 − 0.20
As 0.29 0.11 − 0.28 0.16
U − 0.45 0.77 0.29 0.11
Pd 0.64 0.34 − 0.33 0.48
Pt 0.70 0.24 − 0.23 0.44
Au 0.46 0.05 − 0.45 0.44
Th − 0.45 0.82 0.22 − 0.07
Sr − 0.22 − 0.29 0.78 0.39
V 0.89 0.17 0.22 − 0.22
Ca 0.28 − 0.52 0.75 0.10
La − 0.28 0.83 0.26 − 0.02
Cr 0.85 0.23 − 0.18 0.19
Mg 0.69 − 0.23 0.49 0.33
Ba − 0.71 0.24 0.38 0.21
Ti 0.61 0.33 0.18 − 0.56
Al 0.28 0.57 0.38 0.07
Na − 0.35 − 0.49 0.64 0.29
K − 0.83 0.42 0.05 0.11
Sc 0.91 0.20 0.16 − 0.04
Rb − 0.68 0.61 − 0.11 0.05
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4.3 � Prediction model for Au

The multivariate linear regression (MLR) model has been used in deciphering the number of predictors of a parameter 
when applied to compositional data [51]. In that, the relationship of a number of predicting variables/parameters 
(independent variables) together with a dependent variable/parameter, is well constrained [38].

In the MLR, Cu, Pb, Ni, Co, Mn, As, Pd, Pt, Fe, V, and Cr were used as the independent elements for Au occurrences in 
the area (Table 4). These are pathfinder elements and elements believed to be of mafic–ultramafic rock suite. Among 
the coefficients of the elements considered, the standardized coefficients of these elements indicate their usability 
as Au indicators in the area, and from Table 4, the standardized coefficient shows that Au can be predicted by Pd, 
Cu, Pt, Cu, Cr, As and V. These accounts for 52% (R square value) of the variance in Au occurrence, which is significant 
couple with a test of significance value (F–) of 9.553. They are in the order of Pd > Pt > Cu > V > Cr > As (Table 4). The 
prediction model for Au in the area is;

Fig. 4   Scree plot of eigenvalues versus components, a, rotated component loadings plotted in space, b
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The prediction coefficients of the elements agree with the observation made in the factor analysis with the signifi-
cance of the pathfinder elements being in the order of Pd > Pt > As > Cu from the T-values (Table 4). The other parameters 
in the model (Eq. 2); V, and Cr could be explained that the Au occurrence is much associated with the mafic–ultramafic 
rocks in the area.

4.4 � Geostatistics

The spatial distribution of the pathfinder elements from the various assessment methods adopted in the study and 
Au is shown in Fig. 5. Palladium (Pd), and Pt have almost the same spatial distribution patterns (Fig. 5). These are found 
to have high spots in the central-eastern parts, Cu has high concentration levels in the southwestern (SW) parts of the 
area (Fig. 5). Arsenic has high spots in the area except in the SE most and northwestern fringes of the area (Fig. 5). The 
concentration of As in the area has defined an NE—SW trend in the area. On the contrary, Pb has a concentration trend 
that is opposite to that of As, with a NW—SE trend. Gold has high values located in the SE in most parts and relatively 
high levels in the central parts as well.

Gold occurrence can be found within the areas indicating high to moderate concentrations of Pd, Pt, Cu, and As 
(Fig. 5). However, the spatial distribution of Pb has spots of Au concentration within it, suggesting that Pb cannot be 
entirely precluded in the search for Au within the area. This corroborates with the approaches applied in the study. Lead 
is however at the broader location of Au but not locally concentrated in high Au concentration zones within the area.

5 � Conclusion

The findings from the study can be summarized as follows;
The trace elements; Cu, Ni, Co, Cr, V, Mg, Fe, Ti as well as Al, correlate well with Au, Pd, Pt, and As. Pb also correlates well 

with Al, U, Th, Ba, La, and K and correlates negatively with Au. The multivariate statistical approaches thus cluster and 
factor analysis, indicate similar elemental associations. The pathfinder elements from the study as revealed by all the data 
analytical approaches; Spearman’s correlation matrix, cluster and factor analysis, and MLR, are Pd, Pt, As, and Cu. These 
are in the order of Pd > Pt > As > Cu. Pb is not a pathfinder element to Au occurrence in the area from the study. The Au in 
the area is probably controlled by mafic–ultramafic intrusive igneous rocks in the area. The southwestern fringe of the 
area exhibits high concentrations of Au, Pd, and Pt. Additionally, elevated values of Pd and Pt can also be found at the 
central, south, and southeastern fringes of the area. Gold has a peculiar local distribution pattern with As. The develop-
ment of alluvial Au mining in the area is worth exploring.

(2)Au = −0.135 + 0.511Pd + 0.338Pt + 0.229Cu + 0.107V + 0.098Cr + 0.084As + 0.029

Table 4   Estimates of the 
elements as predictors of Au 
in the prediction model

Model Unstandardized Coefficients Standardized Coef-
ficients

t Sig

B Std. Error Beta

(Constant) − 0.135 0.029 − 4.731 0.000
Cu 0.223 0.251 0.229 0.890 0.376
Pb − 0.367 0.112 0.284 − 3.260 0.002
Ni − 0.348 0.318 0.393 − 1.093 0.277
Co − 0.083 0.327 0.082 − 0.254 0.800
Mn − 0.071 0.188 0.063 − 0.381 0.704
As 0.141 0.130 0.084 1.087 0.280
Pd 0.547 0.181 0.511 3.023 0.003
Pt 0.339 0.153 0.338 2.220 0.029
Fe − 0.220 0.248 0.196 − 0.885 0.378
V 0.163 0.213 0.107 0.768 0.444
Cr 0.113 0.227 0.098 0.499 0.619
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