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Mineral prospectivity mapping (MPM) plays a vital role in locating potential mineral resources and
informing exploration planning. Although data-driven machine learning (ML) techniques have demon-
strated effectiveness in handling complex geological patterns, they often depend purely on statistical
dependencies, ignoring the underlying causal mechanisms responsible for mineralization. This shortcom-
ing can introduce spurious links and reduce the robustness of the model. In this study, we introduce a
new causal-aware artificial intelligence (CausalAl) framework tailored for MPM, which incorporates both
traditional metallogenic features and their causal interdependencies as input data. Firstly, we propose the
Spatial Granger Causality (SGC) model to evaluate the causal relations between geochemical elements,
drawing inspiration from the principles of geostatistics and the Granger causality. Secondly, we design
a causal-aware feature extractor (Causactor) to mitigate spurious correlations between predictor vari-
ables and predicted responses, facilitating causal feature extraction. Finally, causal-guided ML methods
are developed to predict mineralization and classify mineral resource types. A case study in the northern
Cu-polymetallic metallogenic belt of the Sanjiang region, southwestern China, demonstrates the high
performance of our framework for MPM. Overall, the development of the proposed CausalAl framework
effectively integrates causal relations throughout the modeling process, promoting the synergy between

causal inference and Earth sciences.
© 2026 China University of Geosciences (Beijing) and Peking University. Published by Elsevier B.V. on
behalf of China University of Geosciences (Beijing). This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

standing of geological backgrounds (Sun et al., 2019; Wang et al.,
2024b). However, these methods often rely heavily on expert judg-

Mineral prospectivity mapping (MPM) is an indispensable
geospatial tool for delineating and prioritizing areas with a high
potential for mineral deposits (Li et al., 2023b). As such, the devel-
opment of innovative approaches capable of reliably forecasting
and analyzing mineralization behaviour in regions exhibiting
strong potential is of paramount importance (Wang et al., 2024Db).

The methodologies underpinning MPM are derived from two
principal strands of geoscience: knowledge- and data-driven
approaches (Carranza et al, 2008ab; Zuo and Xu, 2023).
Knowledge-driven methods, which emphasize the metallogenic
background and mineralization rules, are particularly effective in
greenfield or district-scale regions. Expert knowledge is vital in
these contexts, guiding exploration efforts with a nuanced under-
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ment and prior knowledge, which can introduce a degree of subjec-
tivity and may not fully capture the geological structures and
mineralization rules in poorly understood or underexplored
regions.

The advancement of data science has ushered in what is known
as the fourth paradigm of data-intensive science (Peters-Lidard
et al., 2017). Emerging data-driven methods have become a signif-
icant trend, yielding numerous breakthroughs in MPM (Agterberg,
2011). Machine learning (ML) is at the core of these advancements,
a branch of artificial intelligence (AI) that equips computers to
model complex, hidden relationships. These methods, including
logistic regression (LR), support machine vector (SVM),random for-
est (RF), artificial neural network (ANN), and other deep learning
methods, are adept at analyzing the complex interplay between
known mineral deposits and prospecting data (Li et al., 2023b;
Liu et al.,, 2023; Lauzon and Gloaguen, 2024; Yang et al., 2024).
Among these methods, ensemble learning algorithms such as RF,

1674-9871/© 2026 China University of Geosciences (Beijing) and Peking University. Published by Elsevier B.V. on behalf of China University of Geosciences (Beijing).
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).


http://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.1016/j.gsf.2026.102248
http://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:cugb_zzt@163.com
mailto:3s@cugb.edu.cn
mailto:jfjhtb@163.com
https://doi.org/10.1016/j.gsf.2026.102248
http://www.sciencedirect.com/science/journal/16749871
https://www.elsevier.com/locate/gsf
http://crossmark.crossref.org/dialog/?doi=10.1016/j.gsf.2026.102248&domain=pdf

Z. Zhang, ]. Chen and F. Jiang

extreme gradient boosting (XGBoost) (Yu et al., 2024), and
LightGBM (LGBM) (Li et al., 2023a), alongside deep learning (DL)
methods, are popular. Ensemble learning algorithms are favoured
for their strong stability and generalization capabilities, achieved
by harnessing the wisdom of crowds. Deep learning methods excel
in modelling abstract, non-linear spatial associations between geo-
logical factors and mineral deposits.

Recent research has introduced DL methods into MPM, benefit-
ing from their superior feature extraction capabilities, such as con-
volutional neural networks (CNNs), long short-term memory
networks (LSTMs), and transformers. However, the black box nat-
ure of DL often results in a lack of confidence among exploration
geoscientists regarding the applicability of these methods, and
the extensive data requirements limit their widespread use in
MPM (Hronsky and Kreuzer, 2019; Mou et al., 2023). Fundamen-
tally, data-driven methods aim to model the inter-correlations
between geological factors (predictor variables) and known min-
eral deposits (predicted responses), converting prospecting big
data into mappable criteria and integrating these into comprehen-
sive mineral potential maps (Zuo, 2020). Although the correlations
here may suggest an underlying causal relationship, they are insuf-
ficient for establishing causality. Here, a causal relationship means
that certain geological factors actively contribute to the mineral-
ization process rather than merely co-varying with it. Correlation
indicates a synchronous increase or decrease trend in variable
changes, whereas a causal relationship is more stringent, requiring
directionality and strength (Altman and Krzywinski, 2015; Yao
et al., 2021). In other words, the core distinction between causal
and correlational inference lies in that the former examines how
effect variables respond to a change in the cause (Pearl, 2009;
Wang et al., 2024a).

Recent reviews of causal inference frameworks and their appli-
cations in Earth system sciences underscore their transformative
potential (Ebert-Uphoff and Deng, 2017; Pérez-Suay and Camps-
Valls, 2018; Runge et al., 2019). Furthermore, Delforge et al.
(2022) demonstrated the efficacy of causal inference methods
(CIMs) in identifying hydrological connections from time series
data, showcasing that multivariate nonlinear CIMs are particularly
potent in discerning complex geoscientific relationships. Specific
applications of causal inference also include attributing specific cli-
matic events such as volcanic eruptions (Wilson and Russell, 2020),
determining the causes of extreme weather events like hurricanes,
droughts, and floods (Perkins-Kirkpatrick et al., 2022), and provid-
ing new insights into the selection of geochemical pathfinder ele-
ments via causal discovery algorithm (Luo and Zuo, 2025),
among others.

In MPM, geoscientists diligently explore the relationships
between mineralization and various geological factors, using geo-
logical reasoning supported by observation and experimentation,
driven by the quest for causal relationships. Moving from mining
correlations to uncovering causal relationships marks a pivotal
advancement in mineral exploration. Rapid progress in causal
inference and Al communities has sparked significant growth,
merging these fields into a robust and expanding domain (Cui
and Athey, 2022; Brand et al., 2023). The geological prospecting
data used in MPM typically consist of observational data. Causal
inferences are often drawn from such data in the absence of exper-
imental control and without reliance on underlying mechanistic
explanations. In such cases, Granger (1969) introduced a definition
of causality in which the past values of a time series y, are evalu-
ated based on how effectively they can predict the future values
of another series x;. In his seminal paper, Granger defined y to be
causal for x. This framework is founded on the notion that pre-
dictability implies causality, a principle now referred to as Granger
causality (Shojaie and Fox, 2022). Today, Granger causality is
widely used to analyze time series data across various fields,
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including economics, genomics, neuroscience, and particularly
geoscience. For example, Kodra et al. (2011) employed a
reversed-form Granger causality approach on the paired time ser-
ies composed of globally averaged land surface temperatures and
atmospheric CO, concentrations. Similarly, Mosedale et al. (2006)
employed the Granger causality modeling approach to quantita-
tively assess how daily variations in sea surface temperature affect
the short-term variability of the North Atlantic Oscillation, as sim-
ulated through a fully coupled general circulation system. Clearly,
causal inference approaches offer notable potential in advancing
methodological innovation within the MPM domain.

In order to close the gap between geoscientists and engineers
working on causal inference techniques, we introduce a pioneering
causal-aware Al framework, termed CausalAl. This framework is
designed to enhance the power of ML models in MPM by embed-
ding causal insights, which ensures the features extracted from
the prospecting data are significant not only in terms of correlation
but also causality. The main contributions can be summarized as
follows.

(1) We propose the CausalAl framework, embedding explicit
causal insights derived from spatial causality analysis. To
the best of our knowledge, this is the first integration of a
spatially explicit causal inference method into MPM,
enabling conventional ML models to leverage geologically
meaningful causal features rather than relying solely on
correlations.

(2) Based on geostatistics principles, we develop the spatial
Granger causality (SGC) model, a novel method grounded
in geostatistics that extend traditional Granger causality to
spatial data. This methodological advance allows the identi-
fication of causal relationships among geochemical elements
under spatial dependence, providing a robust theoretical
tool for mineralization studies.

(3) A meticulously designed causal-aware feature extractor
(Causactor) is proposed to emphasize causality over mere
correlation in prospecting data. By transforming SGC results
into causal features, it enhances ML predictions and
improves interpretability by linking outcomes to metallo-
genic processes.

(4) The effectiveness of the CausalAl framework is demon-
strated in the northern Cu-polymetallic belt of the Sanjiang
region in southwestern China.

The outline of this paper is as follows: Section 2 describes the
geological background of the study area and data source. Section 3
provides detailed descriptions of the proposed CausalAl frame-
work. Section 4 presents the experimental results. Section 5 con-
cludes this paper and points out future lines.

2. Study area and data source
2.1. Geological background

The Sanjiang region, encompassing the three rivers of Lan-
cangjiang, Nujiang, and Jinshajiang, is positioned in the eastern
sector of the Qinghai-Tibetan Plateau (Fig. 1a). This region, where
the Eurasian and Indian Plates converge, belongs to the eastern
segment of the Tethys tectonic realm, exhibiting a north-
northwest to nearly north-south orientation (Deng et al., 2014a).
Its formation witnessed a series of tectonic evolutions and pro-
vided key information on the tectonic dynamics, such as the clo-
sure of the Paleo-Tethys Ocean and the amalgamation of the
peri-Gondwanan micro-continental blocks and Paleozoic are ter-
ranes (Cocks and Torsvik, 2013; Deng et al., 2014b).
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The Changdu intracontinental rift-valley fold belt, along with its
associated strike-slip thrust tectonic zone, is located in the north-
ern area of the Sanjiang region. This area is characterized by sub-
stantial Cu-polymetallic ore deposits (Hou et al., 2004). The
distribution of Cu-polymetallic ore deposits congruence implies a
close correlation between the formation of these ore deposits

and the intracontinental orogeny (Tang et al., 2006). Most por-
phyry copper ores are concentrated in the Yulong metallogenic belt
(Fig. 1b), which is positioned west of the Jinshajiang Fault and east
of the Lancangjiang Fault. Tectonic control is the main feature of
mineralization in the area. The Jinshajiang and Lancangjiang Faults
are significant ore-conducting faults, and the tensional thrust
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nappe faults that intersect directly with the main tectonic struc-
tures play a crucial role in mineralization as ore-bearing faults
(Hou et al., 2003; Tang et al., 2006).

Notably, the Yulong ore belt represents China’s most extensive
Cenozoic porphyry copper mineralization zone (Shen, 2021).
Accordingly, this study focuses on the Yulong mineralization zone
and its nearby regions. The dominant metamorphic crystalline
basement within the study region is composed of the Middle
Proterozoic Jitang Group and Ningduo Group, consisting mainly
of schist and gneiss (Zhang et al.,, 2022b). The stratigraphic
sequence is relatively comprehensive, spanning from the Lower
Paleozoic to the Quaternary. Remarkably, the principal mineralized
stratum is the Triassic carbonate rocks (Hou et al., 2003). The folds
in the area are generally NW-SE oriented and compound dipping
(Zhang et al., 2022b), and Triassic strata can be observed to be
exposed on both sides of the dips (Fig. 1b). The largest intrusive
rocks in this area were formed during the Indosinian and Yansha-
nian periods and mainly consist of granodiorite and diorite, which
are S-type granite (Tao et al., 2011). The most relevant to mineral-
ization are the Xishanian intrusive rocks, which are mainly domi-
nated by dioritic granodiorite and orthogneiss (Hou et al., 2003,
2004; Tang et al., 2006).

2.2. Data source

Geochemical survey data serve as a crucial information source
for MPM. The dataset applied in this study was derived from the
1:200,000-scale National Geochemical Mapping Program of China
(Xie et al, 1997). In the targeted region, the sampling strategy
involved one point per 4 km?. Each collected sample contains con-
centration data for 39 chemical components, including both major
and trace elements. To mitigate the impact of high dimensionality
commonly encountered in Al-based modeling, we selected 18 rep-
resentative elemental indicators for analysis, covering Au, Ag, As,
Bi, Cu, Co, Cd, Cr, Hg, Mo, Mn, Ni, Pb, Sb, Sn, Ti, W, and Zn. This
selection is guided by the regional metallogenic setting of the
study area, where porphyry and hydrothermal deposits predomi-
nate (Hou et al., 2003), and classic prospecting indicators for such
systems, with redundant elements further excluded via Pearson
correlation coefficient analysis (Zhang et al., 2025) to ensure the
retained set captures key processes including magmatism, fluid
alteration, and mineralization enrichment.

To visualize the spatial distribution of these selected indicators,
we adopted the inverse distance interpolation approach to produce
raster maps, each constructed with a spatial resolution of 1 km by
1 km. Fig. 2 illustrates four thematic evidence layers derived from
selected geochemical variables, such as Au, Ag, Cu, and Mo, which
are broadly acknowledged to exhibit strong associations with Cu-
polymetallic mineralization systems. In total, 18 spatial evidence
layers, composed of 22,072 individual grid cells, were generated
from the geochemical dataset used for this research.

Meanwhile, a total of 153 labeled positive instances (denoted as
“1”) are used to construct the supervised dataset for Al model
training, obtained from the “GeoCloud” platform, which is a
national-level geological information service platform led by China
Geological Survey. These positive instances comprise 90 mineral-
ized spots, 35 mineral occurrences, and 28 mineral deposits. In this
context, mineralized spots refer to localized zones with direct
traces of mineralization, mineral occurrences are confirmed loca-
tions of useful minerals with a broader scope than spots; and min-
eral deposits denote concentrated mineral zones that meet
industrial mining standards. Negative instances (each labeled as
“0") are drawn according to the selection criteria by Carranza
et al. (2008c): (a) locations must be spatially random, (b) locations
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must be distal to all known deposits, (c) the number of negative
instances should be equal to that of positive instances. Point pat-
tern analysis is employed to determine a distance sufficiently far
from positive instances in this study (Zuo and Carranza, 2011).
As illustrated in Fig. 3a, we calculate and statistically plot the dis-
tances between each positive instance and its nearest neighbour-
ing positive instance. The results show that the distance between
95% of positive instance pairs is within 25.05 km. This means that
if one starts from any given positive instance, the probability of
another positive instance appearing within this range is 95%, so
this area is suitable for choosing negative instance locations.
Therefore, 153 negative instances are randomly selected beyond
this buffer distance from positive instance locations, as shown in
Fig. 3b.

In this study, we perform hierarchical supervised classification
tasks utilizing the constructed supervised dataset, including the
classification of positive versus negative samples, as well as the
classification of mineral resource types (i.e. mineralized spots,
mineral occurrences, and mineral deposits).

3. Methods

The proposed CausalAl framework for MPM as proposed is pre-
sented in Fig. 4. It is structured three primary components: the
acquisition and preprocessing of experimental datasets, identifica-
tion of geochemical variables with causal correlation using the SGC
model, and the extraction of causal features through a specialized
causal-aware feature extractor, named Causactor.

3.1. Data preprocessing

Prior to the model construction, it is imperative to preprocess
the raw data collected as described in Section 2.2. Geochemical
data are inherently compositional, leading to a closure problem
that can induce spurious correlations among variables. To facilitate
accurate staticstical analysis and support subsequent experimental
endeavors, the centered log-ratio (clr) transformation (Aitchison,
1982) is employed to address the closure problem inherent in
the original geochemical data, thus enabling more reliable causal
statistical analyses and feature extraction. The clr transformation
is defined as follows:

P
J:]gJ

wi=In—%;i=1,2-.-,P (1)

where g; and w; represent the original and clr-transformed vari-
ables, respectively, and P denotes the number of geochemical
variables.

Furthermore, to evaluate model performance robustly, a strati-
fied hold-out validation is adopted (Yadav and Shukla, 2016). In
each iteration, a fixed proportion of samples is randomly selected
(with stratification to maintain the class ratio) for training, and
the remaining samples are used for testing. This process is
repeated five times with different random splits, and the average
performance across the five runs is reported to ensure result stabil-
ity and robustness. Compared with conventional k-fold cross-
validation (Wong and Yeh, 2019; Nagasingha et al., 2024), the
stratified hold-out validation offers greater flexibility in adjusting
the train-test ratio. After extensive testing, the train-test ratios
are set to 20%/80% for the binary classification task and 50%/50%
for the multi-class mineral resource type classification. Such a pro-
cedure not only reduces the risk of overfitting but also provides a
more reliable and stable estimate of the predictive capability of
the models.
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3.2. Preliminaries

3.2.1. Granger causality

Granger (1969) formulated a definition of causality grounded in
the idea that past observations of a time series y., may improve the
ability to predict subsequent values of another series x,. Denote by
H_; the complete set of available information up to time t — 1, and
let P(x;|H.;) represent the best forecast of x; conditioned on H._;.
Granger defined y as causal for x if the following inequality holds:

var(x, — P(x;|H)] < var[x. — P(x//H<{y )] (2)

where H.¢{y_, is defined as the set H., with the past values of y_;
removed. In other words, y is causal for x if incorporating the histor-
ical data of y reduces the variance of the best prediction error for x.
Informally, if the past values of y improve the prediction of x, then y
is defined as causal for x. Granger further hypothesized that, under
certain assumptions, if y can predict x, an underlying causal mech-
anism must exist, implying that predictability is tantamount to

causality. This concept is now widely recognized as Granger causal-
ity (Shojaie and Fox, 2022).

Although the above definition may appear somewhat broad and
is not tied to any particular modeling assumption, Granger’s initial
rationale was based on the identifiability of an individual linear

model. Let x, = (x“,xﬂ,---,xpt)r denote a vector of variables at
time t. Consider the following vector autoregressive (VAR) model:

A% = A+ & (3)

where A° A", A%, ... A denote the p x p matrices corresponding to
different lag terms, with [ specifying the maximum lag, and &, indi-
cating the vector of residuals.

Initial approaches to detecting Granger causality primarily
focused on bivariate settings, often neglecting the effects of
additional influencing factors. Considering the following models
for x;,

Xe = Sl QXe i + Exr (4)



Z. Zhang, ]. Chen and F. Jiang

1001 (a)

80

D
S

N
=)

Probability of finding another
positive instance (%)

20

v 25.05 km

0 5 10 15 20 25 30

Distance from any positive instance (km)

Geoscience Frontiers 17 (2026) 102248

96|°E 97I°E 98I°E 99‘°E
éb;) & o - N
32°Nq o | . o o 0 OA L32°N
lo © % . =} A
o %o e ° * . :e o © oo
o ° 3 e ® o 3 =Y
3 %o ®® o o ©
o, @ o %k T % g, " S %
[5) (<] ° %
31°N o’ oo of %% ° © 8,0 b
e © e ° L Ooé’
& 4 ° e °© o 0
o & e ge e
lo % ° O
e e
o o/ - g © o 0.0
o] oo e o 0, o | 2o
30°N o ®. ° o °4 6 ° “oo [30°N
O
oy ooda 1) ] BD o 1) o
® ©°o 00 e e o o®
o8 o *le 5
o ®0e o
o e ° o ’ oQD o e 90- @é ° =Y oe
29°N19 375 75 P50 o N [29°N
— — k0 % @ ° o
T T T T
96°E 97°E 98°E 99°E

e Positive instance

. 25.05 km buffer of positive instance location
© Negative instance

Fig. 3. (a) Result of point patter analysis showing neighboring distance and probability of finding another positive instance from any given positive instance. (b) Locations of

positive instances and negative instances.

I !
Xe =Dy biXe ko + D0 CkY ek + Expe (5)

where ay, by, and c, are the coefficients, &, and &, are the respec-
tive error terms. In this framework, y is said to Granger cause x if
and only if ¢;#0 for some 1 <k <.

Later, Granger causality has been shown to be tested by the
results of the F-test applied to two models (Sims, 1972;
Chamberlain, 1982): the reduced model (see Eq. (4)) that includes
past values of x, and the full model (see Eq. (5)) that includes past
values of both x and y. Formally, the F-test is defined as:

RSS, —RSS, r—s
F = g T/ = (6)
where RSSiedquced aNd RSSgy; refer to the sum of squared residuals
from the reduced and full models, respectively, involving r and s
parameters (Tiku, 1967). In the F-test, Granger causality from y to
x is established when the test statistic F surpasses the threshold
value obtained from the F-distribution with degrees of freedom
(r —s) and (T —r) under a given significance level (typically «).

3.2.2. Basic geostatistics theories

Regionalized variables are a fundamental concept in geostatis-
tics, primarily used to describe and model the spatial variability
of natural phenomena, which refer to random variables that exhi-
bit spatial continuity or spatial correlation within a specific geo-
graphic region (Cressie and Chan, 1989). Mathematically, a
regionalized variable z(x) can be represented as a single instance
of a spatially correlated stochastic process Z(x) with spatial corre-
lation, where x refers to spatial coordinates. It is noteworthy that
geochemical survey data inherently exhibit the characteristics of
regionalized variables, indicating strong spatial correlations.
Assume a geographic region Q, within which there are d spatial
points {X1,Xa,...,Xq} in a neighborhood w surrounding the estima-

tion point xo. Let ZOZ(ZS),Z((JZ),...,Z(SD)) € R’ represent the

observed regionalized variables at the estimation point.

Cokriging is an extension of the traditional kriging method,
which is used for spatial interpolation of a single variable. In cok-
riging, we deal with two or more spatially correlated variables:
one primary variable (usually the target of interest) and one or
more secondary variables that provide additional information.
The secondary variables are assumed to exhibit some form of spa-

tial dependence with the primary variable. The core idea behind
cokriging is that spatially correlated data from a secondary variable
can be used to enhance the estimation of the primary variable. The
spatial variation between values at locations z(x) and z(x + h) is
described by the following formulation:

y(h) = Jvariz(x) - z(x + b)) = 1E[{200 — 2(x + W)}’] (7)

where h refers to the lag, representing a specific distance and direc-
tion from x, while y(h) denotes the variogram, which is a widely
accepted tool for quantifying spatial autocorrelation (Wu and
Murray, 2005). Furthermore, if two or more variables are needed,
a cross-variogram is defined as follows:

Yur() = FE[{zu(X) — zu(x + h)Hzo (%) — 2,(x + h)}] (8)

Cokriging provides an unbiased estimator while maintaining
both minimal and known variance (Curran, 2001). When estimat-
ing a target variable u over a block domain €, using data from sam-
pled locations of u and another auxiliary variable v, our estimate
will be:

Zu(Q) = 31 duizu (Xui) + Y1 ZjZo (Xeg) 9)

where N, and N, denote the number of sampling points corre-
sponding to variables u and v, x,; and x,; mean their spatial sam-
pling positions, and /4, and 7, represent the weights to be
determined. There are also constraints need to be satisfied to ensure
unbiasedness, which is detailed in Wu and Murray (2005). Cokrig-
ing constructs an optimal linear unbiased estimator by minimizing
the estimation variance:
73(Q) = E[{zu(@) - 2.@)}] (10)
Eq. (10) formulates an optimization task where 4,; and 7, serve
as decision variables, and the objective function is represented by
02(Q). Classical Lagrangian methods are applicable for deriving the
solution, as detailed in Myers (1982) and Atkinson et al. (1992).

3.3. Spatial Granger causality model

Traditional Granger causality model is designed for static time
series data and cannot be directly applied to dynamic spatial data,
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such as geochemical survey data. Inspired by cokriging in geo-
statistics, we extend the Granger causality to spatial data, propos-
ing the SGC model, which provides a more appropriate form for
describing and quantifying the causal relationships between
regionalized variables.

Specifically, the primary variable u at the estimated location can
be predicted using the co-variable z}(v#u,k=1,2,...,d) at all
locations within the neighborhood w, excluding the estimated
point. Let Hzu«o represent the primary variable u values collected

from d different positions around the estimation site x inside the
neighborhood region w. Let P(zg\szk;éo) represent the optimal

prediction of z§ given sz‘k#o. In the SGC model, the co-variable z}

is defined as causally related to the primary variable Zj if it satisfies
the following relationship:

var [zg - P(zg|szk,éo)} < var [zg - P(zg| (HZW#O U HZZV#O))}
(11)

where szk#o represents the values of the co-variable » at d spatial
locations within the neighborhood « surrounding the estimated
location x,. This implies that by incorporating spatial data of the
co-variable z}, the variance of the optimal prediction error for the
primary variable z§ is reduced, thereby identifying the spatial Gran-
ger causality from z} to z.

Further, by analogy with Egs. (4)-(5), we can build a regression
model of spatial data based on the idea of cokriging method, as
follows:

2= az + e, (12)

d d
2§ = Y ea bz + 3021 CkZE  Eujo (13)

where ay, by, and ¢, are the coefficients of the regionalized variables,
d denotes the order of the regression model, that is, the number of
spatial samples considered. ¢, and ¢, are the error terms. The co-
variable z,(x) is spatial Granger causal for the primary variable
z,(x) if and only if ¢;#0 for some 1 <k <d.

Similarly to Section 3.2.2, the spatial Granger causality can be
obtained by comparing the F-test results about the two models
of Egs. (12) and (13). In this context, the reduced model derived
from Eq. (12) represents predictions based solely on the primary
variable z§ across d spatial locations within neighborhood w, utiliz-
ing the regionalized variable values. Conversely, the full model
incorporates both the primary variable z§ and the co-variable zZ,
that captures all regionalized variable values at the same d spatial
locations within . Regression analysis of these two models allows
for the calculation of the corresponding sums of squares of regres-
sion residuals, denoted as RSS;equced for the reduced model and
RSSt for the full model.

In the hypothesis testing, the null hypothesis is stated as
Hyp:ci =c; =---=¢4 =0, which asserts that the co-variable z/
does not belong to this regression. The F-test is employed to test
this hypothesis, following a formula that adheres to an F-
distribution characterized by degrees of freedom d and n — m:

RSS requced —RSSguy)/d
. N (14
where n refers to how many samples have been estimated through-
out the study region, d represents the count of regionalized variable
values related to the primary variable, with respect to how many
parameters are involved in RSSequced refers to the total count of
parameters used in RSSgy. Utilizing this test, if the F-statistic
exceeds the critical value F, at a chosen significance level «, corre-
sponding to the quantile from an F-distribution defined by degrees
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of freedom d and n — m, the null hypothesis is rejected. This implies
that the co-variable does belong to this regression problem, indicat-
ing that z/ is a spatial Granger causality of zj.

Similarly, in order to test whether other covariables are the spa-
tial Granger causes when other geochemical elements are the pri-
mary variables, we can swap the positions of the principal variable
and co-variable in the SGC model, and repeat the above steps.

It should be noted that the SGC model inherits the assumptions
of the classical Granger framework, namely linearity and (second-
order) stationarity of the underlying processes (Granger, 1988).
These assumptions may not always strictly hold in geochemical
datasets. To address this, clr transformation is applied to mitigate
compositional nonstationarity, and the geostatistical concept of
regionalized variables is adopted, assuming local rather than global
stationarity. Linearity is approximated through regression-based
formulations consistent with cokriging, which explicitly capture
spatial dependencies. By integrating geostatistical principles into
the causality framework, the SGC model accounts for spatial auto-
correlation and provides a geologically interpretable extension of
Granger causality. While these strategies cannot completely over-
come the inherent limitations, they ensure that the SGC analysis
remains statistically valid and practically applicable to mineral
prospectivity mapping.

3.4. Causal-aware feature extractor

Based on the SGC model, we customized a causal-aware feature
extractor (Causactor) specifically for the geochemical survey data.
The Causactor converts SGC-derived causal relationships into ML-
readable features, shifting the analysis focus from the mere statis-
tical correlations captured by traditional feature engineering to
geologically meaningful causal links between elements. This
ensures model inputs are aligned with authentic metallogenic pro-
cesses rather than spurious associations.

Given a sample point Py = (Pé,Pé,...,Pf,) € R at spatial

coordinate (x, y), where P’(‘, represents the value at (x, y) in the k-
th variable (k= 1,2,...,¢), and ¢ corresponds to the total number

of elements with causal relationships. Denote P = [Pl,Pz,...,

P°] € R°*P*¢ by the ¢ sample points Py,P,,...,P, of the spatial
nearest neighbors of Py. The matrix P is used to represent extracted
causal features between pairs of variables by the SGC model,

specifically to determine whether the variable P (the j-th column

vector) contributes to the prediction of the variable P’ (the i-th col-
umn vector).

Referring to Eqs. (12)-(14), we identify geochemical elements
with spatial causal relationships and calculate the F-statistic for
these elements to assess their mutual associations. Geochemical
data often exhibit dynamic spatial variability, and the F-test is a
robust tool for evaluating the significance of lags in the model, so
as to determine whether specific elements play an important role
in the causal chain. Moreover, the F-statistic provides a succinct
and effective measure of causality, with a straightforward testing
procedure. By analyzing the lags, the dynamic interactions among
variables can be captured and quantified. Consequently, in our
framework, the F-statistic is adopted as a key representation of
causal features in the Causactor.

In this way, we can construct the causal matrix between the
two variables. Unlike correlation, causal matrix is asymmetric,
and all calculated causality values are 0 when i = j. Therefore, we
select all off-diagonal elements in the causality matrix to obtain
& x (¢ —1) features, which represent the spatial causal relation-
ships within a certain neighborhood of the sampling point Py.
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3.5. Machine learning models

The causal features derived in Section 3.4 are integrated with
the raw data and then utilized as inputs to the ML models for
MPM. We select eight representative ML classifiers to cover the
principal families effective for geochemical data and to provide
probabilistic outputs required for our analyses: LR as a linear and
interpretable baseline; k-nearest neighbour’s (kKNN) as a non-
parametric local method; SVM to capture non-linear decision
boundaries via kernels; a back-propagation neural network (BP)
as a shallow neural baseline; and four tree-based ensemble meth-
ods, namely RF, XGBoost, LGBM, and CatBoost, which are well
known for their robustness to heterogeneous features and strong
performance on small-to-moderate-sized datasets. All models are
tuned with RandomizedSearchCV (scikit-learn 1.5) using five-fold
cross-validation to ensure comparable optimization and mitigate
overfitting.

3.6. Evaluation metrics

To assess the effectiveness of integrating causal features using
machine learning models, evaluation metrics such as accuracy
(Acc), recall, kappa coefficient (Kappa), and F1 are calculated as fol-
lows (Yin et al., 2023):

Acc = TP+;§I¥II\\I‘+FN (15)
Recall = (16)
Kappa _ AfEI;:Je Pe _ %(TPJrFP[zIJ;gI\(IFNJrTN) (17)
F1= 2ngi;g+FN (18)

where true positive (TP), true negative (TN), false positive (FP), and
false negative (FN) represent the specific outcomes of classification:
TP means the actual label is Positive and the model correctly pre-
dicts Positive; TN means the actual label is Negative and the model
correctly predicts Negative; FP means the actual label is Negative
but the model incorrectly predicts Positive; and FN means the
actual label is Positive but the model incorrectly predicts Negative.
Here, N indicates the total number of samples. To assess model per-
formance, we adopt the receiver operating characteristic (ROC)
curve and its corresponding area under the curve (AUC), typically
visualized by plotting the true positive rate against the false posi-
tive rate(Fawcett, 2006).

4. Experimental results
4.1. Spatial Granger causality between geochemical survey data

In the case study, the SGC model is applied to the northern Cu-
polymetallic metallogenic belt of the Sanjiang region in southwest-
ern China to investigate the causal relationships between geo-
chemical elements. Table 1 summarizes the elements in the
study area that exhibit causal relationships with respect to Cu.
Due to the consistency of results across multiple lags, only the
results for lags 1 and 2 are presented. As shown in Table 1, the ele-
ments exhibiting spatial causality with Cu include Ag, Au, Co, Mo,
Ni, Sb, Zn, As, Cd, W, Nb, Pb, Ti, and Cr. Among these, Ag, Au, Pb, Zn,
and Mo, which are the main metallogenic and associated elements
in the copper polymetallic deposits of the study area, are accu-
rately identified by the SGC model. Furthermore, this causal rela-
tionship is statistically significant, providing both qualitative and
quantitative insights into the geochemical elements that are cau-
sally linked to mineralization. Based on these findings, the 14 geo-
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Table 1
Summary of spatial Granger causality geochemical elements conforming to Cu.
Lag Causal relationship F-test
causes Cu F-statistic p-value (%)

1 Ag 6.85 0.89
1 Au 9.94 0.16
1 Co 4.63 3.16
1 Mo 8.62 0.34
1 Ni 3.92 2.01
1 Sb 3.21 2.21
1 Zn 5.77 0.32
1 As 412 1.64
1 cd 2.99 2.99
1 W 413 0.62
1 Nb 2.86 3.57
1 Pb 5.16 0.15
2 Ag 421 0.21
2 Au 3.28 1.08
2 Pb 2.80 2.49
2 Co 2.75 2.68
2 Mo 5.16 0.15
2 W 3.52 0.72
2 Zn 4.08 1.71
2 Ti 412 1.64
2 Cd 2.69 1.98
2 Nb 2.24 4.81
2 As 2.17 435
2 Sb 2.59 1.68
2 Ni 3.62 0.14
2 Cr 3.82 0.19

chemical elements listed above are selected as input data for
feature extraction.

4.2. CausalAl framework performance comparison

Eight ML methods and five feature strategies are utilized to pre-
dict mineralization. To clarify each feature strategy in Table 2, the
core definitions are supplemented as follows: “Raw data” refers to
the original geochemical data processed by clr transformation;
“Correlation features” are constructed via Pearson correlation coef-
ficients between any two geochemical element groups to charac-
terize synchronous concentration correlation, reflecting only
statistical correlation; “Causal features” are extracted via the pro-
posed Causactor, quantifying causal dependence between geo-
chemical elements using the SGC model; “Raw data w/
correlation” combines raw data with the above correlation fea-
tures, inputting to the model to integrate original and statistical
correlation information; “Raw data w/ causal” integrates raw data
with the above causal features, providing model inputs more con-
sistent with mineralization mechanisms by integrating original
concentration information and inter-element causal relationships.

The comparison results are summarized in Table 2. The results
of “Raw data w/ causal” outperform other feature strategies with
Acc values ranging from 0.16% to 37.63% higher than the other
strategies. The Acc values for each model remain above 92.82%,
with the RF achieving exceptional performance at 96.73%, which
suggests that integrating causal features introduces additional dis-
criminative information, uncovering deeper causal mechanisms
within the data and improving the quality of feature
representation.

Fig. 5 illustrates the ROC curves for the binary classification task
under different feature strategies across eight ML methods. Overall,
most cases exhibit satisfactory predictive performance, with the
proposed “Raw data w/ causal” strategy achieving the highest
AUC values in both the RF and CatBoost methods. Although the
“Raw data w/ correlation” feature strategy also attains AUC values
close to or exceeding 0.990 in the tree-based ensemble models
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Table 2
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Average test set results of various feature strategies utilizing ML models evaluated by five random stratified 20%/80% (train/test) hold-out validation for the binary classification

(best results highlighted in bold).

Metrics Input features LR kNN SVM BP RF XGBoost LGBM CatBoost
Acc (%) Raw data 88.90 81.88 87.51 87.84 95.84 93.06 95.43 96.00
Correlation features 68.24 70.45 71.76 57.47 69.88 65.47 66.29 69.80
Causal features 77.88 74.04 76.65 65.80 87.18 83.35 85.55 86.53
Raw data w/ correlation 91.67 85.55 92.82 92.57 96.33 93.14 95.92 96.16
Raw data w/ causal 93.71 92.82 94.45 95.10 96.73 93.31 96.08 96.57
Recall (%) Raw data 80.59 82.54 86.30 87.93 96.41 89.89 95.76 95.92
Correlation features 72.92 88.42 82.06 67.54 77.00 65.25 66.23 82.22
Causal features 89.40 88.91 84.01 73.74 89.56 87.28 89.07 90.38
Raw data w/ correlation 84.83 84.34 91.84 92.50 95.11 89.89 95.27 94.45
Raw data w/ causal 93.31 89.72 92.99 95.60 96.08 89.89 96.90 96.08
Kappa (x100) Raw data 55.75 63.75 75.02 75.67 91.67 86.12 90.86 92.00
Correlation features 36.48 40.88 43.50 14.92 39.75 30.94 32.57 39.58
Causal features 77.80 48.07 53.30 31.58 74.37 66.69 71.10 73.06
Raw data w/ correlation 83.35 71.10 85.63 85.14 92.65 86.29 91.84 92.33
Raw data w/ causal 8743 85.63 88.90 90.20 93.47 86.61 92.16 93.14
F1 (x100) Raw data 7847 82.01 87.37 87.86 95.86 92.84 95.45 96.00
Correlation features 69.68 74.97 74.41 61.38 71.90 65.41 66.29 73.15
Causal features 88.96 77.41 78.27 68.33 87.49 83.99 86.05 87.04
Raw data w/ correlation 91.07 85.38 92.75 92.57 96.28 92.92 95.89 96.10
Raw data w/ causal 93.69 92.59 94.37 95.13 96.72 93.07 96.12 96.56
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Fig. 5. ROC curves of various ML methods with different feature strategies. (a) LR; (b) kNN; (¢) SVM; (d) BP; (e) RF; (f) XGBoost; (g) LGBM; (h) CatBoost.

(e.g., RF, XGBoost), such exceptional results are partly attributed to
the inherent strength and high tolerance to overfitting of these
methods. When considering the performance across all eight ML
methods, the improvements achieved by the “Raw data w/ causal”
strategy are more consistent and pronounced, further demonstrat-
ing the effectiveness and robustness of the proposed method.
Overall, by comparing the performance of all ML methods, RF is
identified as the most recommended model for the binary classifi-
cation task.

Fig. 6 presents the confusion matrices of the binary classifica-
tion task obtained using the RF method under different feature
strategies. As shown, the “Raw data w/ causal” strategy yields
the most accurate classification performance, with the smallest
number of misclassified samples among all cases. This clearly
demonstrates that incorporating causal features enhances the
model’s discriminative ability and reduces classification errors, fur-
ther confirming the effectiveness and robustness of the proposed
CausalAI framework.
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Fig. 7. Mineral prospectivity maps based on the RF method using (a) raw data with correlation features and (b) raw data with causal features.

Fig. 7 illustrates the mineral prospectivity maps generated
using the RF model with two different feature strategies. The
prospectivity map based on correlation features exhibits dispersed
anomaly patterns with poorly defined zoning boundaries, indica-
tion a lower spatial coherence, as shown in Fig. 7a. In contrast,
according to Fig. 7b, the prospectivity map derived from causal fea-
tures demonstrates significantly enhanced spatial clustering, more
apparent high potential zoning, and a more effective distribution of
mineralized areas. Furthermore, there is a strong spatial correla-
tion between the mapped anomalies and the distribution of known
positive samples, highlighting the capability and efficiency of the
CausalAl framework in mineral prospectivity analysis. Also, the
success-rate curves (Rodriguez-Galiano et al., 2015) demonstrate
an excellent prediction ability of using causal features in MPM,
as displayed in Fig. 8a.

We conduct both quantitative and qualitative comparisons of
our CausalAl framework (see Fig. 9a) against three widely-used
deep learning methods: CNN, LSTM, and MLP-Mixer (see Fig. 9b—
d) (LeCun et al., 2015; Zhang et al., 2022a). Here, the RF method
is used to predict with the “Raw data w/ causal” feature strategy
(RFcausal), Which serves as the representative method of the pro-
posed CausalAl framework. For all DL methods, we adopt consis-
tent hyperparameter settings, including a learning rate of 1e—4,
the root mean square propagation (RMSprop) optimizer, an input
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window size of 21 (considering the nearest 20 samples for distance
calculation), and a batch size of 64. As shown in Fig. 8b, all five
methods successfully identify approximately 55% of the known
positive samples, covering about 40% of the study area. Notably,
the RF 2 method demonstrates superior performance by captur-
ing 80% of the known positive samples within 60% of the study
area. Additionally, Fig. 9 further corroborates the exceptional effi-
cacy of our proposed CausalAl framework.

We further categorize the positive samples into three types of
mineral resources: mineralized spots, mineral occurrences, and
mineral deposits, and utilize the CausalAl framework for multi-
class classification, as detailed in Table 3. Consistent with the
results observed in the binary classification task, the classification
performance under the “Raw data w/ causal” strategy surpasses
that of other feature strategies, further verifying the effectiveness
of incorporating causal features. Quantitatively, Table 3 shows that
the “Raw data w/ causal” strategy achieves the highest Acc
(86.27%), representing notable improvements of 0.39%-10.07%
compared with the raw data with the “Raw data w/ correlation”
strategy. Among the ML methods evaluated, the CatBoost model
exhibits the most stable and superior performance across all met-
rics, confirming it as the most suitable classifier for this scenario.

The confusion matrices shown in Fig. 10 provide further insight
into these results. Due to the relatively large number of negative
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Table 3

Average test set results of various feature strategies utilizing ML models evaluated by five random stratified 50%/50% (train/test) hold-out validation for the classification of
mineral resource types (best results highlighted in bold).

Metrics Input features LR kNN SVM BP RF XGBoost LGBM CatBoost
Acc (%) Raw data 74.51 7242 74.90 74.12 76.73 83.01 78.30 83.92
Correlation features 51.24 57.25 56.08 43.01 56.21 55.95 55.42 58.43
Causal features 58.82 59.74 60.52 50.59 76.60 76.86 76.73 77.52
Raw data w/ correlation 76.34 74.90 79.08 79.61 84.44 84.58 82.88 85.88
Raw data w/ causal 80.13 84.97 85.23 83.01 85.75 84.97 83.27 86.27
Recall (%) Raw data 57.89 54.31 54.20 61.17 60.05 71.42 64.20 69.86
Correlation features 32.51 37.40 31.93 26.79 31.31 3291 33.38 33.98
Causal features 38.43 39.21 35.02 33.75 51.26 62.88 58.29 62.57
Raw data w/ correlation 57.89 58.23 59.53 67.93 70.00 73.50 70.65 73.82
Raw data w/ causal 65.92 72.86 71.44 68.92 73.70 74.64 71.27 74.70
Kappa (x100) Raw data 59.03 55.05 58.76 59.54 62.57 73.02 65.05 74.22
Correlation features 19.45 30.35 20.60 6.59 19.05 22.62 23.37 25.59
Causal features 31.99 34.56 29.74 19.23 61.45 63.54 63.36 64.37
Raw data w/ correlation 60.56 59.35 65.86 67.93 75.15 75.54 72.97 77.53
Raw data w/ causal 68.14 76.09 76.42 73.35 77.40 76.18 73.52 78.31
F1 (x100) Raw data 73.42 70.49 71.86 74.09 75.54 82.59 76.57 83.07
Correlation features 48.54 53.76 48.25 4091 47.33 49.74 50.27 50.89
Causal features 56.01 56.09 52.77 48.72 72.21 76.47 76.54 76.95
Raw data w/ correlation 74.00 73.53 76.91 79.40 83.62 84.17 82.50 85.34
Raw data w/ causal 79.29 84.43 84.38 82.75 85.25 84.61 82.86 85.86

Raw data (b) Correlation features (C) Causal features (d) Raw data w/ correlation (e) Raw data w/ causal
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Fig. 10. Confusion matrices of the mineral resource type classification using the CatBoost method under different feature strategies. In this scenario, C1 represents the
negative samples, C2 denotes the mineralized spots, C3 represents the mineral occurrences, and C4 denotes the mineral deposits. (a) Raw data; (b) Correlation features; (c)
Causal features; (d) Raw data w/ correlation; (e) Raw data w/ causal.

samples (C1) and mineralized spots (C2) in the training set, these
two classes are recognized with higher recall. In contrast, even
though mineral occurrences (C3) and mineral deposits (C4) contain
fewer training samples, the “Raw data w/ causal” feature strategy
still achieves the highest overall number of correctly identified

samples for these classes. These results collectively indicate that
causal feature extraction not only enhances recognition for domi-
nant classes but also improves the discriminative capability for
minority classes, thereby strengthening the robustness of the pro-
posed CausalAl framework in multi-class mineral resource type
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MY EMineral deposits

© Mineral occurrences

' A Mineralized spni
Probability

Probability

Fig. 11. Mineral prospectivity maps of different mineral resource types obtained by CatBoost causal method. (a) Mineralized spots; (b) Mineral occurrences; (c) Mineral
deposits.
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Fig. 12. SHAP analysis of binary classification using raw data with causal features. (a) Average absolute SHAP value, revealing the average impact on model output magnitude.
(b) Variable importance and interaction effects (Li et al., 2024), higher variable importance (Vimp) is indicated with larger and darker nodes (green). Higher variable

interaction strength (Vint) is plotted with thicker and darker lines (purple).

classification. As illustrated in Fig. 11, when predicting mineral
resource types, the high-probability areas of the mineral prospec-
tivity maps generated by the CausalAl framework exhibit a strong
nesting relationship with the positive samples of different resource
types. This result indicates that the causal feature representation
derived from the CausalAl framework enhances the prediction
accuracy of MPM in multi-class classification tasks.

4.3. Interpretability analysis

The interpretability of the proposed CausalAl framework is
evaluated using Shapley Additive Explanations (SHAP) theory
(Lundberg et al., 2020). SHAP quantifies the contribution of each
feature to the model’s output based on Shapley values from game
theory, providing a measure of feature importance. We apply SHAP
to the RF model that is trained using raw data and causal features
in the binary classification task.

Fig. 12 presents SHAP summary plots from a global inter-
pretability perspective. Specifically, Fig. 12a demonstrates that
the model’s predictions are dominantly driven by key individual
metallogenic elements (e.g., Cu, Pb, Mo, Zn). Notably, several causal
feature pairs (e.g., W->Pb, Mo->Cd) are also ranked among the
most influential features. This validates that the causal features
extracted by our framework provide additional discriminative
information to the classifier, beyond the raw geochemical concen-
trations. Fig. 12b visualizes the network of variable importance
(Vimp) and interaction effects (Vint). The analysis reveals that Cu
and Pb not only rank as the top two most important variables
(indicated by large dark green nodes) but also exhibit strong inter-
actions with each other and with most other features. Further-
more, despite their lower importance rankings, Au and the W-
>Pb still exhibit a relatively significant interaction strength.

5. Discussion
5.1. Comparison with previous studies

MPM research has long evolved along two dominant paradigms,
knowledge-driven and data-driven approaches, each with notable
advancements yet inherent limitations that constrain their reliabil-
ity in complex geological scenarios. Knowledge-driven MPM meth-
ods emphasize integrating expert-derived metallogenic rules with
multi-source geo-data via algorithmic optimization. Early innova-
tions such as multi-criteria decision-making (MCDM) techniques
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(e.g., fuzzy outranking) (Abedi et al., 2013) and uncertainty quan-
tification frameworks (Daviran et al., 2022) have improved their
practicality. However, these methods remain constrained by sub-
jective expert judgment, propagating biases into final prospectivity
maps. Traditional data-driven MPM methods, by contrast, lever-
ages ML models to automatically capture non-linear relationships
between predictor variables and mineralization, avoiding expert
subjectivity (Mou et al., 2025). These models have demonstrated
high predictive accuracy in data-rich settings. Yet they suffer from
susceptibility to spurious correlations. This leads to reduced per-
formance, as demonstrated by the relatively low accuracy of ML
models when trained on raw geochemical data combined with cor-
relation features than that combined with causal features (as
shown in Table 2).

Our proposed CausalAl framework addresses these limitations
by embedding causal inference into the MPM workflow. First, to
resolve knowledge-driven subjectivity, we developed the SGC,
which quantifies spatial causal relationships between geochemical
elements. For example, the SGC model identified 14 elements (e.g.,
Au, Mo, Pb) with significant causal effects on Cu mineralization
(see Table 1). These results align with established metallogenic
theory for the Sanjiang region, validating the model’s ability to
objectively capture geologically meaningful causal signals. Second,
to mitigate spurious correlations in data-driven methods, we pro-
pose the Causactor to extract causal features rather than statistical
correlation features. Experimental results in Table 2 confirm that
integrating these causal features with raw geochemical data
(“Raw data w/ causal” strategy) outperforms other feature strate-
gies across all 8 ML models.

In summary, the CausalAl framework addresses core limitations
of previous MPM approaches to a certain extent. Its performance in
the Sanjiang region demonstrates its potential to advance MPM
from correlative mapping to causal mechanism-driven prediction,
providing a more robust tool for mineral exploration.

5.2. Limitations of the CausalAl framework

The proposed CausalAl framework, despite its effectiveness in
enhancing MPM accuracy via causal inference, still exhibits key
limitations. A primary limitation is its exclusive reliance on geo-
chemical data, failing to integrate multi-dimensional geological
factors that jointly control mineralization. It is well recognized that
mineralization is controlled by a combination of geological factors,
including structure, lithology, and geophysics, in addition to geo-
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chemistry. Although geochemical data are selected for their high
spatial resolution consistent regional coverage, and direct linkage
to ore-forming processes, their effectiveness in this study is
context-dependent. The Sanjiang region’s minimal anthropogenic
disturbance preserves robust geochemical signatures of porphyry
copper systems (closely tied to volcanic activity), and single-
mode geochemical data have shown proven utility in porphyry
copper exploration. However, they alone cannot capture the full
spectrum of ore-controlling mechanisms. This single-data-source
constraint may introduce biases in regions where non-
geochemical factors dominate ore formation, limiting the frame-
work’s generalization to more complex geological settings.

Second, the framework demonstrates limited accuracy in iden-
tifying weakly mineralized targets, specifically mineralized spots
and mineral occurrences. As reflected in the prediction results
(Figs. 8 and 9), most of the unpredicted positive samples belong
to these two types of targets rather than large mineral deposits.
Geologically, mineralized spots and mineral occurrences typically
correspond to early-stage or weakly developed mineralization
events, characterized by limited ore-forming materials and low-
intensity hydrothermal alteration. This leads to their geochemical
anomalies being less pronounced and spatially discontinuous fea-
tures that are difficult for CausalAl framework to capture. In con-
trast, mineral deposits, associated with stronger hydrothermal
systems and large-scale fluid-rock interactions, generate robust
and coherent geochemical footprints (e.g., high and continuous
enrichment of Au, Mo, and Cu) that the framework can effectively
recognize. Although the CausalAl framework can identify some
weakly mineralized targets, its recall and precision for these tar-
gets remain notably lower than those for deposits, indicating a
need for further optimization of causal feature extraction to cap-
ture subtle geochemical signals from weak mineralization.

5.3. Broader implications and future vision

The primary significance of this study extends beyond the
numerical improvements in prediction accuracy. By introducing
the CausalAl framework, we provide a methodological blueprint
for incorporating causal reasoning into spatial predictive modeling.
While DL models may offer greater capacity for modeling nonlin-
earities, their black-box nature often obscures the underlying
decision-making process. Our work demonstrates that explicit cau-
sal feature engineering can significantly enhance model inter-
pretability and geological plausibility without sacrificing
performance. This establishes a crucial theoretical and practical
foundation for the next generation of Al in geoscience, where cau-
sal understanding and predictive power are synergized. Our Causa-
1Al framework should therefore be viewed not as a replacement for
complex DL models, but as a necessary and foundational step
toward building more trustworthy, robust, and geologically-
aware exploration tools.

6. Conclusion

In this study, we propose a novel causal-aware artificial intelli-
gence (CausalAl) framework for mineral prospectivity mapping
(MPM), which integrates geostatistics with Granger causality the-
ory to explicitly model the causal relationships among geochemi-
cal variables. The CausalAl framework comprises three core
components: the Spatial Granger Causality (SGC) model for identi-
fying causally relevant geochemical elements, a tailored causal-
aware feature extractor (Causactor) for extracting causal features,
and a suite of machine learning classifiers that combine raw geo-
chemical data with causal features for mineralization prediction
and mineral resource type classification. Through an empirical
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investigation conducted in the northern Cu-polymetallic mineral-
ization zone of the Sanjiang region in southwestern China, we
demonstrate that the CausalAl framework markedly enhances the
reliability and precision of mineral prospectivity assessments.
The predictive results exhibit strong spatial alignment with known
mineral deposit distributions, with high-potential zones closely
corresponding to areas of known mineralization. Notably, elements
such as Au, Pb, Ag, Mo, and Zn recognized as key metallogenic and
associated elements in the study area, are identified as causal fac-
tors by the SGC model, reinforcing the geological plausibility of the
predictions. Meanwhile, Random Forest (RF) and CatBoost emerge
as the most suitable classifiers for identifying both positive sam-
ples and mineral resource types. This study bridges the gap
between data-driven modelling and geological reasoning by incor-
porating causal discovery into the mineral prospectivity workflow.
The CausalAl framework demonstrates strong potential as a
decision-support tool for mineral exploration, offering not only
high predictive accuracy but also interpretability grounded in
domain knowledge. Future work will focus on extending the
framework to multi-source geological data, refining causal feature
extraction methods, and developing causal-guided deep learning
frameworks to model complex and nonlinear relationships in
large-scale data. This will more fully unleash the potential of causal
inference in mineral exploration. Furthermore, the framework will
be applied to various metallogenic systems and underexplored
regions to evaluate its generalizability and practical utility.
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