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Abstract 11 

It is now widely recognised that geochemical survey data are compositional in nature in that 12 

the components show their relative importance as parts of a whole. Compositional Data Analysis 13 

(CoDA) using log-ratio transformations can be used to reduce the ‘closure problem’ caused by the 14 

lack of scale invariance of the classical covariance of geochemical compositional data. This study 15 

explores the use of two data-driven CoDA approaches, clr-biplot analysis and a compositional 16 

balance approach, to investigate associations between elements for potential mineral exploration 17 

in the Lhasa area of Tibet, China. The use of the CoDA approach reveals meaningful results in that: 18 

(1) the compositional balance approach, using hierarchical cluster and a sequential binary partition 19 

(SBP) technique, excellently reflects the range of rocks and metal deposits in the area; (2) the 20 

clr-biplot indicates the relationships between elements and a consistency is found between PC1 21 

and PC2 and key compositional balances (Balance 1 and 4); (3) comparison with traditional 22 

integrated geochemical mapping, which is a kind of knowledge-driven method, proves the validity 23 

of compositional balance and clr-biplot. These results provide metallogenic and petrogenetic 24 

information and crucial evidence for further geological and geochemical exploration in this area. 25 

The improved knowledge provided by this approach demonstrates the importance of using a 26 

CoDA approach for geochemical data before performing further statistical analysis. 27 
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1 Introduction 29 

In geochemical exploration, the goal is frequently to identify geochemical spatial 30 

distributions and anomalies, and investigate geochemical associations based on the background 31 

geology. Many useful methods have been developed to achieve greater understanding for more 32 

effective mineral exploration. However, it is important first to explore and understand the nature 33 

of the data. Data analysis exploration is a process of inspecting, cleaning, transforming and 34 

modelling data with the goal of discovering useful information, informing conclusion and 35 

supporting decision-making( Grunsky, 2010).  36 

It is now well known and recognised that geochemical survey data are compositional in 37 

nature, in that the components show their relative importance as parts of a whole. Compositional 38 

data are subject to the condition that the sum of the parent variables in any item is constant 39 

(closure effect), imposing a linear restraint which suppresses positive and increases negative 40 

covariance (Chayes, 1960), resulting in the issue of ‘spurious correlation’, as shown by Karl 41 

Pearson back in 1897 (Pawlowsky-Glahn and Buccianti, 2011; Pearson, 1897). Substantial 42 

developments and understanding in compositional data analysis (CoDA) have taken place since 43 

the Aitchison geometry was proposed (Aitchison, 1982; Aitchison, 1986; Egozcue et al., 2018; 44 

Pawlowsky-Glahn and Buccianti, 2011; Pawlowsky-Glahn et al., 2015; Van den Boogaart and 45 

Tolosana-Delgado, 2013). 46 

Geochemical data are always non-negative and are restricted to the positive part of the real 47 

sample space (Buccianti and Grunsky, 2014). Research over the last decade into the appropriate 48 

analysis of compositional data (including geochemical data) has included the design of 49 

transforming raw geochemical data from the ‘simplex’ to ‘Euclidean space’ by the additive 50 

log-ratio (alr; Aitchison, 1986), the centered log-ratio (clr; Aitchison, 1986), and the isometric 51 

log-ratio (ilr; Egozcue et al., 2003; Filzmoser et al., 2012a) transformations to deal with the scale 52 

invariance within the classical covariance. Subsequently, univariate statistical analysis (Filzmoser 53 

et al., 2009a), bivariate statistical analysis (Filzmoser et al., 2010; Reimann et al., 2017) and 54 

classical multivariate statistical analysis of compositional data (e.g. classification techniques, 55 

analysis of variance, linear discriminant analysis and spatial analysis, regression analysis, 56 

principal component analysis, factor analysis, clr-biplot and clustering of variables) have been 57 

proposed (Carranza, 2011, 2016; Grunsky, 2010; Grunsky et al., 2014; McKinley et al., 2016a, 58 

https://en.wikipedia.org/wiki/Data_cleansing
https://en.wikipedia.org/wiki/Data_transformation
https://en.wikipedia.org/wiki/Data_modeling
https://en.wikipedia.org/wiki/Data
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2016b, 2017; Parent et al., 2014; Reimann et al., 2012; Thiombane et al., 2018; Tolosana-Delgado 59 

and McKinley, 2016; Wang et al., 2014). Moreover, the application of robust statistics (Carranza, 60 

2016; Filzmoser et al., 2009b; Filzmoser et al., 2012b; Zuo, 2014), geostatistics (Grunsky et al., 61 

2014; Pawlowsky-Glahn and Egozcue, 2016; Tolosana-Delgado and van den Boogaart, 2013; 62 

Tolosana-Delgado and van den Boogaart, 2014) and the use of fractal methods (Carranza, 2011) 63 

have all been applied in geochemical compositional data analysis . Of particular relevance for this 64 

research, the use of a sequential binary partition (SBP, Egozcue and Pawlowsky-Glahn , 2005) 65 

technique for ilr coordinates design, based on expert knowledge, has wide application (Buccianti 66 

et al., 2015, 2018; Egozcue et al., 2015; Liu et al., 2019; McKinley et al., 2016b; Parent et al., 67 

2014; Pawlowsky-Glahn and Buccianti, 2011). This study explores the use of two data-driven 68 

CoDA approaches, clr-biplot analysis and a compositional balance approach, to investigate 69 

associations between elements for potential mineral exploration in the Lhasa area of Tibet, China.  70 

 71 

2 Study area and data 72 

2.1 Geology setting 73 

The study area is about 12290km2 and located in the centre of Tibet, southwestern China 74 

(29°10′N~29°55'N; 90°45′E～93°00′E). It sits in the Gangdese metallogenic belt which is one of 75 

the most important multi-metal mineralization areas in the region (Li et al., 2019; Zheng et al., 76 

2016)( Fig. 1). Subduction of Neo-Tethyan Oceanic crust beneath the Asian plate from Jurassic to 77 

Cretaceous, subsequent collision of the Indian and Asian plates in the Paleocene, and 78 

post-collisional magmatism in the Miocene have shaped the regional geology and have provided 79 

the necessary conditions for the development of the Gangdese metallogenic belt (Hou and Cook, 80 

2009; Hou and Zhang, 2015; Pan et al., 2006). Mineralization tends to be associated with 81 

post-collisional, small-volume intrusions, which intrude pre- and syn-collisional granitic 82 

batholiths and older volcano-sedimentary sequences (Chung et al., 2003; Miller et al., 1999; Pan et 83 

al., 2006; Turner et al., 1993; Xiao et al., 2015).  84 

Within the region the dominant fault trends are E-W, WNW-ESE to NW-SE and N-S. The 85 

Yarlung Zangbo Suture runs approximately E-W along the southern margin of the study area.  86 

Other regionally important faults are E-W orientated, whilst other lower order faults tend to be 87 
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WNW-ESE to NW-SE trending. The fault systems control the mineralization and distribution of 88 

mineral deposits in the study area. Copper, lead, zinc, iron and multi-metal deposits are mostly 89 

associated with WNW-ESE and NW-SE faults. Gold tends to be related to E-W and NW-SE 90 

structures. 91 

Metamorphic basement across the study area includes Proterozoic, Palaeozoic and Mesozoic 92 

domains. The oldest Proterozoic basement occurs in the southeast quadrant and includes 93 

greenschist-amphibolite-granulite facies rocks. In the northeast there are Palaeozoic, upper 94 

greenschist facies rocks, whilst in the middle the basement rocks are Mesozoic lower greenschist 95 

facies (Fig. 1). 96 

The basement metamorphic rocks have been subjected to the intrusion of very large volumes 97 

of intermediate-acid magmatism during the Mesozoic and Cenozoic. Mesozoic intrusions are 98 

present in much of the eastern half of the study area, whilst Cenozoic are spread right across the 99 

region.  From Figure 1 it is clear that Cenozoic magmatism is fundamental to mineralisation in 100 

the region with the majority of copper, lead and zinc, iron and gold deposits associated. 101 

Sedimentary rocks in the northeast form a tectonic complex of Carboniferous to Permian 102 

deep water facies, while in the southwest Triassic, Jurassic and Cretaceous deep water facies rocks 103 

form another tectonic complex (Fig.1). Ophiolite included within the southwest tectonic complex 104 

is a particularly important host for chromite and manganese deposits in the region. 105 

 106 

2.2 Geochemical data 107 

The geochemical dataset used in this study was collected via stream sediment sampling as 108 

part of the “Regional Geochemistry National Reconnaissance (RGNR) Project” which was 109 

initiated in 1979 and has now covers more than 7 million km2 of China. The sample density is 1 110 

per 4 km2, and a total of 4,141 samples are used in this research (Fig.2). Samples have undergone 111 

multi-element analysis of 39 elements (including Bi, Cu, P, La, Li, Ag, Sn, Au, Mo, Th, U, W, Sb, 112 

Hg, Mn, Cr, Sr, Nb, Pb, Ni, Ti, Y, Cd, Co, Ba, Be, V, Zn, B, As, Zr, F, Fe2O3, K2O, CaO, MgO, 113 

Na2O, Al2O3, SiO2) (Xie et al., 1997). The 39 elements were analysed by various methods 114 

including ICP-MS, XRF and ICP-AES. The specific test methods, detection limits, quality control 115 

and other information corresponding to each element have been published by Wang et al., 2007, 116 

Xie et al., 2008 and Xie et al., 1997 and are not repeated here. 117 
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 118 

3 Methodology 119 

Knowledge- and data-driven data processing frameworks are usually used in extracting 120 

geochemical associations. The knowledge-driven framework can identify geochemical 121 

associations based on the knowledge of the geology and geochemistry of a study area, while the 122 

data-driven framework is based on mathematical solutions (e.g., hierarchical clustering). In this 123 

study, a data-driven CoDA framework, including logratio transformations (clr and ilr), hierarchical 124 

clustering, clr-biplots, sequential binary partition (SBP) and its compositional balances, is used to 125 

infer geochemical associations with different rock types and ore deposits. Meanwhile, 126 

knowledge-driven integrated anomaly extraction is used to verify their availability in potential 127 

mineral resources exploration. These are presented in the following sections. CoDaPack software, 128 

developed by the Research Group in Statistics and Compositional Data Analysis at the University 129 

of Girona, is used in this analysis. 130 

 131 

3.1 Logratio transformation 132 

Within compositional theory (Aitchison, 1982; Aitchison, 1986), the additive log-ratio (alr) 133 

(Aitchison, 1986), the centered log-ratio (clr) (Aitchison, 1986), and the isometric log-ratio (ilr) 134 

(Egozcue et al., 2003; Filzmoser et al., 2012a; Pawlowsky-Glahn and Buccianti, 2011) 135 

transformations have been proposed to deal with the lack of scale invariance of the classical 136 

covariance of compositional data, which is based on the assumption that the sample space is the 137 

real space endowed with the usual Euclidean geometry. In other words, logratio transformation 138 

can solve the ‘closure problem’ caused by the nature of compositional data through transforming 139 

raw data (e.g. geochemical data) from the ‘simplex’ to ‘Euclidean space’. 140 

If x is a composition in the D-part simplex SD, 141 

alr(x) = ln (
𝑥1
𝑥𝐷

,
𝑥2
𝑥𝐷

, … ,
𝑥𝐷−1
𝑥𝐷

) 142 

clr(x) = ln [
𝑥1

gm(x)
,

𝑥2
gm(x)

, …
𝑥𝐷

gm(x)
]gm(x) =  √∏ 𝑥𝑖

𝐷

𝑖=1

𝐷

 143 

An orthonormal basis of SD is a set of compositions e1, e2, …, eD-1 such that 〈e𝑖 , e𝑗〉𝛼=0 for 144 

𝑖 ≠ 𝑗, and ‖𝑒𝑖‖𝛼 = 1. For a fixed basis the coordinates of a composition are obtained using the 145 
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function 146 

ilr(x) = (〈x, e1〉𝛼 , 〈x, e2〉𝛼, … , 〈x, e𝐷−1〉𝛼) 147 

Each of these three transformations has advantages and disadvantages. The alr is simple but 148 

the choice of denominator can be arbitrary. The clr transformation can provide a D dimensional 149 

vector which is easier for comparison but results in data singularity and collinearity as the sum of 150 

the clr-transformed data is zero. The ilr transformation is an orthogonal transformation and forms 151 

one-to-one relations between the Aitchison geometry on the simplex and the standard Euclidean 152 

geometry, with excellent geometrical properties, but the results can be difficult to interpret 153 

(Filzmoser et al., 2012a; Wang et al., 2014). 154 

 155 

3.2 Sequential binary partition (SBP) 156 

The sequential binary partition (SBP) technique outlined by Egozcue and Pawlowsky-Glahn 157 

(2005) designs ilr-coordinates or compositional balances based on a D-part simplex space (SD) 158 

orthonormal basis transformation. Balances are particular ilr-coordinates with orthonormal bases 159 

which can be interpreted in the D-1 dimension real space as ratios of elemental associations 160 

(Egozcue et al., 2003; Petrik et al., 2018).  161 

The SBP data process includes D-1 steps. Each step of the partition gives rise to an 162 

ilr-coordinate, called balance, which may be interpreted. In the first step, dividing the composition 163 

into two groups of part that are given the codes +1 and –1. The subsequent second step obtains 164 

another balance by subdividing one of the existing partitioned groups into two groups of parts 165 

coded with +1 and –1, and the uninvolved parts are given a code of 0. Finally, D-1 compositional 166 

balances are obtained by D-1 steps partitions, and the i-th compositional balances calculation is as 167 

follows (Egozcue and Pawlowsky-Glahn, 2005; Pawlowsky-Glahn and Buccianti, 2011; Liu et al., 168 

2019; Petrik et al., 2018; Zheng et al., 2021).  169 

B𝑖 = √
𝑟𝑠

𝑟 + 𝑠
𝑙𝑛

(∏ 𝑥𝑗)+

1
𝑟⁄

(∏ 𝑥𝑘)−

1
𝑠⁄
𝑓𝑜𝑟𝑖 = 1, 2,…… , 𝐷 − 1; 𝑗 = 1, 2,… , 𝑟; 𝑘 = 1, 2,… , 𝑠 170 

where ∏ 𝑥𝑗+  is the product that includes r parts coded with +1 in the i-th binary partition 171 

and ∏ 𝑥𝑘−  is the product involving s parts coded with –1 in the i-th binary partition.  172 

In terms of geochemical compositional data, each compositional balance can be seen as a 173 

meaningful log-contrast with different data- or knowledge-driven elements associations 174 
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(McKinley et al., 2016b), where data-driven methods include hierarchical clustering, k-means, and 175 

so on, while knowledge-driven elements associations depend on an understanding of the geology 176 

and geochemical background of research study area. Therefore, the compositional balance offers a 177 

reasonable way to extract geochemical associations and can provide an interpretation for the 178 

underlying geological, environmental and metallogenic sense. 179 

 180 

4 Results and discussion 181 

4.1 Hierarchical cluster analysis of clr-transformed data  182 

Multivariate statistical methods are often used to reveal geochemical patterns and 183 

relationships within the data attributed to geological/geochemical processes (Grunsky et al., 2014). 184 

Multivariate statistical methods can be seen as a way to choose one (or a few) log-contrasts of 185 

potential interest (McKinley et al., 2016b). Hierarchical cluster analysis is performed to identify 186 

the elements associations and get references for further compositional balances. The dendrogram 187 

presents the proximity of the groups of clr-transformed data of 39 elements, based on the average 188 

linkage between groups method (as shown in Fig. 3). 189 

Two groups are initially identified in the dendrogram, the first major group 190 

Cr-Ni-Co-MgO-V-Fe2O3-Mn-B-Sn-La-Zr-Nb-Y-Ti-Th-Ba-K2O-Al2O3-SiO2-Be-Li-Sr-Na2O-CaO-191 

F-P, can be related to the background geology, while the second group 192 

Bi-W-Mo-U-Cd-Zn-Ag-Pb-Cu-As-Sb-Hg-Au, is related to mineralization. A further seven element 193 

clusters occur at the next level down and are intuitively meaningful to the geological background 194 

and mineralization: (1) Cr-Ni-Co-MgO-V-Fe2O3-Mn are most likely associated with ophiolitic and 195 

other basic-ultrabasic rocks and mineralization; (2) B-Sn-La-Zr-Nb-Y-Ti-Th and (3) 196 

Ba-K2O-Al2O3-SiO2-Be-Li are most likely related to acid-intermediate intrusive rocks; (4) 197 

Sr-Na2O-CaO-F-P most likely reflects sedimentary rocks; (5) Bi-W-Mo-U could be seen as an 198 

indicator of hypothermal deposit; whilst (6) Cd-Zn-Ag-Pb-Cu and (7) As-Sb-Hg-Au are related to 199 

mineralization.  200 

 201 

4.2 Compositional Balances designing and mapping 202 

According to the results of hierarchical cluster, which are shown in the dendrogram (Fig. 3), 203 

SBP can be carried out to inform the ilr balances. In total 39 compositional parts (elements) were 204 
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separated at each of the 38 stepsinto non-overlapping subcompositions through SBP, leading to 38 205 

ilr balances. 206 

Each compositional balance generated by the SBP approach is a log-contrast of the parts in 207 

the subcomposition formed by two groups of parts within the dendrogram. So every compositional 208 

balance has a valid meaning for interpretation.  209 

Five resultant compositional balances are chosen to demonstrate their different features 210 

according to the balance maps (Table 1; Fig.4).  211 

On the B1 map of compositional balances (Fig. 4; Cr, Ni, Co, MgO, V, Fe2O3, Mn, B, Sn, La, 212 

Zr, Nb, Y, Ti, Th, Ba, K2O, Al2O3, SiO2, Be, Li, Sr, Na2O, CaO, F, P vs Bi, W, Mo, U, Cd, Zn, Ag, 213 

Pb, Cu, As, Sb, Hg, Au) nearly all the known mineral deposits occur within low-value areas.  214 

The B4 map of compositional balances (Fig. 4; Cr, Ni, Co, MgO vs V, Fe2O3) correlates with 215 

known chromium and manganese deposits which all occur within high value areas, while iron 216 

deposits are in low-value areas. Chromium and manganese are related to ophiolitic rocks in the 217 

southern high-value area. 218 

The B17 map ( Ba, K2O, Al2O3, SiO2, Be, Li vs Sr, Na2O, CaO, F, P) clearly distinguishes  219 

Triassic and Jurassic-Cretaceous tectonic complexes in the southwest of the study area as high 220 

values, whilst low values tend to be associated with intrusives (Fig.4). 221 

The B27 map (Bi-W-Mo-U vs Cd-Zn-Ag-Pb-Cu-As-Sb-Hg-Au) reflects an overall 222 

metallogenic association of elements, and distinguishes country rock including the tectonic 223 

complexes (low values) from the intrusives (high values). Lead and zinc deposits are clearly 224 

related to low value areas, whilst molybdenum and tungsten are associated with high value areas.  225 

Many deposits appear to be located close to the margins of high and low value areas (Fig. 4). 226 

The B31 map (Cd, Zn, Ag, Pb, Cu vs As, Sb, Hg, Au; Fig. 4) differentiates high value areas 227 

of lead,zinc, copper and multi-metal mineralization including molybdenum and tungsten, and low 228 

value areas with gold. 229 

 230 

4.3 clr-biplot and the comparison with compositional balances  231 

Biplot is a graphical visualized expression for principal component analysis (PCA), which 232 

can be used to represent clr-transformed data. The biplot illustrates interesting features, such as 233 

associations between groups of geochemical compositional parts, which can be extracted from the 234 
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rays (Fig. 5). Several detailed descriptions and case studies can be found in the literature 235 

(Aitchison and Greenacre, 2002; Gabriel, 1971; Grunsky, 2010; Grunsky et al., 2014; 236 

Pawlowsky-Glahn and Buccianti, 2011; Petrik et al., 2018; Reimann et al., 2012). 237 

In the Biplot (Fig. 5) the first principal component (PC1) and the second component (PC2) of 238 

clr-transformed data of 39 elements are employed to show associations and relationships. The 239 

positive loadings of PC1 are mainly associated with metallogenic elements, while the negative 240 

loadings reflect the background geological elements. Furthermore, the positive PC1- positive PC2 241 

quadrant relates to gold mineralization, whilst the positive PC1- negative PC2 quadrant reflects 242 

multi-metal mineralization, the negative PC1- positive PC2 quadrant relates to ultrabasic/basic 243 

rocks, and finally the negative PC1- negative PC2 quadrant is sedimentary rocks related. 244 

Comparison of the PC1 map with the B1 ilr-balance map reveals a strong similarity in that 245 

they both identify metallogenic element associations as either high or low value areas. 246 

The PC1 map (Fig.6) identifies areas with significant copper and lead-zinc mineralization 247 

and bears little resemblance to the host geology, whilst PC2 is a strong indicator of chromium 248 

mineralization and its ophiolitic host rocks. 249 

 250 

4.4 Comparison with traditional integrated anomaly mapping 251 

Integrated anomaly mapping has been shown to be a very useful approach to indicate the 252 

location of mineral deposits, but it requires a good understanding of the regional geology and 253 

mineralization of the study area. 254 

Non-ferrous metal deposits are extremely valuable potential resources in the current study 255 

area, including copper, gold, silver, molybdemum, lead, zinc deposits. The major non-ferrous 256 

deposit styles include porphyry, skarn and hydrothermal deposits. A geological understanding of 257 

the ore genesis and geological background, provides a knowledge driven approach to select 9 258 

geochemical elements, Cu, Pb, Zn, Mo, Au, Ag, W, Sb, Sn, as indicator elements to delineate 259 

integrated anomalies for mineral exploration. 260 

Tradionally, the sample space of data has been assumed to be the real space endowed with the 261 

usual Euclidean geometry, and in this framework the logarithm transformation has been used to 262 

describe elements distribution because of the wide range, high variance, kurtosis and skewness of 263 

the raw data ( Tables 2, 3). An integrated anomaly mapping approach would involve selecting the 264 
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92% percentile as the threshold value of the element anomaly, with the 95% and 98% percentiles 265 

used to delineate the numerical variability for geochemical mapping of each element (Fig. 7). 266 

In the integrated anomalies approach, most of the 9 elements associated with mineral deposits 267 

(Cu, Pb, Zn, Mo, Au, Ag, W, Sb, Sn) indicate evidence for regional potential mineral exploration 268 

(Table 3; Fig.7). However, this traditional approach requires geological information and a sound 269 

geological understanding of the study area. Similar distributions to that observed from the 270 

integrated anomaly approach can be seen in the CoDA outputs, low-value areas in the 271 

compositional balance B1 map ( Figs.4, 7 and 8) and elevated values in the clr PC1 map (Figs. 4, 272 

7 and 9).  273 

The data-driven compositional approach has been shown to provide results which are 274 

consistent with the traditional knowledge-driven approach, and as such provide robust results and 275 

insights for further mineral resources exploration. 276 

 277 

5 Conclusions 278 

Geochemical data are compositional data, and as such are relative and constrained in nature. 279 

This issue can be resolved by opening the data through three different log-ratio approaches. 280 

Following the log-ratio transformations, two data-driven compositional data analysis approaches 281 

were applied to aid geochemical investigation for potential mineral exploration in the Lhasa area 282 

of Tibet, China. Hierarchical cluster was performed to classify different groups of elements to 283 

provide insights for SBP and the formulation of informative balances. In total 38 balances were 284 

generated from this method, many of which provide useful insights into the geological background 285 

and distribution of mineral deposits. The use of clr–biplot demonstrated that PC1 exhibits the 286 

closest relationship with B1 and metallogenic elemental associations, whilst PC2 and B4 are 287 

comparable, particularly in relation to chromium and manganese mineral deposits associated with 288 

ophiolitic rocks. 289 

Comparison of the knowledge driven, integrated anomalies approach revealed greater 290 

information on key elemental associations including the Cu-Pb-Zn-Mo-Au-Ag-W-Sb-Sn 291 

association which is known to indicate non-ferrous metal mineralization. Integrated anomalies of 292 

these elements showed a close relationship with compositional balance B1 and clr-biplot PC1, 293 

which provide strong evidence to illustrate the reliability of the data-driven compositional 294 
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methods. Therefore, data-driven compositional data analysis including compositional balance and 295 

clr-biplot provide very important indicators for further geological and mineral exploration in the 296 

Lhasa area, which could be extended to the other areas of the Gangdese belt, where limited 297 

geological information is known. The authors recommend that compositional data analysis should 298 

be used before any other statistical methods are performed on regional geochemical data. 299 
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