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Abstract

Review Article

Mineral prospectivity mapping is difficult in regions where confirmed deposits are few and available geological data
vary widely in type and quality. Standard machine learning and convolutional methods have improved prediction
accuracy, but they ignore the directional structure of geological space, do not enforce geological logic during training,
and rarely explain which factors drove a prediction. We present GeoEDL, a directional relational graph network built
on geological constraints, combined with contrastive pretraining, for porphyry-gold prospectivity mapping under scarce
labels. The framework provides interpretability at four levels: data, model architecture, geology, and results. Tiles are
first classified as favorable, ambiguous, or barren using Mahalanobis distance and fracture density, without relying on
mineralization labels, and these classes generate contrastive pairs for pretraining. A nine-edge-type graph encoder is
then pretrained with geological contrastive loss and fine-tuned using evidential deep learning under structural and
geochemical consistency penalties. On 9,324 tiles with 94 positive labels from Tuwu-Yandong, the model reached ROC-
AUC 0.9418 and sensitivity 1.0000, with geochemical anomaly identified as the leading driver (51.6%) and epistemic

uncertainty mapping flagging priority drilling targets.

Keywords: Mineral Prospectivity Mapping, Graph Neural Networks; Explainable Artificial Intelligence, Contrastive

Learning, Uncertainty Quantification.
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1. INTRODUCTION

Mineral prospectivity mapping is a widely
adopted methodology in mineral exploration that aims to
delineate target areas with the highest likelihood of
hosting undiscovered mineral deposits by integrating and
analyzing multi-source  geological, geochemical,
geophysical, and remote sensing data [1-4]. With
continued advancements in computational power and the
growing availability of geological prospecting big data,
artificial intelligence algorithms have emerged as
powerful tools for mining nonlinear mineralization
patterns from heterogeneous datasets, demonstrating
strong predictive performance across a wide range of
deposit types and geological settings [5]. Early Al-driven
MPM relied on supervised machine learning methods

such as weights of evidence, logistic regression, support
vector machines, and random forests, which established
the foundation for data-driven mineral targeting by
learning statistical associations between geological
features and known deposit locations [6,7]. These
methods demonstrated consistent utility in integrating
multi-source datasets and ranking spatial prediction units
by mineralization potential. However, these approaches
do not capture the complex nonlinear interactions and
hierarchical feature representations embedded in high-
dimensional geological datasets, limiting their capacity
to fully exploit the richness of modern multi-source
prospecting data.

The limitations of shallow supervised methods
prompted the adoption of deep learning architectures in
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MPM, with convolutional neural networks emerging as
the dominant approach due to their ability to
automatically extract hierarchical spatial features from
gridded geological rasters [8,9]. CNN-based frameworks
have demonstrated substantial gains in predictive
performance by treating MPM as an image classification
problem, learning localized spatial patterns across
geochemical, structural, and geophysical input bands
without manual feature engineering [10,11]. Recurrent
and hybrid architectures have further extended these
capabilities to sequential and multi-modal geological
data [12]. Despite these advances, however, these
approaches do not account for the explicit relational
structure of geological space, where mineralization
potential is governed not only by local pixel values but
by directional connectivity between spatial prediction
units, fault orientations, and the anisotropic propagation
of hydrothermal fluids along structurally controlled
pathways, relationships that grid-based convolutional
operations are fundamentally unable to encode.

Graph neural networks represent a particularly
suitable architecture for MPM because the graph
structure, composed of nodes representing spatial
prediction units and edges encoding directional
geological relationships, enables flexible
characterization of spatial anisotropy and the complex
coupling relationships between geological entities that
cannot be captured by pixel-based or image-based
methods [13,14]. Relational GNNs with direction-aware
message passing are especially well-suited to encoding
the structural anisotropy of fault and fracture systems,
where mineralization potential varies with both
proximity to structures and the orientation of structural
connections [15]. Moreover, GNNs are amenable to self-
supervised pretraining on graph structure, enabling large
amounts of unlabeled geological data to be leveraged for
representation learning before fine-tuning on the limited
labeled set, directly addressing the scarce label problem
[16,17]. However, these approaches do not address the
interpretability of the resulting predictions: GNN-based
MPM models remain largely opaque, producing
prospectivity scores that cannot be decomposed into
contributions from distinct ore-controlling factors, and
offering no mechanism for quantifying the uncertainty of
predictions in a geologically meaningful way [18,19].

Explainable artificial intelligence has emerged
as a necessary direction for addressing the
interpretability limitations of Al-driven MPM [20-22]. In
the context of MPM, interpretability can be understood
at multiple levels: the quality and geological relevance of
input data, the degree to which geological knowledge
governs model behavior during training, the ability to
explain individual predictions in geological terms, and
the interpretability of the final output maps for
exploration decision-making. Existing XAl approaches
in MPM have made progress in embedding geological
knowledge into loss functions as soft constraints [23,24],
applying attribution algorithms such as SHAP to rank the

importance of input variables [25], and using
visualization techniques to understand feature extraction
processes [26]. However, these approaches do not
provide a unified framework that systematically embeds
geological knowledge from data preparation through
model design to output explanation, and the specific
challenge of spatially decomposing predictions into
contributions from distinct ore-controlling factors at the
regional map scale, a distinction directly actionable for
designing follow-up exploration campaigns, remains
largely unaddressed.

A deeper and largely unaddressed challenge
arises when these limitations compound simultaneously:
when a study region offers only a handful of known
deposit locations as training labels, when the geological
space is best characterized by directional relational
structure rather than regular grids, and when exploration
decisions require not only a prospectivity score but a
geologically interpretable, uncertainty-aware
explanation of what drives each prediction. In such
settings, the absence of geological constraints during
model training means that even architecturally
expressive models such as GNNs may produce
predictions that are statistically plausible but
geologically inconsistent, assigning high prospectivity to
tiles that violate known ore-controlling criteria such as
structural proximity and geochemical anomaly. Label-
free geological supervision, the use of ore-controlling
geological rules to organize representation learning
before any mineralization labels are introduced, offers a
principled route to reducing overfitting under these
conditions, but has not been formalized within a GNN-
based MPM framework. Furthermore, the quantification
of both aleatoric and epistemic uncertainty within a
geologically constrained framework and the spatial
decomposition of predictions into  structural,
geochemical, and contextual contributions across the full
study area remain absent from existing approaches.
Furthermore, the quantification of both aleatoric and
epistemic uncertainty within a geologically constrained
framework and the spatial decomposition of predictions
into  structural, geochemical, and contextual
contributions across the full study area remain absent
from existing approaches. No existing framework
simultaneously addresses the scarce label problem,
directional relational graph structure, geological
constraint enforcement, multi-level XAl, and principled
uncertainty quantification within a single unified MPM
pipeline, a gap this study directly addresses through the
proposed GeoEDL framework.

The Tuwu-Yandong metallogenic belt in
eastern Tianshan, Xinjiang, China, hosting porphyry
copper and hydrothermal gold deposits with only 94
known deposit locations across 9,324 spatial prediction
units, provides a demanding and geologically
meaningful testbed for evaluating such a framework
under real-world scarce-label conditions. The specific
contributions are as follows:
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« This study proposes GeoEDL, a four-level
explainable Al framework for MPM that
systematically embeds geological knowledge
across data preparation, model training,
prediction  explanation, and  uncertainty
quantification within a single unified pipeline.

& A geology-guided two-criterion tile
classification scheme and GeoSupCon, a
geologically supervised contrastive pretraining
approach for directional relational graph
networks, are developed to collectively address
overfitting under scarce mineralization labels.

% A two-term geological constraint loss for
geologically  consistent  fine-tuning  and
geological factor decomposition, producing
regional attribution maps quantifying structural,
geochemical, and contextual contributions to
prospectivity predictions, is introduced.

« The evidential deep learning output head

simultaneously generates prospectivity and

uncertainty maps whose combination constitutes

a principled and geologically grounded

exploration decision map.

The remainder of this paper is organized as
follows. Section 2 describes the study area geology and
the dataset. Section 3 presents the methodology of the
proposed four-level XAI framework, covering the input
feature multicollinearity analysis, two-criterion tile

classification, and contrastive pair construction at the
data interpretability level, the GeoSupCon pretraining,
geologically constrained GeoEDL fine-tuning, and
model architecture at the model interpretability and
architecture level, and the GNNExplainer and geological
factor decomposition components at the geological
interpretability level. Section 4 presents the full
framework results and discussion, comprising model
performance evaluation, ablation study, geological
interpretability  findings, and prospectivity and
uncertainty map analysis with exploration decision
implications. Section 5 concludes the paper.

2. Study area and Dataset
2.1 Geological Background
2.1.1 Regional Geology

The eastern Tianshan is a key segment of the
Central Asian Orogenic Belt (CAOB), lying between the
Tarim craton to the south and the Siberian craton to the
north, and comprises a collage of Paleozoic tectonic
terranes assembled through oceanic subduction, arc
accretion, and continental collision [27,28]. From north
to south, five major tectonic units are recognized: the
Bogeda-Haerlik magmatic arc, the Dananhu-Tousuquan
arc belt, the Kanggur-Huangshan ductile shear belt, the
Aqishan-Yamansu arc, and the Middle Tianshan
Terrane, separated by the regional Dacaotan, Kanggur,
Yamansu, and Aqikekuduke fault systems [29,30].
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Figure 1: Geological map of the Tuwu-Yandong metallogenic belt, eastern Tianshan, Xinjiang, China
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These fault systems served as long-lived
crustal-scale fluid conduits that focused hydrothermal
circulation and magmatic ascent during multiple
metallogenic events. The Dananhu-Tousuquan arc belt
hosts the Tuwu-Yandong metallogenic belt and contains
several significant porphyry copper deposits, including
Tuwu, Yandong, Fuxing, Linglong, and Chihu, formed
during Devonian to early Carboniferous Island arc
accretion driven by northward subduction of the
Kanggurtag oceanic plate [31-34]. The adjacent
Kanggur-Huangshan ductile shear belt hosts orogenic
gold, porphyry molybdenum, and magmatic Cu-Ni
sulfide deposits formed during late Carboniferous
continental collision [35,36].

2.1.2 Stratigraphy and Lithology

The Tuwu-Yandong belt is located in the
southern margin of the Dananhu-Tousuquan arc belt,
approximately 80 km southwest of Hami City, bounded
to the south by the Kanggurtag fault and to the north by
the Dacaotan fault, with all major deposits clustered
within a 10 km-wide corridor as seen in Figure 1 [37-39].
The dominant stratigraphic unit is the Carboniferous
Qi'eshan  Group, striking east-west and dipping
southward at 43°-63° with well-developed schistosity,
typically 600-2,000 m thick [40]. It comprises three
members: a lower sequence of andesite and basalt lavas
intercalated with pyroclastic tuffs representing early arc
volcanism; a middle sequence of andesite and brecciated
andesite lavas whose brecciated facies enhanced
permeability and created favorable structural traps for
hydrothermal fluid infiltration; and an upper sequence of
lithic sandstone, tuffaceous siltstone, and intercalated
volcanic flows recording waning arc activity [41]. The
Jurassic Xishanyao Formation of sandstone, siltstone,
mudstone, and conglomerate unconformably overlies the
Qi'eshan Group and postdates all mineralization [42].
The ore-bearing intrusive complex, comprising
plagiogranite porphyry, diorite porphyry, tonalite, quartz
albite porphyry, and quartz porphyry, was emplaced into
the Qi'eshan Group volcanic host rocks [43], [44]. Zircon
U-Pb ages of 332.8 £ 2.5 Ma at Tuwu and 340.0 + 3.0 to
3322 £ 2.3 Ma at Yandong, together with Re-Os
molybdenite ages of 322.7-331.8 Ma, confirm
synchronous early Carboniferous magmatic and
hydrothermal activity in a subduction-related arc setting
[45-48].

2.1.3 Structural Controls

Three fault orientations govern mineralization
localization in the belt [49], [50]. East-west-trending
faults define the northern and southern boundaries of the
ore-hosting  corridor and controlled intrusive
emplacement. Northwest-trending transtensional faults
enhanced permeability at structural intersections.
Northeast-trending faults, best expressed at Yandong,
where they controlled tonalite dike elongation, served as
the primary channelways for ascending ore fluids,
evidenced by their spatial coincidence with maximum
alteration intensity and highest ore grades. The

intersection of northeast- and east-west-trending faults
defines the most structurally favorable sites in the belt,
where converging fluid pathways created conditions
necessary for metal precipitation. Fracture density
derived from mapped fault and lineament traces
therefore, serves as a primary ore-controlling criterion in
this study.

2.1.4 Hydrothermal Alteration, Ore Mineralogy, and
Resources

Alteration at both deposits follows the classic
porphyry concentric zonation: a potassic core of
secondary biotite, K-feldspar, and magnetite with
disseminated chalcopyrite and bornite; a phyllic zone of
quartz-sericite-pyrite marking maximum structural
permeability and highest Cu grades; and a distal
propylitic halo of chlorite, epidote, and calcite defining
the outermost hydrothermal footprint [51], [52]. Ore
minerals are dominated by chalcopyrite and pyrite with
minor bornite, chalcocite, and magnetite in
disseminations and veinlets, proceeding through four
stages from early chalcopyrite-bornite-pyrite through
quartz-molybdenite veins to a late carbonate-laumontite
stage [53], [54]. The Tuwu deposit contains
approximately 4.7 Mt Cu at 0.67% with 18 t Au, and the
Yandong deposit contains 372 Mt ore at 0.58% Cu with
significant Mo and Au [55].

2.1.5 Geological Basis for Joint Porphyry Copper and
Hydrothermal Gold Prediction

The joint prediction of porphyry copper and
hydrothermal gold mineralization reflects their shared
geological controls within the Tuwu-Yandong belt rather
than genetic equivalence. Both deposit types are hosted
within the same Qi'eshan Group volcanic sequence,
controlled by the same intersecting east-west, northeast-
, and northwest-trending fault network, and generate
spatially  overlapping multi-element geochemical
anomalies enriched in Cu, Au, Mo, As, Sb, Pb, and Zn
that are inseparable at the 2,000 m prediction unit scale
of the RGNR survey data used in this study. The
structural intersections that localized porphyry copper
emplacement are the same intersections that focused
hydrothermal gold-bearing fluid flow, making the
fracture density criterion simultaneously valid for both
deposit types. Joint prospectivity prediction is therefore
geologically justified and consistent with the known
deposit distribution, where porphyry copper and
hydrothermal gold occurrences cluster within the same
10 km-wide structural corridor.

2.2 Dataset

The multi-source dataset used in this study was
compiled from regional geochemical survey data,
structural lineament analysis, geophysical
measurements, and known deposit location data covering
the Tuwu-Yandong metallogenic belt in eastern
Tianshan, Xinjiang, China. The study area was
subdivided into a regular fishnet grid of 9,324 spatial
prediction units using ArcGIS, each represented by a 16
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x 16-pixel tile at 125 m resolution corresponding to a
ground footprint of 2,000 m x 2,000 m, designed to
preserve localized geochemical variability and structural
context at the regional scale. Each tile is characterized by
a 44-band feature stack composed of four data
categories. The geochemical component comprises 39
elemental concentration maps derived from stream
sediment sampling of the Regional Geochemistry
National Reconnaissance (RGNR) program [56], [57],
covering elements including copper pathfinder elements,
gold pathfinder elements, and major geochemical
indicators of hydrothermal alteration, together with one
composite element association band. The structural
component consists of one fracture density raster derived
from mapped fault and lineament traces, capturing the
density of structural features within each tile as a proxy
for fluid pathway intensity. The geophysical component
comprises one geophysical anomaly band capturing
subsurface magnetic or gravity signatures associated
with intrusive bodies and mineralized zones. The spatial
proximity component comprises two distance-to-known-
mineralization rasters encoding Euclidean distance from
known porphyry copper deposit and hydrothermal gold
deposit locations, respectively, serving as spatial prior
knowledge inputs to the model. Global normalization
statistics for all 44 bands were computed across all 9,324
tiles and saved as mean and standard deviation vectors,
used to standardize tile features during both training and
inference. From the full tile population, a labeled subset
of 188 tiles was selected for model training and
evaluation. This comprises 94 positive (mineralized)
tiles defined by spatial overlap with known Au_Deposit
and Gold_Deposit locations, and 94 negative (barren)
tiles selected from areas lacking any evidence of
mineralization and situated at maximum distance from
known deposit locations and geochemical anomaly
zones, consistent with established criteria for negative
sample selection in MPM [58]. The labeled dataset was
partitioned into a training set of 150 tiles (75 positive and
75 negative) and a held-out test set of 38 tiles (19 positive
and 19 negative) using stratified random sampling to
preserve class balance in both partitions. The complete
set of 9,324 unlabeled tiles was used for generating the
regional prospectivity map during inference.

3. METHODOLOGY
3.1 Framework Overview

The proposed framework, referred to as the
Geologically Constrained Evidential Deep Learning
framework (GeoEDL), addresses two interconnected
problems in MPM for data-limited regions: overfitting
under scarce mineralization labels and the inability to
explain predictions in geological terms. The framework
is organized as four sequential components: data
interpretability, model interpretability and architecture,
geological interpretability, and result interpretability,
each building on the preceding one. The data
interpretability component covers an input feature
multicollinearity analysis, a two-criterion geological tile
classification scheme assigning each spatial prediction

unit to a favorable, ambiguous, or barren category
without mineralization labels (Stage 1), and the
construction of geologically annotated contrastive
training pairs (Stage 2). The model interpretability and
architecture component covers the relational GNN
architecture, Geological Supervised Contrastive
pretraining (GeoSupCon), and geologically constrained
evidential deep learning fine-tuning. The geological
interpretability component delivers tile-level explanation
through GNNExplainer and regional attribution mapping
through geological factor decomposition. The result
interpretability component produces simultaneous
prospectivity, aleatoric uncertainty, and epistemic
uncertainty maps through the evidential deep learning
output head. Figure 2 presents a schematic overview of
the complete framework.

Three deliberate design choices underpin the
framework. A directional relational graph network is
adopted because fault-controlled mineralization is
governed by directional structural relationships that
isotropic convolution cannot encode, with nine edge
types capturing the anisotropic permeability of the
northeast- and northwest-trending fault network.
Contrastive pretraining precedes fine-tuning to decouple
representation learning from classification, organizing
the embedding space according to geological favorability
rules before scarce mineralization labels are introduced,
directly preventing overfitting. The loss function
addresses three distinct failure modes: GeoSupCon
enforces geological similarity in embedding space prior
to labeled training; the evidential deep learning loss
replaces softmax with a Dirichlet distribution for
simultaneous prospectivity prediction and uncertainty
quantification; and the two-term geological constraint
penalty ensures predictions remain structurally and
geochemically consistent with the known ore-controlling
factor distributions throughout fine-tuning.

3.2 Data Interpretability
3.2.1Input Feature Multicollinearity Analysis
Pearson correlation analysis was conducted
across all 9,324 tiles using tile-level band means to
characterize the multicollinearity structure of the 44-
band input feature space as seen in Figure 3. The
resulting correlation heatmap reveals coherent inter-
element correlation clusters reflecting shared lithological
affinities: ferromagnesian elements co-vary with mafic
and ultramafic host rock compositions, copper-group
pathfinder elements exhibit mutual enrichment
consistent with hydrothermal alteration, and rock-
forming elements reflect the calc-alkaline volcanic
associations of the Qi'eshan Group. The presence of
these correlation clusters confirms substantial redundant
information across individual bands, meaning that
univariate anomaly detection treating each element
independently would fail to capture the multivariate
geochemical signature of mineralization and would be
distorted by inter-element correlations. The Mahalanobis
distance statistic is therefore adopted as the geochemical
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anomaly criterion in Stage 1 because it simultaneously Mabhalanobis distance measures how far a tile's complete
accounts for the spatial variability of each element and geochemical signature deviates from the regional
the correlations between elements through the inverse background in the full multivariate feature space,
covariance matrix, making it inherently suited to the capturing coherent multi-element anomaly patterns
spatial  distribution  analysis of multi-element associated with hydrothermal alteration regardless of
geochemical data. Unlike univariate thresholding, which specific pathfinder elements are enriched.

| DATA INTERPRETABILITY
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Figure 2: Schematic overview of the four-level GeoEDL framework

3.2.2 Stage 1: Two-criterion geological tile as a 16 x 16-pixel tile. To provide the contrastive
classification pretraining stage with geologically meaningful positive

The study area is subdivided into a regular and negative examples without requiring any
fishnet grid of spatial prediction units, each represented mineralization labels, each tile is classified into one of
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three geological categories: favorable, ambiguous, or
barren, using two independent ore-controlling criteria

derived from the known mineralization system of the
Tuwu-Yandong belt.
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Figure 3: Pearson correlation heatmap of the 18 most intercorrelated bands from the 44-band input feature space

Criterion 1: Geochemical Anomaly Intensity

The multivariate geochemical signal of each tile
is summarized using the Mahalanobis distance statistic
D?, which measures how far a tile's geochemical
signature deviates from the regional background in the
full multivariate feature space. For each tile i with mean
geochemical feature vector x; € RP , where p is the
number of geochemical bands D?, is computed in
Equation 1, where p is the regional background mean
vector, and X is the sample covariance matrix, both
estimated from all 9,324 tiles without using any deposit
location information.

Df = (xi —W)TZ7 (% — W)

Under the assumption of multivariate
normality, D? follows a chi-squared distribution with p
degrees of freedom. A tile is classified as geochemically
anomalous if it satisfies Equation 2, where x?,, o. o5 is the
chi-squared critical threshold at p = 0.05.

D} > X3, 0.0s

(1

)

This  criterion is  deposit-type-agnostic,
capturing coherent multi-element enrichment patterns
associated with hydrothermal alteration without
preselecting specific pathfinder elements, and accounts
for inter-element correlations through the inverse
covariance matrix 2%

Criterion 2: Structural Favorability through Fracture
Density

Fracture density for each tile is computed as the
total length of mapped fault and lineament traces per unit
area within the tile boundary, following the linear density
estimator as computed in Equation 3, where l;; is the
length of the j-th fault or lineament segment intersecting
the tile i, n; is the total number of such segments, and A
is the tile area (2,000 m x 2,000 m = 4 km?).

nl

2. 3)

Fault and lineament traces were extracted from
the regional geological map and digitized using ArcGIS.
A tile is classified as structurally favorable if its fracture
density exceeds the regional spatial median as defined in

Fi=
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Equation 4, where F is the median fracture density across
all 9,324 tiles.
F; >F 4

The regional median serves as a data-driven
threshold requiring no external parameter, and reflects
the role of fault and fracture networks as primary fluid
conduits for both porphyry copper and hydrothermal
gold systems in the Tuwu-Yandong belt. A tile is

assigned to the favorable class only if it satisfies both
criteria  simultaneously, reflecting the co-spatial
occurrence of geochemical anomaly and structural
permeability that characterizes known mineralized
environments in the Tuwu-Yandong system. Tiles
satisfying neither criterion are assigned to the barren
class. All remaining tiles satisfying one but not both
criteria are classified as ambiguous, excluded from
contrastive pair construction, but retained for fine-tuning
and regional inference.
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Figure 4: Data interpretability component of the GeoEDL framework

3.2.3 Stage 2: Contrastive pair construction
Geologically annotated contrastive pairs are
constructed from the Stage 1 tile categories without using

any mineralization labels. For each favorable anchor tile,
one other favorable tile is selected as the positive
example, and N barren tiles are randomly sampled as
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negative examples, with N = 7 in the -current
implementation. Negative tiles are resampled every
epoch to prevent memorization of specific tile identities
and to expose the encoder to diverse barren geological
environments throughout training. Ambiguous tiles are
excluded from all pairs to maintain the sharpness of the
geological contrast between positive and negative
examples. Together, Stage 1 and Stage 2 constitute the
data interpretability component of the framework,
providing geologically annotated contrastive training
pairs derived entirely from ore-controlling criteria
without any mineralization labels. The complete data
interpretability workflow is illustrated in Figure 4.

3.3 Model Interpretability and Architecture
3.3.1 GeoSupCon - Geological supervised contrastive
pretraining

The encoder is trained using the Geological
Supervised Contrastive loss (GeoSupCon), which uses
the geological category labels from Stage 1 as pseudo-
labels to organize the embedding space according to
geological favorability. The GeoSupCon loss enforces
three simultaneous objectives: favorable tiles attract each
other in embedding space, barren tiles attract each other
in embedding space, and favorable and barren tiles repel
each other. No mineralization labels are used at any
point; geology drives everything. By the end of
pretraining, the encoder has learned that geologically
favorable tiles cluster in one region of embedding space
and barren tiles cluster in another, purely from geological
rules applied to the full unlabeled tile population. When
fine-tuning subsequently begins with the scarce
mineralization labels, the model is not required to learn
geological understanding from scratch; it simply draws a
decision boundary between two neighborhoods in
embedding space that already exist. This is the core
mechanism by which the framework reduces overfitting
under scarce labels.

3.3.2 Geologically constrained evidential deep
learning fine-tuning

Following pretraining, the GNN encoder
weights are frozen for the first 60 epochs of fine-tuning
to allow the GeoEDL classification head to stabilize
before joint optimization begins. The GeoEDL head
models the output as a Dirichlet distribution over class
probabilities rather than a point estimate, enabling
simultaneous quantification of aleatoric uncertainty
arising from inherent data ambiguity and epistemic
uncertainty arising from model ignorance alongside
prospectivity prediction.

To ensure that predictions remain geologically
consistent with the ore-controlling factor distributions of
the Tuwu-Yandong system, the GeoEDL loss is

augmented with a two-term geological constraint penalty
applied across all tiles simultaneously. The structural
penalty penalizes high prospectivity predictions for tiles
with fracture density below the structural threshold,
ensuring that tiles predicted as prospective must be near
fault structures. The geochemical penalty penalizes high
prospectivity predictions for tiles with Mahalanobis D?
below the chi-squared threshold, ensuring that tiles
predicted as prospective must exhibit a geochemical
anomaly. Both penalties are applied simultaneously
during every training step, meaning that both geological
ore-controlling factors govern model behavior across the
entire study area throughout training. Together, the
GeoSupCon pretraining and the geologically constrained
evidential deep learning fine-tuning constitute the model
interpretability component of the framework, ensuring
that geological knowledge governs both the
representation learning and prediction stages entirely
without mineralization labels during pretraining. The
complete workflow is illustrated in Figure 5. The formal
loss formulations and all training hyperparameters are
detailed in Section 3.3.3.

3.3.3 Model Architecture

The proposed GeoEDL consists of three
components: a relational graph neural network encoder,
a projection head used during pretraining only, and an
evidential deep learning classification head used during
fine-tuning.

Graph construction: Each 16 x 16 spatial
prediction tile is converted into a graph G = (V, E, R)
where each of the 256 pixels becomes a node v € V
carrying the full 44-dimensional feature vector, and
spatial adjacency defines directed edges (u, v) € E with
relation type r € R. Nine directional relation types are
defined corresponding to the eight compass directions
(N, S, E, W, NE, NW, SE, SW) and a self-loop, indexed
R = {0, 1, ..., 8}, enabling direction-aware message
passing that captures structural anisotropy in fault and
fracture systems.

GNN encoder: The encoder consists of two
stacked relational graph convolutional (RGCNConv)
layers with a hidden dimension of 64. Each layer applies
relation-specific linear transformations to aggregate
messages from directional neighbors, followed by batch
normalization and ReLU activation, as given in Equation
5, where h‘(,l) is the node representation at layer 1, Wr(l) is
the relation-specific weight matrix for relation r, V. (v)
is the set of neighbors of node v connected by relation r,
and o is the ReLU activation function. Dropout with a
rate of 0.2 is applied during pretraining and 0.4 during
fine-tuning.

(1+1) OINQ); § 1 (OINO)
h o| Wy hy’+ W:"h 5
v o re uE]\fr(v)I ‘N;“(V) |7 )
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Figure 5: Model interpretability of the GeoEDL framework

A tile-level graph embedding is obtained by
concatenating global mean pooling and global max
pooling over all node representations at the final layer, as
given in Equation 6, producing a 128-dimensional tile

Z

_[ 1 L " (L)]
o= i o | maynd ©

Projection head: During Stage 3 pretraining

embedding vector. The encoder has a total of 90,400 only, a two-layer MLP projection head maps the 128-
trainable parameters. dimensional encoder output into a 32-dimensional
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contrastive space: Linear (128 — 128) — BatchNorm1d
— ReLU — Linear (128 — 32). The projection head is
discarded after pretraining, and only the encoder weights
are retained.

GeoEDL classification head: During Stage 4
fine-tuning, an evidential deep learning head is attached
to the frozen encoder output: Linear (128 — 128) —
ReLU — Dropout (0.4) — Linear (128 — 2). The head
outputs raw evidence values e, = 0 for each class Kk,

K
Ak=ek+1,S=Zak (7)
k=1
The prospectivity probability, aleatoric

uncertainty, and epistemic uncertainty for each tile are
then derived analytically from the Dirichlet parameters
as given in Equation 8, where Py = o /S and K= 2 is
the number of classes. High total evidence S indicates
confident predictions; low S indicates high epistemic

from which Dirichlet distribution parameters are uncertainty.
computed as given in Equation 7.
p_l _ pl—-p K
g » Ugleat = S+1 Uepist = S ()

GeoSupCon loss: The encoder is pretrained
using the Geological Supervised Contrastive loss, which
treats geological category labels from Stage 1 as pseudo-
labels. For a batch containing both favorable (label 1)
and barren (label 0) tiles, the loss maximizes agreement
among tiles of the same geological category while
repelling tiles of different categories, as defined in

Equation 9, where z; is the £,-normalized projection of
tile I, P(i) is the set of tiles in the batch sharing the same
geological category as tile I, and t=0.3 is the
temperature parameter controlling the sharpness of the
similarity distribution.

exp (z; - Zp/T)

1
LGeoSupCon = _W Z lOg Z

peP()

EDL loss with label smoothing: The fine-tuning
objective combines an evidential MSE loss with KL
divergence regularization and label smoothing of € =

0.1 as formulated in Equation 10, where yl((i) =y (1—

N

o /5D - (1 — o /5Dy

9

121 X0 (2 24/7) @)
€) + €/K is the label-smoothed target, and 3 is a KL
weight annealed from 0 to 0.05 over the first 30% of
training epochs.

NENONG
Lgpp, = 1(<1)_STki)) +

(v

Geological constraint loss: A two-term penalty
enforces geological consistency across all tiles
simultaneously, as defined in Equation 11, where Py is
the predicted prospectivity probability of the tile I,

i=1 k

+ B Lk (10)

SO +1

Tpae = 23.3246 is the structural threshold, X% =
59.3035 is the geochemical threshold, frac; is the
fracture density of the tile I, and D? is its Mahalanobis
distance score.

(11)

Ttrac

N
1N . [max (0, T, — frac;)) | max (0, x* — Df
Leonstraint = Nz bi [ ( frac i) + ( )2( D)
i=1

The penalty grows when tiles with low fracture
density or low geochemical anomaly receive high
prospectivity predictions. The total training objective
combining the EDL loss and geological constraint
penalty is given in Equation 12, where A is annealed from
0 to Apax = 0.15 over the first 40% of training to allow
the EDL head to stabilize before geological enforcement
begins.

Ltotal = LEDL +A- Lconstraint (12)

X

Optimization: During the encoder-frozen phase
(epochs 1-60), only the GeoEDL head parameters are
optimized using AdamW with a learning rate 5 X 10™*
and weight decay 1073, After epoch 60, the encoder is
unfrozen, and the full model is optimized with a reduced
learning rate of 5 X 10~° under cosine annealing with
warm restarts (Ty =50, Ty =2, Nmin = 107°).
Gradient norms are clipped to 1.0 throughout training.
Early stopping with patience of 40 epochs is applied after
the encoder is unfrozen. Five-fold stratified cross-
validation is applied across the labeled dataset of 188
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tiles to ensure stable performance estimation, with class
balance preserved in each fold throughout all training
runs. The complete model architecture specifications,
training configuration, loss function parameters, and data

configuration are summarized in Tables 1, 2, 3, and 4,
respectively. The complete GeoEDL model architecture
is illustrated in Figure 6.

Table 1: Model architecture specifications

Component Pretraining Fine-tuning

Input feature dimension 44 44

GNN type RGCNConv RGCNConv

Number of GNN layers 2 2

Hidden dimension 64 64

Graph embedding | 128 (mean pool + max pool) 128 (mean pool + max pool)
dimension 9 9

Number of edge relation | Linear (128-128)-BN-ReLU-Linear | -

types (128-32) Linear(128-128)-ReLU-Dropout-Linear
Projection head - (128-2)

GeoEDL head 90,400 90,400

Total encoder parameters

s i \
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Figure 6: Model architecture component of the GeoEDL framework
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Table 2:

Training configuration

Component Pretraining Fine-tuning
Optimizer AdamW AdamW
Learning rate 5x10* 5 x 10*(head) 5 x 10-3(full)
Weight decay 1x107 1x107
Batch size 16 favorable + 16| 16
Epochs barrens 400 (max)
Early stopping | 200 40 epochs
patience - 60
Encoder freeze epochs | - Cosine annealing with warm restarts (To=50, T mult=2,
LR scheduler Cosine annealing N_min=1x10"°)
(n_min=1x107") 1.0
Gradient clipping 1.0 0.4
Dropout rate 0.2
Table 3: Loss function parameters
Component Pretraining | Fine-tuning
Temperature (1) 0.3 -
Label smoothing () - 0.1
KL weight (B) - 0 — 0.05 over the first 30% of epochs
Constraint weight (A_max) | - 0.15

Constraint annealing -
Constraint batch size -

0 — A_max over the first 40% of training

64

Table 4: Data configuration

Component Pretraining | Fine-tuning
Negative per anchor (N) | 7 -
Cross-validation - 5-fold stratified
Random seed 42 42

3.4 Geological Interpretability
3.4.1 GNNExplainer

Following model fine-tuning, GNNExplainer is
applied to each positively predicted tile to identify which
pixel locations within each tile were most critical in
driving that specific prediction. For each tile, the
explainer learns a continuous soft mask over the node
features of the tile's local computational graph that
maximally preserves the model's prediction while using
the minimum number of features. The resulting node
importance scores identify which spatial locations within
the tile carry the highest geochemical importance for the
prospectivity prediction, providing tile-level geological
reasoning for individual predictions that cannot be
obtained from global feature importance methods.

3.4.2 Geological factor decomposition

At the regional level, an occlusion-based
geological factor decomposition is applied to all tiles to
produce three spatially continuous attribution maps
showing the relative contribution of each ore-controlling
factor to prospectivity predictions across the entire study
area.

For each tile, three factor contributions are
estimated independently: the structural contribution is

measured by masking fault-parallel directional edges and
recording the resulting drop in prediction confidence; the
geochemical contribution is measured by replacing
geochemical node features with regional background
values and recording the drop; and the contextual
contribution is the remaining prediction score after
structural and geochemical contributions are accounted
for, reflecting the influence of spatial relationships with
neighboring tiles. Each contribution is expressed as a
percentage of the total feature-driven prediction change,
producing three regional maps: structural attribution,
geochemical attribution, and contextual attribution that
together decompose the model's prospectivity prediction
into its geological components across the entire study
area. The complete geological interpretability workflow,
encompassing both GNNExplainer tile-level explanation
and geological factor decomposition, is illustrated in
Figure 7.

3.5 Result Interpretability

The result interpretability level is delivered
through three simultaneous output maps generated by the
GeoEDL evidential deep learning head for all prediction
units across the study area. The prospectivity map
encodes the predicted mineralization probability for each
tile and constitutes the primary exploration targeting
output.
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The aleatoric uncertainty map encodes inherent
data ambiguity. High aleatoric uncertainty reflects
locations where the geochemical and structural signal is
contradictory or where sampling density is insufficient,
a condition that cannot be reduced through additional
model training and requires improved field sampling.
The epistemic uncertainty map encodes model
ignorance. High epistemic uncertainty reflects locations
where the tile's geological character is unlike anything
encountered during training, identifying areas where the
model's prediction is least reliable.

The combination of the prospectivity map and
the epistemic uncertainty map constitutes the exploration
decision map: tiles with simultaneously high
prospectivity and high epistemic uncertainty represent
the highest-priority targets for future drilling and
sampling  campaigns.  This  uncertainty-guided
prioritization provides a quantitative and geologically
principled basis for allocating exploration resources in
the Tuwu-Yandong belt, converting model uncertainty
from a limitation into an actionable exploration signal.
The result interpretability workflow is illustrated in
Figure 8.

4. RESULTS AND DISCUSSION
4.1 Model Performance

The geology-guided tile classification in Stage
1 identified 344 geologically favorable tiles (3.7%),
reflecting the restricted spatial extent of co-occurring
geochemical anomaly and structural permeability within
the Tuwu-Yandong belt, consistent with the narrow 10
km-wide ore-hosting corridor bounded by the
Kanggurtag and Dacaotan faults. The remaining 4,318
ambiguous (46.3%) and 4,662 barren (50.0%) tiles
correspond predominantly to the structurally quiet zones
and barren Qi'eshan Group volcanic country rocks distal
from the porphyry intrusive complex. The 344 favorable
tiles were used to construct contrastive pairs in Stage 2,
and the pretrained encoder achieved a separation ratio of
0.9570 with a within-favorable similarity of 0.8674 and
within-barren similarity of 0.9109, confirming that the
encoder successfully learned to distinguish geologically
favorable from barren environments before any
mineralization labels were introduced. The GeoSupCon
pretraining loss decreased consistently from 3.45 to 2.89

over 200 epochs (Figure 9; C), validating stable
convergence of the geological supervision signal.

Evaluation on the held-out test set of 38 tiles
demonstrated strong predictive performance, with a
ROC-AUC of 0.9418, PR-AUC of 0.9119, F1 score of
0.9268, overall accuracy of 0.9211, sensitivity of 1.0000,
specificity of 0.8421, and precision of 0.8636 at the
optimal threshold of 0.4681 (Table 6, Figure 9; A, B, D).
The perfect sensitivity of 1.0000 zero false negatives is
geologically critical in the Tuwu-Yandong system,
where the known porphyry copper and hydrothermal
gold deposits are confined to a structurally constrained
corridor, and any missed positive tile corresponds to an
undetected mineralized zone within an already limited
target window. The three false positives are geologically
interpretable as tiles within the Qi'eshan Group volcanic
sequence that satisfy both the geochemical anomaly and
fracture density criteria but do not correspond to
confirmed deposit locations, likely reflecting the broad
propylitic alteration halo extending beyond the economic
ore shell at Tuwu and Yandong. Five-fold cross-
validation yielded a mean ROC-AUC of 0.8866 =+
0.0913, confirming stable generalization across data
partitions despite the scarcity of positive labels.

Regional prospectivity prediction across all
9,324 tiles produced probabilities ranging from 0.0365 to
0.9623, with 3,469 tiles (37.2%) exceeding the optimal
threshold. The high-prospectivity belt (Figure 13) is
spatially concentrated in the central portion of the study
area, coinciding with the Carboniferous Qi'eshan Group
host rock distribution and the east-west structural
corridor between the Kanggurtag and Dacaotan faults
where the Tuwu and Yandong intrusive complexes are
emplaced. Low-prospectivity zones correspond to the
Jurassic Xishanyao Formation cover sequence to the
north and structurally quiet areas distal from the
northeast- and northwest-trending fault intersections that
governed hydrothermal fluid focusing in the belt.
Positive tiles exhibit systematically higher epistemic
uncertainty than negative tiles (Figure 9; E, F), reflecting
that mineralized zones in the Tuwu-Yandong belt
represent geologically rare and spatially restricted
environments that were underrepresented in the training
population relative to the broad barren volcanic country
rock background.

Table 6: Model performance metrics

Metric Value / Description

Optimal Classification Threshold | 0.4681

Accuracy 0.9211 (92.11%)

ROC-AUC 0.9418 (94.18%)

PR-AUC 0.9119 (91.19%)

Fl-score 0.9268 (92.68%)

Sensitivity 1.0000 (100.00%)

Specificity 0.8421 (84.21%)

Precision 0.8636 (86.36%)

CV ROC-AUC 0.8866 £ 0.0913 (88.66% £ 9.13%)
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Figure 9: Model performance evaluation: A) Confusion matrix, B) ROC curve, C) GeoSupCon Pretraining Loss Curve, D)
Precision-Recall curve, E) Aleatoric Uncertainty Distribution (positive vs. negative tiles), F) Epistemic Uncertainty
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4.2 Ablation study

To evaluate the contribution of each component
of the proposed GeoEDL framework, six ablation
variants were systematically compared against the full
model using the fixed classification threshold of 0.4681
across all variants. The results are presented in Table 7.

Removing the GeoSupCon pretraining stage
produced a marginal improvement in ROC-AUC from
0.9418 to 0.9446 but reduced sensitivity from 1.0000 to
0.9474, meaning the model without pretraining missed
one known mineralized tile that the full model correctly
identified. This demonstrates that while pretraining does
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not always improve discriminative performance
measured by AUC, it produces a more geologically
conservative model that avoids missing true deposit
locations, a critical requirement in mineral exploration.

Removing the geological constraint loss
reduced ROC-AUC to 0.9391, F1 to 0.8649, and
sensitivity to 0.8421, confirming that the two-term
structural and geochemical penalty plays a meaningful
role in maintaining geologically consistent predictions
during fine-tuning. Without the constraint loss the model
produces predictions that are less aligned with known
ore-controlling factor distributions, resulting in more
false negatives.

Removing the fracture criterion from Stage 1 so
that tile classification relies solely on the geochemical
anomaly criterion produced a ROC-AUC of 0.9446 and
maintained perfect sensitivity of 1.0000 but reduced
specificity from 0.8421 to 0.7895, generating more false
positives. This indicates that the fracture criterion
contributes to reducing false alarms by excluding
geochemically anomalous but structurally unfavorable
tiles from the favorable category during contrastive
pretraining.

Replacing the evidential deep learning head
with a standard softmax classifier produced the largest
drop in ROC-AUC at 0.9224 and reduced PR-AUC from

0.9119 to 0.8789, confirming that the Dirichlet-based
evidential formulation provides measurable
discriminative benefit beyond simply quantifying
uncertainty. The cross-validation variability also
increased with the softmax variant, suggesting that the
GeoEDL head contributes to training stability under
scarce label conditions.

Removing the directional relational edges,
reducing the graph to self-loops only with no message
passing between neighboring pixels, produced the same
ROC-AUC as the no-constraint variant at 0.9391 but
showed the largest drop in cross-validation stability at
0.8534 + 0.0825. This confirms that direction-aware
message passing across the nine structural orientations
contributes meaningfully to generalization across
different data partitions, capturing spatial anisotropy in
the geochemical and structural signal that cannot be
recovered from node features alone.

Overall, the ablation study shows that different
components contribute to different aspects of model
reliability: the EDL head improves discrimination and
uncertainty-aware stability, the geological constraint loss
improves geological consistency and sensitivity,
GeoSupCon pretraining reduces missed mineralized
tiles, and directional relational edges improve cross-
validation stability.

Table 7: Ablation study
Variant ROC-AUC | Accuracy | F1 PR-AUC | Sensitivity | Specificity | CV ROC-AUC
Full model 0.9418 0.9211 0.9268 | 0.9119 1.0000 0.8421 0.8866 + 0.0913
No pretraining 0.9446 0.8947 0.9000 | 0.9381 0.9474 0.8421 0.8889 + 0.0688
No constraint loss 0.9391 0.8684 0.8649 | 0.9154 0.8421 0.8947 0.8829 £ 0.0915
No fracture criterion | 0.9446 0.8947 0.9048 | 0.9215 1.0000 0.7895 0.8869 + 0.0878
No EDL (softmax) | 0.9224 0.8947 0.9000 | 0.8789 0.9474 0.8421 0.8784 £ 0.1061
No relational edges | 0.9391 0.8684 0.8649 | 0.9129 0.8421 0.8947 0.8534 £ 0.0825

4.3 Geological Interpretability Findings
4.3.1 GNNExplainer findings

GNNExplainer was applied to all 3,469
positively predicted tiles to identify which pixel
locations were most critical to each prospectivity
prediction. The aggregated pixel importance analysis
reveals that high-importance pixels are consistently
concentrated in the central region of each 16x16 tile,
indicating that the model assigns geochemical feature
importance to the core of each spatial prediction unit
rather than its periphery. This pattern directly reflects the
concentric hydrothermal alteration zonation documented
at both Tuwu and Yandong: the potassic core and phyllic
zone, which carry the highest Cu grades and the most
intense multivariate geochemical anomaly in the Cu-Mo-
Au-As-Sb pathfinder element suite, are spatially
confined to the intrusive center of each deposit, with
anomaly intensity diminishing outward through the
propylitic halo toward the barren Qi'eshan Group
volcanic country rocks. The model therefore assigns
highest geochemical importance to tile pixels overlying

the intrusive core and proximal alteration zones rather
than the distal propylitic margins, consistent with the
known spatial distribution of ore-grade mineralization at
Tuwu and Yandong.

4.3.2 Geological factor decomposition findings

Regional geological factor decomposition
across all 9,324 tiles produced mean contributions of
51.6% geochemical, 46.2% contextual, and 2.2%
structural across the study area.

The geochemical attribution map (Figure 10)
reveals that geochemically driven prospectivity is
concentrated in a spatially coherent belt through the
central study area, directly overlying the known
porphyry copper and hydrothermal gold deposit
locations. This distribution is consistent with the strong
multivariate Cu-Mo-Au-As-Sb-Pb-Zn  hydrothermal
footprint generated by the potassic-phyllic-propylitic
alteration system of the Tuwu-Yandong porphyry
complex, which produces coherent multi-element
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anomalies detectable at the 2,000 m tile scale in the
RGNR stream sediment survey data.

The contextual attribution map (Figure 11)
shows that spatial neighborhood context contributes
46.2% to prospectivity predictions, broadly distributed
across the study area. This substantial contextual
contribution reflects the GNN's capacity to propagate
geochemical information across neighboring tiles
through directional edge connections, capturing the
broad geochemical dispersion halos surrounding the
Tuwu and Yandong deposit centers that extend beyond
individual tile boundaries into the surrounding Qi'eshan
Group volcanic host rocks. In zones where individual tile
geochemical signals are attenuated by dilution or cover
from the Jurassic Xishanyao Formation, proximity to
anomalous neighbors within the ore-hosting corridor

sustains elevated prospectivity predictions that a pixel-
based model operating on isolated tiles would miss.

The structural attribution map (Figure 12)
shows a mean contribution of only 2.2%, which does not
reflect geological importance of the northeast- and
northwest-trending fault network that controlled
porphyry emplacement and hydrothermal fluid focusing
in the Tuwu-Yandong belt. Rather, it reflects a resolution
limitation inherent to the dataset: regional fracture
density rasters derived from mapped fault and lineament
traces at the 2,000 m tile scale cannot resolve the fine-
scale fault intersections, vein arrays, and stockwork
zones that localize ore-grade mineralization at Tuwu and
Yandong at the deposit scale. Higher-resolution
structural mapping incorporating drone-based lineament
extraction or high-resolution satellite imagery would be

expected to substantially increase the structural
attribution signal in future applications.
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Figure 10: Geochemical attribution map
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Figure 12: Structural attribution map

4.4 Prospectivity, Uncertainty Maps, and Exploration
Decision (Result interpretability findings)

The GeoEDL output head generated three
simultaneous spatial maps across all 9,324 tiles: a
prospectivity map (Figure 13), an epistemic uncertainty
map (Figure 14), and an aleatoric uncertainty map
(Figure 15). All three maps share the same spatial extent
and are overlaid with known deposit locations and
mapped fault traces to enable direct geological
interpretation.

The prospectivity map (Figure 13) reveals a
spatially coherent high-prospectivity belt concentrated
along the central east-west corridor of the study area,
spatially coincident with the Carboniferous Qi'eshan
Group volcanic sequence, the plagiogranite porphyry
and tonalite intrusive corridor between the Kanggurtag
and Dacaotan faults, and the known Tuwu and Yandong
deposit locations marked in Figure 13. A total of 3,469
tiles (37.2%) exceeded the optimal classification
threshold of 0.4681, of which 1,908 were identified as
priority exploration targets. The geometry of this high-
prospectivity zone reflects the northeast- and northwest-
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trending fault intersections that governed hydrothermal
fluid focusing throughout the belt. Low-prospectivity
zones flanking the central corridor correspond to the
Jurassic Xishanyao Formation cover sequence in the
northern portion of the study area and structurally distal
barren volcanic country rocks of the Qi'eshan Group to
the east and west, where neither the geochemical
anomaly nor the fracture density criteria are satisfied
simultaneously.

The epistemic uncertainty map (Figure 14)
shows elevated uncertainty distributed along the margins
of the central high-prospectivity corridor, particularly in
zones where the Qi'eshan Group volcanic sequence
transitions to Jurassic sedimentary cover and where the
geochemical signature of the hydrothermal system
attenuates away from the intrusive centers of Tuwu and
Yandong. These peripheral zones were underrepresented
in the 94-label training population relative to the well-
characterized deposit cores, resulting in higher model
ignorance at the corridor margins. Zones where high
prospectivity in Figure 13 and high epistemic uncertainty
in Figure 14 spatially coincide identifiable by comparing
the two maps at the same location represent the highest-
priority targets for follow-up field investigation, where
the model predicts mineralization consistent with the

Tuwu-Yandong ore-controlling criteria, but confidence
is limited by insufficient training coverage.

The aleatoric uncertainty map (Figure 15)
delineates zones of inherent data ambiguity where
geochemical and structural signals are internally
contradictory, concentrated in areas where stream
sediment sampling density in the RGNR survey is
insufficient to produce a spatially consistent geochemical
signature at the 2,000 m tile scale. Unlike epistemic
uncertainty, aleatoric uncertainty cannot be reduced
through additional model training or more deposit labels.
These zones, identifiable as high-value areas in Figure
15, require denser geochemical sampling coverage,
higher-resolution structural mapping, or both, providing
a spatially explicit criterion for directing future field data
acquisition in the Tuwu-Yandong belt independent of
any modelling decisions.

The combination of Figures 13 and 14
constitutes the exploration decision output of the
framework: tiles showing simultaneously high
prospectivity and high epistemic uncertainty identify
where mineralization is predicted, but model confidence
is lowest, converting uncertainty from a limitation into a
geologically grounded and spatially explicit guide for
allocating drilling and sampling resources in the Tuwu-
Yandong belt.

91°0'0"E 91°30'0"E 92°0'0"E

High -
——Fracture B¥

42°30'0"N

42°0'0"N

41°30'0"N

92°30'0"E 93°0'0"E 93°30'0"E 94°0'0"

@Au deposit . Cu deposit
Figure 13: Prospectivity map

| © 2026 Scholars Journal of Engineering and Technology | Published by SAS Publishers, India | 594 |




Ajileye, H. B. et al, Sch J Eng Tech, Oct, 2026; 14(10): 575-598

91°0'0"E 91°30'0"E 92°0'0"E 92°30'0"E 93°0'0"E 93°30'0"E 94°0'0"E
Low High N
z | M—— ——Fracture A
S
o
& -
< I 1
Z 1
OO {1 |
[aN] e ]
~ 3 ] T
L] 1 1)
1 } | 1
g SHiteiee:s
I}
Z 5
°
(=
&
=
o 10 20
) km
Figure 14. Epistemic uncertainty map
91°0'0"E 91°30'0"E 92°0'0"E 92°30'0"E 93°0'0"E 93°30'0"E 94°0'0"E
Low High N
z | —— M —TFracture A
=
o
& H
a =
E N
1
T
1
N . -
o | EE HH
£ = P H
= e
o T
o mam
{ + I l:
1 I
I 1
Z. T |
= L I o
;91 | H: 1 Il
= } =2
AaE m ‘ 0 10 20
— km
Figure 15: Aleatoric uncertainty map
4.5 DISCUSSION Mo-Au-As-Sb hydrothermal footprint of the Tuwu-

The GeoEDL framework achieved a ROC-
AUC of 0.9418 and perfect sensitivity of 1.0000 using
only 94 positive labels across 9,324 tiles, confirming that
GeoSupCon pretraining and the geological constraint
loss together effectively address overfitting under scarce
label conditions. The geological factor decomposition
reveals that geochemical anomaly drives 51.6% of
prospectivity predictions, consistent with the strong Cu-

Yandong porphyry-gold system at the 2,000 m tile scale.
The 46.2% contextual contribution reflects the GNN's
capacity to propagate geochemical information across
neighboring tiles, capturing dispersion halos beyond
individual tile boundaries that pixel-based models would
miss. The minimal 2.2% structural contribution reflects
a dataset resolution limitation rather than geological
unimportance. Regional fracture density rasters cannot
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resolve the fine-scale NE- and NW-trending fault
intersections that controlled fluid focusing at Tuwu and
Yandong, and higher-resolution structural data would be
expected to increase this attribution substantially.

The ablation study confirms that the geological
constraint loss contributes most critically to sensitivity,
its removal reducing sensitivity from 1.0000 to 0.8421,
validating that geological penalties prevent statistically
plausible but geologically inconsistent predictions under
scarce label conditions. The evidential deep learning
head produced the largest improvement in ROC-AUC
stability, while directional relational edges contributed
most to cross-validation consistency by capturing
structural anisotropy irrecoverable from node features
alone. Together, the GNNExplainer tile-level
explanations and  regional  geological factor
decomposition constitute a two-scale interpretability
system bridging regional prospectivity mapping and
deposit-scale exploration targeting an output that single
probability maps from standard MPM frameworks
cannot provide.

5. CONCLUSION

This study proposed GeoEDL, a four-level
explainable Al framework for mineral prospectivity
mapping with geological constraints, applied to the
Tuwu-Yandong porphyry copper and hydrothermal gold
belt in eastern Tianshan, Xinjiang, China. The
framework addresses two persistent problems in Al-
driven MPM for data-limited regions overfitting under
scarce mineralization labels and the inability to explain
predictions in geological terms through geology-guided
contrastive  pretraining, geologically  constrained
evidential deep learning fine-tuning, and multi-level XAl
output. Applied to 9,324 tiles with only 94 positive
labels, GeoEDL achieved a ROC-AUC of 0.9418, PR-
AUC of 09119, F1 score of 0.9268, and perfect
sensitivity of 1.0000, with no known mineralized tile
misclassified as barren. Geological factor decomposition
confirmed that geochemical anomaly drives 51.6% of
prospectivity predictions and spatial context drives
46.2%, consistent with the Cu-Mo-Au-As-Sb
hydrothermal footprint and broad dispersion halos of the
Tuwu-Yandong system, while the 2.2% structural
contribution reflects a dataset resolution limitation at the
2,000 m tile scale rather than geological unimportance of
the NE- and NW-trending fault network. The
simultaneous prospectivity, epistemic uncertainty, and
aleatoric uncertainty maps provide a geologically
principled exploration decision output that converts
model uncertainty into spatially explicit guidance for
field data acquisition. Future work should evaluate
GeoEDL generalizability across other deposit types and
geological settings and incorporate higher-resolution
structural and geochemical data to improve tile
classification specificity and structural attribution.
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