Journal of Geochemical Exploration 269 (2025) 107635

Contents lists available at ScienceDirect

JOURNAL OF
GEOCHEMICAL

§ EXPLORATION

Journal of Geochemical Exploration

journal homepage: www.elsevier.com/locate/gexplo

ELSEVIER

Mapping geochemical anomalies using angle-based outlier
detection approach

Shahed Shahrestani ', loan Sanislav

College of Science and Engineering, Economic Geology Research Centre (EGRU), James Cook University, Townsville, Australia

ARTICLE INFO ABSTRACT

Keywords: This study evaluates the effectiveness of the angle-based outlier detection (ABOD) method in identifying
Outlier detection geochemical anomalies in the Ahar-Arasbaran Zone (AAZ) within the Alborz-Azerbaijan Magmatic Belt (AAMB),
ABOD known for its diverse mineralization such as Cu-Mo porphyry deposits, epithermal base and precious metal veins,
fg;tABOD and Fe-Cu skarn deposits. ABOD and its fast approximation (FastABOD) were applied to datasets with 9 (Se-

lective) and 32 (All) features. Results showed that with fewer variables, the performance difference between
ABOD and FastABOD decreased, highlighting the impact of dimensionality on anomaly detection. Geochemical
anomaly maps (ABOD_All, ABOD Selective, FastABOD_All, FastABOD_Selective) were assessed for detecting
known mineralization. ABOD _Selective demonstrated superior performance, effectively placing 76 % of skarn
and 70 % of porphyry mineral occurrences into the highest anomaly class, despite its overall performance being
approximately 61 %.

Additionally, ABOD was compared with independent component analysis (ICA), focusing on IC2 and IC5. ICA
effectively highlighted unique geochemical patterns, with IC2 excelling in identifying Cu-enriched zones and
ABOD effectively delineating both Au- and Cu-bearing zones. ABOD was also compared with local outlier
detection methods LOF, kNN, and iNNE. LOF showed distinct anomaly distributions due to its local density
approach, while kNN, iNNE, and FastABOD produced similar maps based on distance, isolation, and angle-
distance. ROC analysis revealed no significant performance difference, though FastABOD showed slight supe-
riority, particularly with mineralized samples as validation points. Moreover, applying principal component
analysis (PCA) as feature selection method enhanced the performance of the FastABOD method in delineating
geochemical anomalies related to hydrothermal mineralization. Finally, random forest regression identified key
elements such as Sb, Au, As, and Cu as significant in distinguishing geochemical signals from various mineral-
ization types.

Geochemical anomaly
Mineral occurrence

1. Introduction

Geochemical exploration often involves analyzing datasets with
numerous variables, making multivariable outlier detection methods
crucial for identifying anomalous patterns that may indicate mineral
deposits (e.g., Shahrestani et al., 2020). Outliers in geochemical data can
represent rare but significant geological features, providing valuable
insights for mineral prospectivity mapping (e.g., Chen et al., 2023; Wang
and Zuo, 2022; Shahrestani et al., 2020). An outlier is a data point that
significantly deviates from the typical pattern of the dataset. It does not
conform to the expected behavior of other points, making it an anomaly
(e.g., Hodge and Austin, 2004). The challenge of detecting outliers has
been approached through diverse methods, typically categorized into
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global and local models. Global models classify an object simply as an
outlier or not, offering a binary outcome. On the other hand, local
models compare data points to their neighbors within a localized region
of the dataset, providing a more nuanced measure called an “outlier
factor,” which rates each object based on its deviation from expected
norms. In applications where ranking the outliers in a database and
retrieving the top-n outliers is important, a local outlier approach is
clearly preferable (Kriegel et al., 2008). Based on the features that are
utilized, outlier identification methods can be classified into several
categories: statistical-based, distance-based, density-based, clustering-
based, graph-based, ensemble-based, and learning-based approaches
(Wang et al., 2019). For example, the core idea behind density-based
outlier detection methods is that outliers are typically found in sparse
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or low-density regions of the dataset, whereas inliers are situated in
densely populated areas (Breunig et al., 2000).

In the fields of geochemical anomaly detection and mineral pro-
spectivity mapping, a range of outlier detection methods has been
applied. These methods encompass one-class support vector machines
(OCSVMs) (Chen and Wu, 2017), isolation forest (iForest) (Chen and
Wu, 2019), and bat-optimized OCSVM (Chen et al., 2019), distance
anomaly factors (Chen et al., 2021a), k-nearest neighbor (Chen et al.,
2021b,c), DBSCAN (Hajihosseinlou et al., 2024a), OPTICS
(Hajihosseinlou et al., 2024b), and local outlier factor (LOF) (e.g.,
Shahrestani and Carranza, 2024; Puchhammer et al., 2024), deep
autoencoder networks (e.g., Esmaeiloghli et al., 2023) among others.
For instance, Chen et al. (2021c) concluded that the average method,
maximization method, average of maximum (AOM) method, and
maximum of average (MOA) method effectively enhance the robustness
of k-nearest neighbor (kNN)-based anomaly detectors for high-
dimensional geochemical data. The average method provides consis-
tent performance, the maximization method excels in detecting signifi-
cant anomalies, AOM balances these strengths, and MOA prioritizes
models with consistently higher scores. These ensemble approaches
outperform individual models including kNN, Gaussian mixture model
(GMM), OCSVM, and iForest, making them reliable tools for complex
geochemical anomaly detection. In another study, Shahrestani and
Carranza (2024) compared the effectiveness of OCSVM, LOF, and iForest
in delineating geochemical anomalies derived from different mineral
deposit types. The study revealed that the selection of different outlier
detection methods yields different geochemical anomaly patterns. For
instance, OCSVM was trained only based on normal data set and
demonstrated superiority in capturing Au and Cu mineralization.
Moreover, Puchhammer et al. (2024) applied LOF, REG (regularized
spatial detection technique), ROB (robust local outlier detection
method), and ssMRCD (spatially smoothed minimum regularized
covariance determinant) methods in geochemical anomaly detection for
mineral exploration. They concluded that each local outlier detection
method has distinct strengths and limitations in the context of mineral
exploration. The LOF method effectively identifies isolated outliers but
may miss anomalies in densely sampled areas with gradual changes,
such as mineralized zones. The REG and ROB methods can produce
different sets of outliers due to their internal workings and may struggle
in regions with significant geochemical variability. The ssMRCD method
is preferred for its ability to smoothly handle changes in covariance
across neighborhoods, making it more reliable for detecting
mineralization-related anomalies.

All outlier detection methods face various degrees of limitations.
Firstly, techniques like k-nearest neighbor, local outlier factor, one-class
support vector machines, and iforest struggle with the curse of dimen-
sionality, especially in high-dimensional data, constraining their appli-
cability to lower-dimensional datasets. The ‘curse of dimensionality’
(Bellman, 1966) refers to the exponential increase in complexity and
computational challenges as the number of dimensions or features in a
dataset grows. Consequently, as dimensionality increases, the relative
difference between the farthest and closest distances diminishes,
reducing the effectiveness of distance-based measures. Secondly, many
approaches require the selection and tuning of hyperparameters, such as
determining the number of clusters for clustering-based models, the
architecture of layers for neural network-based models, and the choices
of individual classifiers for ensemble models. However, this process can
be subjective and yield diverse results (e.g., Alimohammadi and Chen,
2022; Li et al., 2020). Despite these challenges, the main rationale for
utilizing angle-based anomaly detection is the acknowledgment that in
high-dimensional spaces, conventional concepts like distance, prox-
imity, and nearest neighbor lose their relevance as the number of di-
mensions rises (Aggarwal et al., 2001). This paper presents the
utilization of angle-based outlier detection, a local outlier detection
method, in a geochemical multivariate dataset to identify anomalies.
The method calculates the variance in angles between a sample point
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and all pairs of other points, providing a novel approach for anomaly
detection in high-dimensional geochemical data. The identified anom-
alies are then compared with those obtained through independent
component analysis (ICA). The study evaluates the effectiveness of these
geochemical anomalies in delineating mineralized zones, highlighting
the potential of angle-based outlier detection as a valuable tool in
geochemical exploration and mineral prospectivity mapping.

2. Materials and methods
2.1. Case study

The Alborz Magmatic Belt (AMB) in NW Iran is part of the Tethyan
Eurasian Metallogenic Belt, situated along the western and southern coast
of the Caspian Sea, bounded by the Eurasian Plate to the north and the
Arabian Plate to the south. Arc-related magmatism in the AMB initiated in
the Upper Jurassic and persisted intermittently until the Quaternary
(Alavi, 1991; Dilek et al., 2010; Shamanian and Hattori, 2021). The
western section of the AMB merges with the Urumieh-Dokhtar Magmatic
Belt (UDMB), termed as the Alborz-Azerbaijan Magmatic Belt (AAMB).
Within the AAMB lies the Ahar-Arasbaran Zone (AAZ), hosting Cenozoic
igneous rocks such as granodiorite, tonalite, monzonite, and quartz
monzonite, featuring a typical arc signature (Aghaei et al., 2023; Ghor-
bani, 2013). Magmatic events in the AAZ began during the Late Creta-
ceous-Paleocene period and continued with shoshonitic magmatism in
the Late Eocene-Oligocene epoch, with significant mineralization
occurring in the Late Oligocene and Early Miocene (Jamali et al., 2010).

The AAZ hosts diverse mineral deposits, including Cu-Mo porphyry
deposits, epithermal base and precious metal veins, porphyry-related Cu-
Mo-Au vein type deposits, intrusion-related gold deposits, and Fe-Cu
skarn deposits. Porphyry Cu deposits tend to form predominantly in is-
land and continental-arc settings like the UDMB. Exploration studies and
known mineral occurrences in the northern parts of the UDMB, especially
in the Varzaghan district, suggest considerable potential for porphyry Cu
deposits in Iran. The Varzaghan district, situated in the northern part of
the AAZ, comprises primarily I-type granitoids and monzonites formed
due to intense magmatic activity during the Eocene that continued into
the Oligocene-Miocene with the emplacement of large intrusions that
caused extensive alteration and locally economic mineralization (e.g.,
Aghaei et al., 2023; Kouhestani et al., 2018; Ghezelbash and Maghsoudi,
2018; Aghazadeh et al., 2015; Cooke et al., 2005).

The key lithologies in the study area include Cretaceous sedimentary
and volcanic units, located mainly in the northern Varzaghan district,
and Eocene-Oligocene volcanics like trachyandesite, andesitic basalt,
and porphyritic andesite (Fig. 1). Oligo-Miocene granodiorites to quartz-
monzonites intrude these formations. Plio-Quaternary andesitic and
basaltic rocks overlay the older magmatic units, primarily in the
southern region, whereas Quaternary alluvial deposits comprising
gravel, sand, and silty clay are widespread in river plains. The miner-
alization in the region is associated with intense hydrothermal alteration
linked to Oligo-Miocene intrusive rocks of calc-alkaline to alkaline
compositions (Jamali et al., 2010; Mehrpartou, 1993).

In the northern parts of Arasbaran, particularly in the Varzaghan
district, porphyry deposits exhibit geochemical signatures linked to Cu,
Au, Mo, and Bi mineralization (Jamali et al., 2010; Maghsoudi et al.,
2014). Notably, significant Cu skarn deposits surround the Oligoce-
ne-Miocene Ahar batholith, believed to have led to contact meta-
morphism, contact metasomatic mineralization, and skarn formation.
Cu skarn deposits in this zone are associated with I-type calc-alkaline
plutons with porphyritic textures displaying contact metamorphism
with an intrusive stock (Meinert, 1992; Moazzen and Modjarrad, 2005;
Mollai et al., 2009). Further details on various skarn mineralization
occurrences in the study area can be explored in Mollai et al. (2009);
Parsa et al. (2017), and Hassanpour (2013).
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Fig. 1. Simplified geological map of the study area based on Mehrpartou (1993).

2.2. Geochemical data

In 2007, the geological survey of Iran conducted a comprehensive
stream sediment survey in the Varzaghan area, collecting a total of 1067
sediment samples with the sampling density of 0.45 sample per km?
(Fig. 2). Each sample, weighing between 200 and 300 g, consisted pri-
marily of the <80 pm fraction. Subsequently, the chemical composition
of these samples was analyzed at Alborz Zarkavan Company by ICP-OES.
Additionally, the samples were subjected to specific analysis for Au
content using the Fire-Assay technique. The detection limits for trace
elements were at 0.01 ppm, except for As (0.1 ppm), Bi (0.2 ppm), Sb
(0.5 ppm), and Zn (50 ppm). The precision of the laboratory analysis was
assessed by examining the results of 30 pulp duplicate samples using the
quality control method outlined by Thompson and Howarth (1976). The
laboratory precision was better than 10 % for all elements included in
the analysis (Shahrestani et al., 2018).

2.3. Angle-based outlier detection (ABOD)

Angle-based outlier detection (ABOD) combines the analysis of dis-
tances and the directions of distance vectors to discern outliers from
typical data points (Kriegel et al., 2008). By examining the angular
differences between sets of distance vectors, i.e., the relative distances

from the point to its neighbors, this method effectively distinguishes
standard observations from anomalies, maintaining its utility across
varying dimensional spaces. To illustrate the principles of the ABOD
method, a two-dimensional case including Cu and Mo values of 100
samples were randomly chosen from the geochemical dataset of the
study area. Triangles were formed by groups of three samples, and the
angles between the vectors forming the triangle sides were computed.
Within each cluster of points, the angles between different vectors
showed a wide range of variation (Fig. 3). However, the histogram of
angles revealed that for samples located on the periphery of a cluster, the
variability in angles was noticeably reduced. In other words, a point is
considered to be within a cluster if the spectrum of angles observed
around it is wide, indicating that the point is surrounded by other points
in various directions. In contrast, a point is likely positioned outside a
cluster if the spectrum of observed angles around it is small, indicating
that other points are located predominantly in specific directions.

The angle-based outlier factor (ABOF) for an object in the database T
is calculated by computing the dot product of the difference vectors for
each triplet of points. For any given query point Ain T, all pairs (f, D
from the remaining points in T, excluding Z, are considered. This
computed dot product is then normalized by the product of the lengths

of the difference vectors. By using this normalization scheme, the in-
fluence of angles between vectors that point from the query point is
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reduced if the corresponding points are far from the query point.
Through this weighting factor, the impact of distance on the value is
considered, albeit to a lesser extent. However, this weighting of the
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varies more significantly with a greater distance (Kriegel et al., 2008).
The variation in this value across all pairs of points relative to the query

point A defines the ABOF of A:
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where (AB, AC) denotes the dot product of vectors AB and AC, and ||
AB|| and ||AC|| represent the lengths of the respective vectors. In the
ABOD method, the point with the highest rank stands out as the most
extreme outlier. Following this, border points of the cluster are assigned
ranks, with the lowest ranks reserved for the inner points of the cluster.
ABOD achieves this by emphasizing the variance of angles as its primary
criterion, with distance serving as a weighting factor. This methodology
allows ABOD to efficiently detect outliers, even in datasets with high
dimensions. Many outlier detection models require the user to specify
parameters crucial to outcome of the approach. For unsupervised ap-
proaches, such requirements are always a drawback. Thus, a big
advantage of ABOD is being completely free of parameters (Kriegel
et al., 2008).

However, a drawback of the ABOD method is its time-consuming
nature (order of O(n3)), particularly due to the calculation of angles
among all data points. Presented as an alternative to the original ABOD,
the FastABOD approximation algorithm (Kriegel et al., 2008) utilizes k
neighboring points with the highest weight in the variance calculation.
This approach suggests that employing nearest neighbors could lead to a
more accurate approximation, particularly in datasets with low dimen-
sionality where distance carries more significance.

3. Results and discussion
3.1. Preprocessing

Geochemical dataset underwent a centered log-ratio transformation
to address the constraints associated with compositional data
(Aitchison, 1986). In the context of geochemical exploration of mineral
deposits, two factors may influence the performance of outlier detection
methods. The first factor is the selection of geochemical elements used in
the outlier detection process, specifically those elements that provide
information about the geochemical halo in the surficial dispersion from
anomalous sources. The second factor is the size of the input feature
space. For some outlier detection methods, such as distance-based or
density-based methods, adding new dimensions can reduce efficiency
due to the curse of dimensionality. Considering these factors, along with
the time complexity of the ABOD method, two subsets of geochemical
variables were chosen for this research. The first dataset comprised all
analyzed trace and minor elements, including Ag, As, Au, B, Ba, Be, Bi,
Cd, Ce, Co, Cr, Cu, Eu, Ga, Hf, Hg, Li, Mn, Mo, Nb, Ni, P, Pb, Sb, Sc, Sm,
Sn, Th, Ti, V, Zn, and Zr. The second subset included only elemental
commodities and key pathfinders, such as Ag, As, Au, Bi, Cu, Mo, Pb, Sb,
and Zn. For instance, porphyry deposits have generated geochemical
signatures of Cu, Au, Mo, and Bi, which are genetically, spatially, and
temporally associated with intrusive rocks (Jamali et al., 2010; Magh-
soudi et al., 2014). The decision to compare outlier detection perfor-
mance using both the full set of elements and a selective subset of
elemental commodities and key pathfinders was motivated by two key
factors: evaluation of dimensionality sensitivity and model flexibility to
adding new dimensions. By using the full set of elements, we aimed to
assess how the methods respond to an expanded feature space, which
includes additional trace elements that may sometimes explain the
variability of dispersion halos around a mineral deposit. This allowed us
to test the sensitivity of the methods to higher dimensionality and
evaluate whether the inclusion of these elements influences the detec-
tion of geochemical anomalies. The second goal was to explore the
flexibility of the methods in accommodating new dimensions, ensuring
that they can adapt to variations in input variables without compro-
mising their performance. This dual approach provides a more
comprehensive understanding of the robustness of the methods across
different geochemical scenarios, especially in cases where the full
geochemical signature is not limited to traditionally recognized path-
finder elements.

Journal of Geochemical Exploration 269 (2025) 107635

3.2. ABOD and FastABOD

Both the original ABOD and FastABOD methods were employed on
the two geochemical datasets. The outlier scores generated by ABOD and
FastABOD were then interpolated using the inverse distance weighting
(IDW) method, utilizing six neighboring samples. In regional-scale
geochemical exploration, the sample catchment basin approach, which
considers the upstream catchments as the zone of influence for stream
sediment samples, has been shown to be superior to interpolation
methods. However, research findings (e.g., Carranza, 2010; Shahrestani
et al., 2019) comparing the continuous and discrete viewpoints of
stream sediment samples suggest that IDW method can also identify
geochemical anomalies that are often valid and spatially correlated with
known mineral deposits.

Fig. 4 displays the anomaly maps generated by applying the ABOD
method using all elements and primary commodity elements, comparing
the original ABOD algorithm with its approximation, FastABOD. To
classify the anomaly maps, thresholds were selected based on the 1st,
2nd, 3rd, and 4th quantiles. When examining the patterns of
geochemical anomalies from the four ABOD implementations, the
scatter plots of anomaly scores for ABOD_All, ABOD_Selective, FastA-
BOD_All, and FastABOD _Selective (Fig. 5) indicate that both ABOD and
FastABOD produce similar scores when only a subset of elements is used.
However, significant discrepancies arise when ABOD and FastABOD are
applied to all 32 elements, highlighting the influence of considering only
the k nearest neighbors. As the number of input variables decreases, the
difference between ABOD and FastABOD scores diminishes. In other
words, with fewer geochemical variables, ABOD and FastABOD produce
more similar anomaly scores compared to when they are applied to a
high-dimensional feature space with many geochemical variables.

To evaluate the effectiveness of four different implementations of the
ABOD method for comparing four geochemical anomalies (ABOD_All,
ABOD selective, FastABOD_All, and FastABOD_Selective), a different
procedure was utilized (Table 1). The procedure involved determining
the number of mineral occurrences within each class. The process began
with calculating the number of pixels in each quantile (Qi, where i = [1,
4]1) using ArcGIS. Subsequently, known deposits within each Qi were
identified. The quartile threshold values were chosen to ensure that all
four classes had approximately similar areas, enhancing the contribu-
tion of detected known occurrences in each Qi. Using quantiles to map
geochemical anomalies offers advantage especially when dealing with
outlier scores from different methods with varying distributions.
Quantiles divide the data into equal parts based on ranking rather than
absolute values, making them independent of the underlying distribu-
tion. This ensures that each quartile contains a consistent proportion of
the data, regardless of whether the scores follow a normal, skewed, or
multimodal distribution (e.g., Liu et al., 2024; Wang and Zuo, 2022).
The score assigned to each class was based on the proportion of detected
known deposits relative to the area of that class. Two benchmark values
were considered for comparison: the ratio of the number of delineated
mineral occurrences to the area of class Q4 and the merged values of Q3
and Q4 classes. In terms of effectiveness in delineating known mineral
occurrences, ABOD _Selective ranked highest when considering only Q4,
capturing around 61 % of all known occurrences in the highest score
class. On the other hand, FastABOD_Selective showed superior anomaly
delineation performance when considering integrated Q3 and Q4 clas-
ses. Moreover, it was observed that when focusing on limited main
element commodities, ABOD anomaly classes more effectively delin-
eated known mineral occurrences compared to considering all elements.
This difference may be due to the influence of additional elements
affected by factors unrelated to mineralization. For example, lithological
variations play a significant role in elemental distribution, potentially
reducing the efficacy of anomaly detection methods in highlighting
mineralization-related geochemical signals. In multivariate anomaly
delineation using angle-based outlier detection with a limited number of
variables, despite the time-consuming nature of the original ABOD
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method, it is recommended to use ABOD over the FastABOD approach
(Kriegel et al., 2008).

Comparing the four anomaly maps can also be done using receiver
operating characteristic (ROC) curves (Fawcett, 2006). ROC curves
illustrate the balance between the true positive rate (TPR) and the false
positive rate (FPR) at different decision thresholds. The top left corner of
the ROC space corresponds to an ideal classifier with coordinates (0,1).
The area under the ROC curve provides a comprehensive evaluation of
performance across all threshold settings, making it a crucial metric for
assessing the effectiveness of geochemical anomaly detection models.
Constructing ROC curves necessitates labeled data. In the context of
unsupervised anomaly detection in geochemical exploration, the posi-
tions of known mineral deposits can serve as labeled data. In the current
geochemical survey, stream sediment analysis was followed by an
anomaly verification stage involving the examination of rock samples
from the study area. The identified mineralized samples, along with the
locations of known mineral occurrences, can be used to create ROC
curves - one for known mineral deposits and another for mineralized
samples. Positive samples in each dataset correspond to pixels where
known deposits and mineralized samples were identified, while negative
samples were randomly selected from the study area. These negative
samples serve as a baseline for evaluating the performance of an

anomaly detection method. The comparison between true positives and
randomly selected false positives helps in assessing how effectively the
method distinguishes mineral deposits from random noise. These posi-
tive and negative scores were then leveraged to generate ROC curves for
each detection method. Fig. 6 displays the ROC curves for each anomaly
detection method based on the datasets of known deposits and miner-
alized samples. When using known mineral occurrences as labeled data,
similar performance is observed across the four approaches, with
slightly better performance noted in FastABOD_All and ABOD_Selective.
On the other hand, when using mineralized samples as the labeled data,
a notable distinction is evident, highlighting the superiority of the se-
lective approach over considering all trace and minor elements. This
reaffirms the effectiveness of the selective approach in prediction-area
analysis (Table 1).

3.3. Feature importance

To delve deeper into the anomaly scores produced by the four vari-
ations of ABOD, an evaluation of the impact of each clr-transformed
elemental value on the anomaly scores was conducted using random
forest regression. The analysis employed a forest consisting of 100 trees,
each with 2 splits, and a fixed random state of 42 to ensure
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Table 1
Comparing the effectiveness of ABOD_All, ABOD_Selective, FastABOD_All, and FastABOD_Selective in identifying known mineral occurrences in the study area.
Method A B C D E F G
ABOD_All Q1 19,394 4 12.12 25.11 0.48
Q2 19,556 6 18.18 25.32 0.72
Q3 19,262 8 24.24 24.94 0.97
Q4 19,032 15 45.45 24.64 1.84* 2.81%*
ABOD Selective Q1 19,584 3 9.09 25.35 0.36
Q2 19,826 5 15.15 25.67 0.59
Q3 19,170 5 15.15 24.82 0.61
Q4 18,664 20 60.61 24.16 2.51* 3.12%
FastABOD_All Q1 19,405 3 9.09 25.12 0.36
Q2 19,283 5 15.15 24.96 0.61
Q3 20,351 9 27.27 26.35 1.04
Q4 18,205 16 48.48 23.57 2.06* 3.10%*
FastABOD_Selective Q1 19,714 5 15.15 25.52 0.59
Q2 20,092 2 6.06 26.01 0.23
Q3 18,934 10 30.30 24.51 1.24
Q4 18,504 16 48.48 23.96 2.02% 3.26%*

A: Threshold, B: Number of pixels in each class, C: Number of deposits in each class, D: Relative number of occurrences (%) in each class, E: Relative area (%) of each
class, F: D/E, G: Sum of D/E values in Q3 and Q4 classes.* and ** denote area-prediction efficiency indices in Q4 and (Q3+Q4) classes, respectively.

reproducibility. In the case of ABOD_All (Fig. 7), the contributions of Sb,
Th, Be, Nb, Li, As, and Au were notably highlighted. These associations
can be partially attributed to hydrothermal mineralization processes in
the study area. For FastABOD_All (Fig. 7), the analysis emphasized the
contributions of Ni, Th, Hf, Cr, Eu, Li, Sm, and Be. These elements (e.g.,
Ni and Cr) suggest that the FastABOD_All scores may be influenced by
lithology. The random forest analysis revealed similar element contri-
butions in the anomaly scores of ABOD Selective and FastABOD Se-
lective. In both cases, the contributions of Sb, Au, and As were
prominently highlighted. However, in addition to Sb, Cu played a
dominant role in the FastABOD _Selective scores. This could be one of the
reasons why the FastABOD Selective approach is preferred for delin-
eating geochemical signals from both copper-rich mineralization types
like porphyry and skarn copper deposits, as well as hydrothermal

mineralization in the study area.

3.4. ABOD, PCA, and ICA

Another approach for examining the effectiveness of the ABOD
method in delineating geochemical anomalies is to compare the ABOD
anomaly maps with dimension reduction methods that highlight the
main geochemical patterns. In this paper, independent component
analysis (ICA) is applied, building on the complementary work con-
ducted by Iwamori and Albarede (2008), Iwamori et al. (2010), Yu et al.
(2007, 2012), Zhang et al. (2007), Liu et al. (2014), Yang and Cheng
(2015 a, b) and Shahrestani et al. (2024) where ICA was used for
geochemical interpretations. ICA was selected as a benchmark in this
study due to its ability to extract statistically independent sources from
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multivariate geochemical data, which is crucial for exploring
geochemical anomalies (Shahrestani et al., 2024). ICA uses higher-order
statistics, such as kurtosis, to identify non-Gaussian independent com-
ponents, making it particularly suitable for geochemical datasets where
different processes—like mineralization, weathering, and hydrothermal
alteration—contribute overlapping signatures. In geochemical explora-
tion, the assumption of statistical independence allows ICA to better
distinguish between multiple geochemical sources, revealing hidden
structures that represent distinct geochemical processes. In this study,

ICA identified components highlighting elements such as As, Sb, Au, Cu,
and Mo, which are key indicators of mineralization in the study area.
This ability to isolate independent geochemical signals offers a more
detailed interpretation of the variability in geochemical halos, as ICA
captures the contributions of specific processes to the observed anom-
alies. When compared to ABOD, which identifies outliers based on
variations in local density within high-dimensional space, ICA offers a
complementary approach. While ABOD detects anomalous points by
analyzing geometric deviations, ICA isolates the underlying
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independent sources of geochemical variability. The comparison be-
tween ICA and ABOD is technically justified because both methods
provide distinct yet complementary perspectives on anomaly detection:
ABOD focuses on identifying outliers based on the spatial distribution of
points, whereas ICA uncovers independent geochemical patterns that
may reflect key geological processes. In the context of geochemical
exploration, where multiple independent sources contribute to observed
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variability, ICA serves as an effective benchmark, helping to assess how
well ABOD captures anomalies related to these independent processes.
The mathematical presentation of ICA can be found in the aforemen-
tioned references. ICA also surpasses PCA by focusing on statistically
independent and non-Gaussian components rather than just maximizing
variance. ICA uses higher-order statistics like kurtosis to measure non-
Gaussianity and independence, capturing complex dependencies that
PCA overlooks. This allows ICA to reveal underlying structures and
sources in the data more effectively. Unlike PCA, which assumes line-
arity and decorrelation, ICA identifies components that are truly inde-
pendent, providing more accurate and interpretable results for complex
datasets with non-linear relationships (e.g., Shahrestani et al., 2024;
Yang and Cheng, 2015). In this study, the FastICA algorithm was per-
formed using parameters recommended by Hyvarinen (1999), including
the application of the tanh function and symmetric decorrelation. To
maximize the contrast between the information provided by each in-
dependent component, five ICs were selected, although there is no
limitation on selecting up to nine ICs. Table 2 presents the loadings of
elements in each of the five ICs. IC1 highlights the contribution of As and
Sb. In IC2, Au, Cu, and Mo are indicated, which can be considered
influential factors in delineating mineralization in the study area. No
element shows high loadings in IC3, and this is also the case for IC4,
except for Pb, which shows a high loading. As, Au, and Sb show high
loadings in IC5, making it a good component for delineating Au-bearing
mineralization in the study area.

Fig. 8 displays the interpolated maps for the scores of five ICs. As
indicated by the loadings, a clear alignment is observed between known
mineral occurrences and the anomaly maps for IC2 and IC5. To assess
the effectiveness of ICA in detecting mineralization-related anomalies,
an ROC curve analysis was conducted using the five ICs and two higher-
performing ABOD methods: ABOD_Selective and FastABOD_Selective.
Among all ICs, IC2 shows a performance comparable to these ABOD
variants, as evidenced by the area under curve values: IC2 (0.72),
ABOD Selective (0.71), and FastABOD _Selective (0.70). Further com-
parison between IC2, IC5, ABOD Selective, and FastABOD_Selective can
be made using mineralized samples as label data (Fig. 9). Similar to the
case with mineral occurrence, the IC2 score map provides superior
performance in highlighting known mineralized zones (Fig. 10). IC5 also
effectively delineates mineralized areas.

In Table 3, the overall effectiveness of the ABOD method in delin-
eating geochemical anomalies across all three mineralization types is
compared and contrasted. However, based on the classified geochemical
anomaly maps (Fig. 4), the efficiency of ABOD varies among the por-
phyry, hydrothermal, and skarn mineral occurrences. ABOD_Selective,
identified as the best outlier detection variant, successfully places 76 %
and 70 % of skarn, porphyry mineral occurrences in the Q4 anomaly
class, respectively. Notably, ABOD struggled to delineate geochemical
anomalies associated with hydrothermal deposits (16 %). This may be
due to the smaller geochemical halos around these deposits relative to
porphyry or skarn deposits, given the sampling density of the
geochemical survey, or the complexity of the geochemical associations
between elemental variables that the ABOD approach could not effec-
tively capture. To improve the efficiency of ABOD in identifying

Table 2
ICA loadings of geochemical variables on five ICs emerging from ICA.
IC1 1Cc2 1C3 IC4 IC5

As 0.463 0.166 —0.568 —0.075 0.207
Au —0.034 0.430 —0.011 —0.051 0.756
Bi 0.033 0.285 0.032 —0.088 0.011
Cu —0.056 0.423 0.012 —0.075 0.021
Mo —0.074 0.603 —0.081 —0.115 —0.062
Pb 0.018 0.277 —0.056 0.848 0.047
Sb 0.594 0.234 —0.015 —0.073 0.176
Zn 0.010 —0.037 0.045 —0.066 —0.049

Bold values indicate elements with high loading values in each IC.
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geochemical anomalies, PCA was performed on the entire dataset,
leading to the selection of eight principal components based on the scree
plot (not displayed here). FastABOD was then applied to this new feature
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space, with the resulting outlier scores from FastABOD_PCA illustrated
in Fig. 11 The effectiveness of the FastABOD_PCA method in detecting
geochemical anomalies is compared to other methods in Table 3. This
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Table 3

Efficiency of IC2, IC5, ABOD _Selective, and FastABOD_Selective methods within
the Q4 class of score maps in delineating skarn, porphyry, and hydrothermal
mineral occurrences.

IC2 IC5
Deposit type Number of % (out of ~ Number of % (out of
deposits in Q4 19) deposits in Q4 10)
Skarn 7 (17) 37 7Q17) 70
Porphyry 9 (10) 47 2 (10) 20
Hydrothermal 3(6) 16 1(6) 10
Total (out of 19 58 10 31
33)
ABOD_Selective FastABOD _Selective
Deposit type Number of % (out of ~ Number of % (out of
deposits in Q4 20) deposits in Q4 16)
Skarn 11 (17) 55 8(17) 50
Porphyry 7 (10) 35 6 (10) 38
Hydrothermal 2(6) 10 2 (6) 13
Total (out of 20 61 16 49
33)
FastABOD_PCA
Deposit type Number of deposits in Q4 % (out of 25)
Skarn 13 (17) 52
Porphyry 7 (10) 40
Hydrothermal 5 (6) 20
Total (out of 33) 25 76

Journal of Geochemical Exploration 269 (2025) 107635

approach successfully delineated the majority of mineral deposits,
achieving a significant improvement in detecting hydrothermal occur-
rences when both unsupervised feature selection techniques were
applied concurrently. The FastABOD_PCA anomaly map indicated that
76 % of the mineral deposits were identified in Q4, representing the
highest efficiency among the various methods employed.

Based on the loadings from ICA, Mo is the most influential element
for the anomaly score in IC2, followed by Cu and Au. In IC5, Au has a
substantial impact on the component score, whereas As and Sb
contribute relatively less. This sparked interest in determining whether
the IC2 and IC5 score maps could differentiate between various types of
mineral occurrences in the research area. Subsequently, the number of
skarn, porphyry, and hydrothermal mineral occurrences within the Q4
class of the IC2, IC5, ABOD_Selective, and FastABOD_ Selective score
maps were tabulated (Table 3). Among these maps, 19, 10, 20, and 16
known mineral occurrences fell into the Q4 classes of the IC2, IC5,
ABOD _Selective, and FastABOD _Selective maps, respectively. The per-
centage of each mineralization type among all known occurrences in the
Q4 class was also calculated. A similar pattern was observed in the
relative percentages of delineated skarn, porphyry, and hydrothermal
deposits in the ABOD_Selective and FastABOD_Selective maps. However,
distinctive characteristics were noted in the IC2 and IC5 maps. IC2
effectively outlined porphyry Cu-Mo deposits, whereas IC5 highlighted
skarn mineralization efficiently. This illustrates the strength of ICA,
where each IC can spotlight unique geochemical patterns compared to
other ICs. A combined consideration of effective ICs, such as IC2 and IC5
in this case, can improve the chances of identifying more mineralized
zones within a study area.

To achieve a better understanding of the efficiency of IC2 and IC5
and ABOD methods in outlining the sources of mineralization, miner-
alized samples significantly enriched in Cu and Au are selected. Separate
ROC analyses are conducted to confirm the role of the relative loading of
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Fig. 11. Anomaly map of FastABOD_PCA scores classified based on quartile.
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Fig. 12. Receiver operating characteristic (ROC) curves of ABOD_Selective approach and IC2 and IC5 anomaly maps based on the mineralized samples significantly

enriched in Au (left) and Cu (right).

Cu and Au in the anomaly scores (Fig. 12). Despite fewer known mineral
occurrences being delineated in the Q4 anomaly class by the IC5 score
map, it is very effective in outlining Au-bearing mineralized zones, as
evidenced by delivering comparable area under curve values to ABOD
and IC2 maps. The sensitivity of IC2 scores to Cu values can be observed
in Fig. 12. The superiority of the IC2 score map in highlighting miner-
alized zones enriched in Cu is approved by ROC. However, a relatively
balanced successfulness in delineating Au and Cu-bearing zones is dis-
played by the ABOD method, signifying that if there are diverse sources
of mineralization enriched by different element commodities, the ABOD
method can identify them.
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3.5. ABOD and other outlier detection methods

To assess the effectiveness of ABOD in geochemical anomaly detec-
tion, a comparative study is conducted between ABOD and other outlier
detection methods, including LOF, kNN, and the isolation-based nearest
neighbor ensemble (iNNE), all of which focus on identifying local out-
liers. Fig. 13 presents the geochemical anomaly maps produced by the
four outlier detection methods. As expected, LOF demonstrates a
different spatial distribution of geochemical anomalies due to its basis
on contrasting the local density of the target sample with the local
densities of its neighbors. The other three methods, including kNN,



S. Shahrestani and I. Sanislay

5

Mineral Occurrence
g- - 4 Hydrothermal

¢ Porphyry

® Skarn

+ + Mineralized Sample
LOF Anomaly Map
Quantile

| EmQl

Q2

0Q3

| Q4

4280000 4290000 4300000

4270000

640000 650000
UTM Zone 38- WGS 1984

4320000

Mineral Occurrence
r 4 Hydrothermal
¢ Porphyry

4310000

r + Mineralized Sample
iNNE Anomaly Map

4300000

L mm Q1
mQ2

4290000

L Q4

4280000

4270000

@

v !
R
0 5 10

km

640000 650000 y 670000

630000 y 660000
UTM Zone 38- WGS 1984

Journal of Geochemical Exploration 269 (2025) 107635

H
2

Mineral Occurrence
g- r 4 Hydrothermal

+ Porphyry

® Skarn

4300000

- + Mineralized Sample
kNN Anomaly Map
Quantile

| mmQl

Q2

Q3

| Q4

4280000 4290000

4270000

650000 660000
UTM Zone 38- WGS 1984

4320000

4310000

® Skarn g
Quantile g

Q3 g

Mineral Occurrence

- 4 Hydrothermal

¢ Porphyry

® Skarn

- + Mineralized Sample
FastABOD_Selective Anomaly Map
Quantile

| EEQI

Q2

/1Q3

L HHQ4

650000 y
UTM Zone 38- WGS 1984

Fig. 13. Anomaly maps displaying interpolated outlier scores from LOF, kNN, iNNE, and FastABOD _Selective, classified according to quartiles.

iNNE, and FastABOD, which apply discrimination criteria based on a
specific number of neighboring samples (distance, isolation, and angle-
distance), show relatively similar spatial distributions of geochemical
anomalies. ROC curves using mineral occurrences and mineralized
samples as validation points are constructed to compare the efficiency of
the four anomaly maps. In both cases, there is no considerable difference
in the area under the curve values among the four methods, although the
FastABOD algorithm demonstrates a slight superiority, particularly
when mineralized samples are considered as validation points (Fig. 14).
This result indicates that, despite ABOD utilizing a straightforward cri-
terion—namely, the variance of angles between samples as vectors in
feature space—it remains effective for geochemical anomaly detection.

Considering the two different geochemical data subsets with 9 and
32 dimensions, ABOD proves effective in detecting anomalies by
leveraging the angles between data points, which provides a more
robust attribute than distance and density alone. This makes ABOD
suitable for complex geochemical datasets with multiple variables. Its
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ability to work without the need for specific parameter tuning or a
training phase simplifies its application and reduces the risk of user-
induced bias. The FastABOD variant further enhances outlier detection
by limiting the local region of the target point, offering a balanced
approach. While ABOD excels in identifying mineralization-related
anomalies and is less susceptible to dimensionality issues compared to
methods like LOF, it is computationally expensive for large datasets due
to the need to calculate angles between all pairs of points. Thus, Fas-
tABOD stands out as a strong candidate for analyzing high-dimensional
multivariate geochemical datasets. In scenarios with high-dimensional
data, angle-based approach of ABOD can outperform density-based
methods like LOF, which may struggle with the curse of dimension-
ality. The advantage of ABOD lies in its parameter-free approach,
making it preferable over methods such as LOF and iForest, which
require meticulous parameter tuning. However, for very large datasets,
the computational complexity of ABOD might be a drawback, making
computationally efficient methods like iForest more suitable.
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Fig. 14. Receiver operating characteristic (ROC) curves evaluating the efficiency of LOF, kNN, iNNE, and FastABOD _Selective in identifying geochemical anomalies
related to mineralization in the study area (up: Mineral occurrences and down: Mineralized samples).

Considering the two different geochemical data subsets with 9 and
32 dimensions, ABOD effectively detects geochemical anomalies in
high-dimensional data by considering a more robust attribute (i.e., the
angles between data points) than distance and density, which makes it
suitable for complex geochemical datasets with multiple variables.
Accordingly, considering only the angle and distance, ABOD does not
require the tuning of specific parameters or a training phase, simplifying
its application and reducing the risk of user-induced bias in geochemical
data analysis. Additionally, a potential characteristic of ABOD in
limiting the local region of the target point (FastABOD) offering a
balanced approach to outlier detection. In this research, although nine
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variables including main elemental commodities and their pathfinder
are incorporated in both ABOD and its fast version, the approach
effectively delineates mineralization-related geochemical anomalies.
However, the original version of ABOD is computationally expensive,
especially for large datasets, as it requires calculating the angles be-
tween all pairs of points, which can limit its scalability and speed.

4. Conclusions

1. The research demonstrates that the angle-based outlier detection
(ABOD) method, particularly when focusing on key elemental



S. Shahrestani and I. Sanislay

commodities and pathfinders, proves to be effective in detecting
anomalies in high-dimensional geochemical datasets. Selective sub-
sets of variables lead to more accurate anomaly detection compared
to using all trace and minor elements, emphasizing the importance of
dimensionality reduction for successful anomaly identification.
Consequently, ABOD_Selective demonstrated a high success rate in
detecting known mineral deposits, with 76 % of skarn and 70 % of
porphyry occurrences classified in the highest anomaly category.

2. The research demonstrates the effectiveness of independent
component analysis (ICA), particularly IC2 and IC5, in delineating
porphyry Cu-Mo deposits and skarn mineralization, respectively.
This comparative analysis offers valuable insights into the comple-
mentary nature of ICA and ABOD in identifying mineralization
sources enriched in elements such as Cu and Au.

3. The comparison of LOF, kNN, iNNE, and ABOD indicates that LOF
presents distinct anomaly distributions due to its local density
approach, while kNN, iNNE, and FastABOD produce similar maps
based on distance and angle-based methods. ROC analysis reveals
that FastABOD has a slight advantage in performance, particularly in
detecting mineralized samples.

4. The study underscores the advantages of ABOD in detecting outliers
in high-dimensional data, emphasizing its insensitivity to data scale
and ability to capture local outliers. However, limitations such as
computational complexity, sensitivity to noise, and potential false
positives must be considered when utilizing the method in mineral
exploration studies.
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