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Abstract 

Geochemical anomaly detection plays a critical role in mineral exploration, yet conventional methods 
are often limited by compositional effects, sensitivity to outliers, and insufficient consideration of 
spatial relationships. To address these issues, this study proposes an integrated analytical framework 
that combines compositional data analysis and spatial statistics for robust geochemical anomaly 
identification. The framework incorporates isometric log-ratio (ILR) transformation to eliminate the 
closure effect, robust principal component analysis (RPCA) to extract stable geochemical patterns, 
local indicators of spatial association (LISA) to characterize spatial clustering, and compositional 
balance analysis (CoBA) to enhance anomaly signals. The method is applied to the Barkol Lake area 
in the Eastern Tianshan, a key metallogenic belt within the Central Asian Orogenic Belt. The results 
reveal significant geochemical anomalies characterized by Cu-associated element assemblages (e.g., 
Cu–Ni–Cr), which are spatially correlated with major fault zones and volcanic–intrusive complexes. 
The identified anomalies show strong consistency with known mineral occurrences and delineate 
several prospective targets for copper polymetallic mineralization. Compared with conventional 
approaches, the proposed framework demonstrates improved robustness to outliers, enhanced 
sensitivity to weak anomalies, and better integration of compositional and spatial constraints. These 
advantages highlight its effectiveness for geochemical anomaly detection and mineral prospectivity 
mapping in complex geological settings. 

Keywords: compositional balance analysis; geochemical anomaly identification; mineralization 
prediction; Barlikun Lake; Cu polymetallic deposits 
 

1. Introduction 

Geochemical anomaly detection is a fundamental step in mineral exploration and plays a crucial 
role in identifying potential mineralization targets. With the increasing availability of large-scale 
geochemical datasets, a variety of statistical and machine learning methods have been developed to 
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improve anomaly recognition. However, conventional approaches often suffer from several inherent 
limitations, including sensitivity to outliers, neglect of compositional constraints, and insufficient 
integration of spatial information [1–3]. 

Geochemical data are intrinsically compositional in nature, meaning that they are subject to 
constant-sum constraints that can lead to spurious correlations and biased statistical interpretations 
[4]. To address this issue, compositional data analysis (CoDA) has been widely applied in 
geochemical studies, particularly through log-ratio transformations such as the isometric log-ratio 
(ILR) [5–7], which effectively eliminate closure effects and enable meaningful statistical analysis [8–
11]. 

Within the CoDA framework, the variation matrix provides a fundamental tool for quantifying 
pairwise log-ratio variances between components, thereby capturing the intrinsic relationships and 
relative variability among geochemical elements [12–14]. Although the variation matrix effectively 
characterizes internal compositional structure, it does not explicitly account for noise, outliers, or 
spatial heterogeneity in geochemical data [15–17]. 

To overcome these limitations, robust principal component analysis (RPCA) is employed to 
extract stable geochemical patterns while minimizing the influence of extreme values [18–20]. In 
addition, spatial statistical approaches, such as local indicators of spatial association (LISA), are 
introduced to identify spatial clustering of anomalies and distinguish between meaningful 
geochemical signals and random variations [21,22]. Despite these advances, most existing studies 
treat compositional structure, statistical robustness, and spatial relationships independently, lacking 
an integrated analytical framework that links these components . Therefore, this study proposes an 
integrated approach that combines compositional, statistical, and spatial constraints for geochemical 
anomaly detection. The proposed framework incorporates ILR transformation to address 
compositional effects, RPCA to enhance robustness, LISA to characterize spatial structures, and 
compositional balance analysis (CoBA) to further refine anomaly signals. The methodology is applied 
to the Barlikun Lake area in the Eastern Tianshan, which is part of the Central Asian Orogenic Belt 
(CAOB)—one of the most important metallogenic belts globally, hosting numerous copper and 
polymetallic deposits. 

The objectives of this study are to: 
(1) develop a multi-constraint analytical framework for geochemical anomaly detection; 
(2) identify geochemical anomalies associated with copper polymetallic mineralization; and 
(3) evaluate the effectiveness of the proposed method for mineral prospectivity mapping in 

complex geological settings. 

2. Materials and Methods 

2.1. Study Area and Sample 

The study area is located in the Barlikun Lake region of eastern Xinjiang, northwestern China, 
within the western part of Barlikun Autonomous County (Figure 1). Geographically, the area lies 
approximately between 92°00′–93°00′E and 43°20′–44°00′N and belongs to the eastern segment of the 
Tianshan Mountains [23–25]. Tectonically, the region is situated within the Eastern Tianshan orogenic 
belt, which forms an important segment of the southern margin of the Central Asian Orogenic Belt 
(CAOB) [26–28]. The CAOB represents one of the largest accretionary orogenic belts in the world and 
experienced a complex tectonic evolution during the Paleozoic, involving oceanic subduction, 
accretion, continental collision, and post-collisional extension. These tectonic processes led to 
extensive magmatism, strong structural deformation, and widespread metallogenic activity in the 
Eastern Tianshan region. The Eastern Tianshan is one of the most important metallogenic belts in the 
Central Asian Orogenic Belt, hosting numerous Cu, Ni, Au, and polymetallic deposits [29,30]. 
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Figure 1. Geological map of the Eastern China. 

The stratigraphic framework of the study area is dominated by Paleozoic strata, including 
Devonian (Figure 2), Carboniferous, and Permian formations, whereas Mesozoic–Cenozoic deposits 
mainly occur in intermontane basins and lowlands. The Devonian strata are mainly composed of 
marine sedimentary rocks, including sandstones, siltstones, and mudstones, locally interbedded with 
volcanic clastic rocks. The Carboniferous strata are the most widely distributed lithological units in 
the region and consist mainly of volcanic–sedimentary assemblages such as tuff, volcanic breccia, 
and andesitic volcanic rocks, reflecting intense volcanic activity during this period. The Permian 
strata are dominated by continental clastic deposits, including sandstones, conglomerates, and 
mudstones, which commonly overlie the Carboniferous formations with unconformable contacts. 
Mesozoic and Cenozoic sediments, including Jurassic and Quaternary deposits, are mainly 
distributed within the Barlikun basin and surrounding intermontane depressions. 
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Figure 2. Geological map of the study area. 

Magmatic rocks are widely distributed in the study area and mainly include intermediate–felsic 
intrusive rocks and mafic to intermediate volcanic rocks. Major lithologies include granite, 
granodiorite, diorite, and andesite. Most magmatic activities occurred during the Carboniferous to 
Permian, corresponding to the late stages of the Paleozoic tectonic evolution of the Eastern Tianshan 
orogenic belt. These magmatic events are closely associated with regional tectonic processes and 
played an important role in the metallogenic evolution of the region. 

The structural framework of the study area is dominated by fault systems and fold structures. 
Regional structures generally exhibit an east–west orientation, consistent with the overall structural 
trend of the Tianshan orogenic belt and forming a complex fault network. These faults are considered 
to play a significant role in controlling the emplacement of magmatic rocks and the distribution of 
mineralization. In addition, Paleozoic strata in the area have undergone multiple phases of tectonic 
deformation, resulting in the development of folds whose axial trends are generally parallel to the 
regional east–west structural direction. 

The Barlikun Lake region hosts a variety of mineral resources and is characterized by well-
developed copper and polymetallic mineralization. Ore bodies commonly occur as veins or lenticular 
bodies within volcanic and sedimentary rocks and are frequently associated with fault zones. The 
main ore minerals include chalcopyrite, bornite, and malachite, accompanied by hydrothermal 
alteration such as silicification, chloritization, and carbonation. These geological features suggest that 
mineralization in the study area is closely related to hydrothermal processes controlled by regional 
fault systems and magmatic activity, forming favorable conditions for copper polymetallic 
mineralization. 

A total of 560 stream sediment samples were collected in this study, with a sampling density of 
approximately one sample per 4 km² (Figure 3). Sample collection and processing strictly followed 
the relevant geochemical exploration specifications. A total of 39 elements were analyzed, of which 
11 elements closely related to mineralization (Cu, Cr, Ni, Co, V, Ti, As, Sb, Pb, Hg, and Au) were 
selected for further analysis. These elements represent mineralization indicator elements, associated 
elements, and indicators of hydrothermal activity, and can effectively reflect regional metallogenic 
processes. 

 
Figure 3. Map of soil geochemical sediment sampling sites in Balikun Lake. 

2.2. overall Framework of the Method 

Geochemical anomaly identification involves multiple sources of complexity, including the 
closure effect of compositional data, the interference of extreme values in statistical analyses, and the 
spatial heterogeneity of mineralization-related information. To address the above issues, this study 
establishes a hybrid-driven analytical framework that integrates compositional constraints, statistical 
robustness, and spatial structural information. 
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This framework is grounded in the theory of compositional data analysis. The closure effect is 
first eliminated using the isometric log-ratio (ILR) transformation. On this basis, the variation matrix 
and robust principal component analysis (RPCA) are integrated to identify stable elemental 
association patterns, while the local indicators of spatial association (LISA) are employed to introduce 
spatial constraints. Finally, compositional balances are constructed through sequential binary 
partitioning (SBP), enabling the quantitative representation and identification of geochemical 
anomalies.  

The overall technical workflow is illustrated in Figure 4 and can be summarized into four key 
steps: data preprocessing, identification of elemental associations, spatial structural constraint, and 
balance construction with anomaly detection. 

 
Figure 4. Workflow of CoBA for geochemical pattern recognition and anomaly mapping to support mineral 
exploration. 

2.3. Component Constraint Processing: ILR Transformation 

Geochemical data represent typical compositional data, in which individual components are 
constrained by a constant sum, giving rise to the “closure effect,” which can easily lead to spurious 
correlations among variables. To eliminate this issue, the isometric log-ratio (ILR) transformation was 
applied to map the original data from the simplex space to the Euclidean space [5]. 

ilr(x) = zi = �
i

i + 1
· log

i�∏ xji
j=1

xi+1
，       i = 1, … , D − 1                        (1) 

The ILR transformation constructs an orthonormal basis to convert the original compositional 
variables into a set of mutually independent balance variables, thereby satisfying the requirement of 
variable independence in multivariate statistical analysis. At the same time, this transformation can 
effectively improve the skewness of the data distribution, thereby providing a reliable data 
foundation for subsequent analyses [5]. 

2.4. Element Combination Identification 

Understanding elemental associations is crucial for identifying geochemical processes related to 
mineralization. The variation matrix proposed by Aitchison is used to quantify the variability of log-
ratios between element pairs; lower variation values indicate stronger associations between elements 
[20,31]. The variation matrix helps reveal potential mineralization-related associations among groups 
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of elements exhibiting similar geochemical behavior. These associations provide a geochemical basis 
for constructing compositional balances. 

Geochemical data often contain outliers resulting from mineralization processes or analytical 
noise. Traditional principal component analysis (PCA) is highly sensitive to such outliers, which may 
distort the intrinsic structure of the data. To overcome this limitation, robust principal component 
analysis (RPCA) [32,33] was employed. This method decomposes the dataset into two components: 
a low-rank structure and sparse noise. 

This approach enhances the stability of principal components and enables the identification of 
key geochemical patterns associated with mineralization processes. The principal components 
derived from RPCA are subsequently used to identify major geochemical associations and to guide 
the construction of the balance dendrogram. 

2.5. spatial Structure Constraints: Lisa Analysis 

Geochemical anomalies are not only manifested through elemental association patterns but also 
exhibit significant spatial distribution characteristics. To incorporate spatial information constraints, 
the local indicators of spatial association (LISA) were employed to analyze the spatial autocorrelation 
of the major elements [22,34]. The Moran’s I index of local spatial association can be expressed as 
follows [34]: 

Ii =
xi  −   X

Si2
� wi,j�xj −  X�
n

j=1,i≠j

                                                           (2) 

In this expression, xi denotes the value of attribute i, X represents the mean of the corresponding 
attribute, and wi,j denotes the spatial weight matrix between features i and j. Si2 can be expressed as 
follows [34]: 

Si2 =
∑ �xj  −  X�

2n
j=1,j≠i

n − 1
                                                                        (3) 

LISA can identify local spatial clustering patterns, including high–high (HH) clusters, low–low 
(LL) clusters, and spatial outliers (HL and LH) [35–37]. Among these, high–high clusters are typically 
closely associated with mineralization processes. 

Through LISA analysis of key elements (such as Cu, Cr, and Ni), the spatial distribution 
consistency and structural control characteristics can be evaluated, thereby providing spatial 
constraints for subsequent balance construction. 

2.6. balance Building and Anomaly Identification: SBP and CoBA 

Under the combined influence of elemental associations and spatial constraints, a compositional 
balance system was constructed using sequential binary partitioning (SBP) [38]. Sequential binary 
partitioning (SBP) converts a multielement system into a set of balance variables with clear geological 
significance by progressively dividing the elements into binary groups. By quantitatively analyzing 
the relationships among components within the two groups [39], a specific balance dendrogram is 
constructed to investigate the compositional relationships among variables and their spatial 
distribution patterns. Through visualized data processing, intuitive geological interpretation can be 
achieved. The mathematical expression is given as follows: 

wi = �
r𝑖𝑖+ × si−
ri+ + si−

ln
gi(xi+)
gi(xi−)，                                                                      （4） 

x+ represents mineralization-enriched elements, whereas x- represents background elements. 
Based on the constructed balance variables, geochemical anomaly identification was carried out 

using the compositional balance analysis (CoBA) method [40–42]. Compared with traditional 
approaches based on single elements or simple element combinations, balance variables can 
comprehensively reflect the relative relationships among multiple elements, thereby enhancing the 
stability of anomaly identification and the capability for geological interpretation. 
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Finally, by comparing the proposed approach with conventional methods (such as RPCA and 
element overlay), its advantages in anomaly identification performance and spatial consistency were 
evaluated. The CoDA biplot was visualized using the open-source R package robCompositions [16]. 
The CoDaPack software was an important tool used in this study for compositional balance analysis, 
including the construction of sequential binary partitions (SBP) and the visualization of balance 
dendrograms [43]. 

Table 1. Variation matrix of geochemical elements. 

Compared with traditional approaches, this framework integrates compositional constraints, 
statistical constraints, and spatial constraints into a unified system, thereby simultaneously 
enhancing both robustness and interpretability. 

3. Results 

3.1. Element Combination Feature Recognition 

To identify key elemental associations related to mineralization, the variation matrix (Table 1) 
was first calculated based on the ILR-transformed data. The results indicate that Cu, Cr, and Ni 
exhibit relatively high variation values with respect to other elements, suggesting that their 
geochemical behavior is relatively independent and may reflect specific mineralization processes. 

Further analysis of element loading characteristics using RPCA (Figure 5) shows that Cu, Cr, 
and Ni exhibit consistent positive loadings in the principal component space and contribute 
significantly to the same principal component, indicating a stable co-variation relationship among 
the three elements in a statistical sense. This consistency suggests that they may originate from the 
same or similar geological processes [41]. 

At the spatial scale, the LISA analysis results (Figure 6) indicate that Cu, Cr, and Ni all exhibit 
significant high–high (HH) clustering characteristics, with highly consistent spatial distributions that 
are mainly aligned along the N–S trending structural belt. These results indicate that the three 
elements are not only statistically correlated but also exhibit coordinated enrichment in spatial 
distribution, and are controlled by regional tectonic structures. 

By integrating the results of the variation matrix, RPCA, and LISA analyses, Cu–Cr–Ni can be 
identified as the principal mineralization-related elemental association in the study area. 

  Cu Cr Ni Co Ti V As Au Hg Pb Sb 

Cu 0 0.19  0.14  0.09  0.11  0.08  0.39  0.44  0.23  0.20  0.43  

Cr  0 0.07  0.11  0.20  0.15  0.71  0.62  0.42  0.36  0.72  

Ni   0 0.05  0.13  0.11  0.64  0.57  0.36  0.28  0.65  

Co    0 0.06  0.04  0.53  0.50  0.28  0.21  0.55  

Ti     0 0.02  0.43  0.40  0.20  0.15  0.44  

V      0 0.44  0.45  0.23  0.22  0.46  

As       0 0.65  0.37  0.43  0.22  

Au        0 0.53  0.36  0.71  

Hg         0 0.24  0.34  

Pb          0 0.44  

Sb                     0 
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Figure 5. PCA (PC1&PC2) Biplot of soil geochemistry data of ILR-transformation types for 11elements in the 
study area. 

3.2. Composition Balance Characteristics and Data Structure Optimization 

Based on the identified elemental association, a compositional balance system was constructed 
using sequential binary partitioning (SBP) (Table 2). Among these, balance b2 (Cu–Cr–Ni) was 
selected as the key variable representing mineralization processes [37,45]. 

Table 2. Balance combinations of geochemical elements. 

b1=[Cu,Cr,Ni|V,Co,Ti,Au,Sb,As,Pb,Hg] b6=[Ti|Co] 

b2=[Cu,Ni,Cr|V,Co,Ti] b7=[Hg|Au,Sb,As,Pb] 

b3=[Cu|Ni,Cr] b8=[Au,Pb|As,Sb] 

b4=[Ni|Cr] b9=[Au|Pb] 

b5=[V|Ti,Co] b10=[As|Sb] 

Statistical analysis results (Figure 7) indicate that, compared with the original elemental 
combinations, the data distribution of balance b2 is significantly improved. Specifically, the skewness 
and kurtosis are significantly reduced, and the data distribution shifts from a strongly skewed pattern 
to an approximately symmetric distribution, indicating that the influence of extreme values on the 
data structure has been effectively suppressed. 

In addition, the balance variable exhibits greater stability at the overall scale, with a more 
concentrated value range, which helps to highlight anomalous signals and reduce background noise 
interference. This indicates that the CoBA method can optimize the geochemical data structure 
through balance construction, thereby improving the reliability of subsequent anomaly identification. 
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Figure 7. Balance tree diagram for the Sequential Binary Partition model in Table2. 

3.3. Geochemical Anomaly Identification Results 

Spatial interpolation and anomaly extraction based on balance b2 were performed to obtain the 
geochemical anomaly distribution pattern in the study area. The geochemical anomaly maps of the 
above balances were visualized using ArcGIS Pro™ 3.1, and spatial interpolation was carried out 
using the inverse distance weighting (IDW) method. The results (Figure 8) show that the anomalous 
zones are mainly distributed in a belt-like pattern, extending overall in an east–west direction, and 
forming high-intensity anomaly centers in localized areas. Compared with the original element 
overlay method (Figure 8a), the anomalies identified based on balance b2 (Figure 8b) exhibit the 
following significant characteristics: 

 

Figure 8. Geochemical anomalies identified (a)Cu-Cr-Ni, (b)b2 , (c)PC2. 

(1) The anomaly distribution is more continuous, with a clearer spatial structure; 
(2) Background noise is significantly reduced, and anomaly boundaries are more distinct; 
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(3) The distribution of anomaly intensity is more balanced, avoiding results dominated by local 
extreme values. 

Further comparison with the RPCA principal component results (Figure 8c) shows that the 
anomalous zones identified by the CoBA method are more spatially concentrated and exhibit a higher 
degree of correspondence with regional structures and known mineralization locations. This 
indicates that balance variables integrating compositional constraints and spatial information can 
more accurately reflect mineralization-related geochemical processes. 

3.4. Division and Verification of Metallogenic Prospect Areas 

Based on the distribution characteristics of geochemical anomalies and in combination with the 
regional geological background, five mineral prospecting target areas were delineated in the study 
area (Figure 9), including two Class I targets, two Class II targets, and one Class III target. Field 
verification results indicate (Table 3): 

 

Figure 9. Prospecting prediction targets and engineering verification map of the study area. 

Table 3. Analysis results of chemical sample. 

Sample Number Analysis Result 
Cu Concentration (%) 

Ⅰ-1（1-5） 0.5%~1.3% 
Ⅰ-1（6-9） 0.3%~0.5% 
Ⅰ-1（10-17） 0.08%~0.3% 
Ⅰ-2（1-6） 0.5%~1% 

The Cu content in Zone I-1 ranges from 0.5% to 1.3%, with an average of approximately 0.85%. 
The Cu content in Zone I-2 ranges from 0.5% to 1.0%, with an average of approximately 0.75%. 
Both meet or exceed the industrial grade for sulfide ores (0.4%–0.5%). 
The ore bodies are predominantly hydrothermal vein-type, with mineral assemblages including 

chalcopyrite, bornite, and malachite. Well-developed wall-rock alteration is observed, indicating 
favorable mineralization conditions in the area. Among them, the Class I targets (I-1 and I-2) exhibit 
the strongest anomaly responses and show a high degree of correspondence with fault structures and 
known mineralization sites. Although the Class II and Class III target areas exhibit relatively weaker 
anomaly intensities, they still display distinct Cu–Cr–Ni association characteristics and thus possess 
potential for further exploration. 

4. Discussion 

The variation matrix and RPCA results indicate that Cu, Cr, and Ni exhibit strong associations, 
suggesting a common geochemical origin [31,41,42]. These elements are commonly associated with 
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mafic and ultramafic rocks, which are widely distributed in the eastern Tianshan region. Their 
enrichment may reflect magmatic differentiation processes or hydrothermal fluid activity associated 
with mineralization. The spatial clusters identified by LISA further corroborate the geological 
significance of these elemental associations, as the high–high clusters coincide with the locations of 
known mineralization belts [22,34]. In addition, this elemental association is spatially concentrated 
along the N–S trending structural belt, indicating that tectonic activity played a key role in controlling 
the migration and enrichment of ore-forming materials. 

The multi-method analytical framework integrating RPCA, LISA, and CoBA constructed in this 
study achieves a complete workflow from “Element identification” + “Spatial verification” + 
“Anomaly extraction”. Compared with traditional approaches, this framework presents the 
following innovations: First, RPCA identifies elemental associations in the ILR-transformed 
geochemical data, thereby avoiding the interference of outliers on the results. Second, LISA analysis 
verifies the rationality of these elemental associations from a spatial perspective, enabling the results 
to possess geological spatial significance. Finally, the CoBA method extracts anomalies through 
compositional balances, achieving a unified representation of statistical and spatial information. This 
triple-constraint mechanism integrating “Statistical” + “Spatial” + “Compositional” information 
ensures that anomaly identification no longer relies on a single method but is instead based on 
multidimensional consistency, thereby significantly improving the reliability of the results. 

Compared with original element overlay or principal component analysis methods, the 
approach proposed in this study demonstrates clear advantages in geochemical anomaly 
identification. Specifically, traditional methods often suffer from dispersed anomalies, indistinct 
boundaries, and results dominated by local extreme values. In contrast, the methodological 
framework developed in this study can: (1) improve the continuity and integrity of anomalous zones; 
and (2) integrate multielement information through balance variables, thereby enhancing the 
expression of mineralization signals, reducing background noise interference, and clarifying anomaly 
boundaries. 

The mineral prospecting target areas delineated based on the method proposed in this study 
show a high degree of spatial correspondence with known mineralization sites. Field verification 
results further indicate that the Class I targets have reached industrial-grade levels, demonstrating 
that this method has strong practical applicability in mineral exploration. 

5. Conclusion 

Based on compositional data analysis theory and spatial statistical methods, this study 
established a multi-method coupled framework integrating” RPCA” + “LISA” + “CoBA” to 
systematically analyze geochemical data from the eastern Tianshan region of Xinjiang, leading to the 
following main conclusions: 

(1) The multi-method coupled framework proposed in this study achieves an integrated 
combination of statistical analysis, spatial analysis, and compositional constraints, establishing a 
complete technical workflow of “Elemental association identification” + “Spatial consistency 
verification” + “Compositional balance representation” + “Anomaly extraction”. 

(2) The mineral prospecting target areas delineated using this method show a high degree of 
correspondence with known mineralization sites. Field verification indicates that the Class I targets 
have reached industrial-grade levels, demonstrating that this approach has strong applicability and 
reliability in practical mineral exploration and prospecting prediction. 
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