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Abstract: While geobotanists have long used plant occurrence to locate subsurface resources, none
have utilised floristic surveys as evidence in models of mineral potential. Here, we combine plant
species distributions with terrain metrics to produce predictive models showing the probability of
bauxite presence. We identified nineteen taxa with statistically significant associations with known
bauxite deposits and identified eleven terrain metrics from previous studies. We grouped variables
into three variable sets (floristic, topographic, and topo-flora) and produced mineral potential models
for each using four algorithms or approaches: (a) a generalised linear model (GLM); (b) random
forest (RF); (c) maxent (ME); and (d) a heterogenous stacking ensemble (GLM-RF-ME). Overall, the
random forest model outperformed all algorithms including the ensemble based on the area under
the curve (AUC) metric. The floristic set of variables outperformed the topographic set (AUC: 0.86 v
0.82). However, together they had the greatest predictive capacity (AUC: 0.89). Six taxa, including
Banksia grandis, Leucopogon verticillatus, and Persoonia longifolia, were indicators of bauxite presence,
while five other taxa, including Xanthorrhoea preissii and Hypocalymma angustifolium, were associated
with bauxite absence. Important topographic variables were topographic wetness, landscape position,
and valley depth, which characterised bauxite locations as being well drained, in the upper slope
positions of subdued hills, and at some distance from valleys. The addition of floristic surveys
provides a new line of evidence about the overlying botanical life that tolerates, accumulates, or
avoids bauxite or associated minerals. As opposed to drilling, both datasets can be collected and
interrogated at low cost and without impact to the surrounding environment. These data are valuable
additions to future applications of mineral potential modelling.

Keywords: bauxite; mineral potential modelling; geobotany; machine learning; topography; explo-
ration; Jarrah Forest; kriging

1. Introduction

Geobotany is a form of mineral prospecting that utilises floristic surveys to assist
in the identification of the location and extent of orebodies [1]. Geobotanists have long
recognised the relationship between the distribution of vegetation and minerals in the
substratum [2]. Plants that elucidate this relationship are broadly referred to as indicator
plants [3], which either avoid, tolerate, or accumulate high concentrations of metals [4,5].
Hydrangea macrophylla is an example of a plant that tolerates aluminium, indicating alu-
minium availability by producing blue flowers if it is available and pink flowers if it is
absent [6]. Many indicator species are well known, and a comprehensive list can be found

Land 2024, 13, 1995. https://doi.org/10.3390/land13121995 https://www.mdpi.com/journal/land

https://doi.org/10.3390/land13121995
https://doi.org/10.3390/land13121995
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/land
https://www.mdpi.com
https://doi.org/10.3390/land13121995
https://www.mdpi.com/journal/land
https://www.mdpi.com/article/10.3390/land13121995?type=check_update&version=2


Land 2024, 13, 1995 2 of 25

in Cannon [7] and Brooks [1]. Their identification is often achieved using geobotanical
surveying and/or remote sensing techniques [8].

Modern exploration acknowledges that most exploitable deposits are becoming harder
to identify with any one line of evidence [9]. Consequently, Geographic Information
Systems (GISs) have been increasingly adopted to combine multiple lines of evidence
into mineral potential models to enhance exploration [10]. Typically, the first step of
this process involves sourcing multiple spatial layers (i.e., evidence) that conceptualise
the mineralisation style and setting, such as faults and other lineaments, lithology, and
geochemistry [11]. These layers are then associated and combined using a knowledge- or
data-driven integration technique to create mineral potential maps. Knowledge-driven
techniques rely entirely on expert opinion to select, weight, and integrate evidence layers.
Prominent knowledge-driven techniques used in mineral prospecting include Boolean
logic [12], fuzzy logic [13], and evidential belief [14]. Due to the subjective nature of
knowledge-driven techniques, their application is typically reserved for when exploration
data are scarce [15].

Data-driven techniques quantify spatial relationships between evidential features and
known locations of mineral occurrence [15]. The resulting model is then used to infer
mineral probability in unexplored areas. Historically, statistical methods such as Bayesian
networks [16], logistic regression [17], and weight of evidence [18] were often used due
to their ease of interpretation. In recent decades, machine learning algorithms have been
increasingly used due to their ability to learn and model complex non-linear patterns
from large datasets [19]. Algorithms such as artificial neural networks [20], maximum
entropy [21], neural networks [22], random forest [23], and support vector machine [24] are
amongst the most frequently utilised [25]. These techniques have been found to improve
predictive performance over earlier statistical methods, which often struggle with non-
linear correlations and large numbers of evidential inputs (e.g., [26,27]).

Mineral potential modelling generally combines geochemical, geological, geophysical,
and remote sensing data as model evidence. These are selected to represent key geological
and topographic factors that influence the formation of a mineral deposit type [10]. To the
best of our knowledge, plot-based floristic data have never been included amongst this
evidence. Instead, most GIS-based geobotanical prospecting focuses on remote sensing
to map prospective areas. Most studies apply satellite imagery to map mineral-related
spectral anomalies or patterns in broad vegetation canopies [28–30]. In some cases, multi-
spectral vegetation indices are integrated with topographic and climatic maps to classify
lithology [31,32].

Although also relatively uncommon in mineral potential modelling, topographic
variables (e.g., slope, aspect, curvature) have been successfully used to assist in the iden-
tification of shallow mineral prospects. Ibanez et al. [33] used a public DEM to derive
topographic position and wetness, terrain flatness and openness, and valley depth to map
hydrocarbon prospects, and Carranza et al. [34] combined slope derivatives and geological
evidence to model nickeliferous-laterite potential. Albrecht et al. [35] integrated many
of these metrics with machine learning to target mineralised landscape units in Western
Australia. Other studies have used topographic variables to derive ore-related structural
lineaments [36,37] and stream sediments [38] for use in prospecting.

The ever-expanding selection of available data-driven machine learning techniques has
led to new difficulties around model selection and optimisation [39]. This has led to proposals
from both ecologists [40] and geologists [41] to consider a multi-model ensemble approach.
Ensemble techniques integrate multiple independent models to reduce model overfitting,
variance, and bias to improve overall prediction accuracy [42]. At present, ensemble methods
include homogenous bagging and boosting frameworks that combine outputs from the same
algorithm trained in different ways, and heterogenous stacking frameworks that combine
different algorithm types [43]. In all frameworks, models make independent predictions,
either in parallel or sequentially, and are then weighted by an evaluation metric and combined
via averaging [44]. As such, ensemble methods can outperform single models [45] and are
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receiving attention in ecology (e.g., [46]) and, more recently, in mineral potential modelling
(e.g., [41,47,48]).

Nearly half of Australia’s bauxitic alumina is mined in the Darling Range of south-
western Australia [49]. However, the bauxite here is low-grade ore (c. 33% available
alumina), typically obscured by under 1 m of overburden and well within the reach of
most plants’ root systems. As a prerequisite to mining, plot-based surveys to inventory
all plant species in the area are a requirement [50]. We seek to harness the potential of
these floristic data for geobotanical purposes and their combination with terrain metrics for
retrospective prediction of bauxite occurrence in this area. We have two aims: (a) statistically
identify variables for the prediction of bauxite based on floristic surveys and topography;
and (b) combine variables using mineral potential modelling to predict the likelihood of
bauxite presence. We explore the potential of floristic surveys and topographic variables
individually and in combination using three alternative modelling techniques and an
ensemble approach. The contribution of each variable in the final model is discussed.

2. Materials and Methods
2.1. Study Area

This study was conducted within a subset (c. 89,000 ha) of Alcoa’s Huntly bauxite
mine, located in the Northern Jarrah Forest subregion of the Darling Range, Western Aus-
tralia (Figure 1). Mining commenced here in early 2000 and is ongoing. The topography
of the region is an undulating plateau averaging 300 m above sea level, with frequent
and widespread upland hills and deeply incised valleys [51]. The study area experiences
a Mediterranean climate with cool winters and warm summers and is situated in the
western parts of the Darling Range where annual rainfall exceeds 1000 mm [52]. Vegetation
predominantly consists of dry sclerophyll forest with an overstorey dominated by Eucalyp-
tus marginata (jarrah) and Corymbia calophylla (marri), and a midstorey of Banksia grandis
(bull banksia) and Allocasuarina fraseriana (sheoak). Species diversity is exceptionally high,
comprising c. 800 species and 21 broad vegetation types [53,54].
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Figure 1. Location of (a) the study area situated within a subsection of Alcoa’s Huntly bauxite mine
occurring within (b) the Northern Jarrah Forest subregion of the Darling Range, Western Australia.
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The study area falls predominantly within a high rainfall zone exceeding 1000 mm per annum. The
extent of (c) all floristic plots and bauxite exploration drillholes used in analysis, as well as (d) a closer
view showing a smaller subset, are provided. Background shows a digital elevation model at 30 m
resolution acquired from the Shuttle Radar Topography Mission (SRTM).

2.2. Conceptual Model

A conceptual model of Darling Range lateritic bauxite is shown in Figure 2 (after [55]).
The key characteristics are summarised as follows:

• Orebodies are restricted to the upland geomorphology of the region between 250 and
350 m above sea level [56].

• Individual orebodies are discontinuous, generally lenticular in shape and elongate
northwest, vary up to 80 ha in areal extent, and can attain a thickness of 13 m at
Huntly [55].

• High rainfall promotes bauxitisation by enabling desilication and the alteration of clay
minerals to bauxite minerals, and stabilises soil acidity [57,58]. As such, higher-grade
ore occurs in the west of the Darling Range where rainfall is high (c. 1100 mm annually)
and declines as rainfall reduces inland [59].

• Granite and dolerite parent rocks have physically produced the subdued topography
(i.e., low hills) and upland geomorphology ideal for lateritic weathering [55,60].

• Thicker, better-quality orebodies tend to occur on mid- to upper-hill slope gradients
where the movement of water is optimal for draining byproducts from weathered
areas, for lower groundwater levels that inhibit formation, and for preventing stagnant
soil conditions and waterlogging [61,62].

• Bauxite is thin or absent on hill crests and lower valley slopes due to low slope
gradients and sluggish drainage [55].
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Figure 2. Conceptual model of Darling Range lateritic bauxite geomorphology (a) and mineralogical
profile of a typical high-grade deposit (b) (reinterpreted from the work of [55]).

2.3. Data Preparation
2.3.1. Bauxite Deposit Drillhole Data

Orebody exploration drilling is first undertaken on a uniformly spaced 120 × 120 m
exploration grid, where vertical geochemistry samples (c. 6 m depth) are collected and
analysed for available alumina, ferric oxide, reactive silica, and organic carbon quantities.
Further drilling is undertaken on a 60 × 60 m grid to demarcate orebodies, followed by on
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a 15 × 15 m grid for precision modelling where deposits are economically significant [55].
This information has been actively stored and managed in a spatial database by Alcoa since
the 1970s. A subset of c. 170,000 drillholes captured between 2000 and 2015 from the Hunt-
ley mining region was used for this study (Figure 1c). Each record contains a coordinate,
sampling date, and a categorical value representing generalised bauxite grade and extrac-
tion acceptability based on internal Alcoa algorithms (Table 1). We reclassified categories
1 and 2 to represent economic bauxite presence (1) and category F to represent bauxite
absence (0) using ArcGIS Pro (v3.0.0; [63]). Categories M and U were excluded. Finally,
bauxite locations were spatially thinned to 120 m to match the floristic plot exploration
grid and reduce sampling bias [64].

Table 1. Drillhole-derived bauxite grade and extraction suitability categories.

Suitability
Category Description Count

1 Accepted drillhole based on bauxite grade and deposit depth. 81,407
2 Accepted drillhole based on deposit depth. 16,280
M Unaccepted drillhole based on insignificant ore. 5373
U Unaccepted drillhole based on user reassessment. 104
F Unaccepted drillhole based on bauxite grade and deposit depth. 66,818

2.3.2. Floristic Plot Data

To meet statutory requirements, Alcoa has actively undertaken plot-based floristic
surveys in pre-exploration forest areas since 1991. Plots are based on the same 120 × 120 m
exploration grid used during exploration drilling. At each plot, a coordinate and a sampling
date are recorded, along with an inventory of all understorey and overstorey species within
a 5 m and 20 m radius, respectively. These data were provided by Alcoa in various spread-
sheet files that were cleaned and standardised using the Floristic Information Management
System [65], resulting in c. 31,000 forest plots over an area of 43,200 ha, comprising 469 taxa
from 260 genera. Further filtering was conducted to remove unverified and non-perennial
species, and species with less than 100 observations. Finally, plots were spatially clipped to
the drillhole dataset extent, leaving c. 25,000 plot records comprising 105 taxa for use in
analysis (Figure 1c).

2.4. Model Variables
2.4.1. Indicator Plant Species

Each plot location was spatially joined to the nearest neighbouring bauxite drillhole
location within a 120 m search radius, thereby attributing plant species with bauxite pres-
ence/absence information. A Chi-squared statistic was used on each species to test for a
significant association (α = 0.05) with bauxite presence and absence locations [66]. Plant
species that were significantly associated with presence or absence were interpolated into
continuous raster surfaces representing a probability of occurring within each cell [0, 1]
using kriging. We chose disjunctive kriging over other linear interpolators such as or-
dinary kriging due to its ability to handle non-parametrically distributed, binary (i.e.,
presence/absence) data [67]. Additionally, disjunctive kriging was chosen over the com-
parable indicator kriging technique, as indicator kriging is ultimately a nested disjunctive
kriging interpolator [67]. We used the Geostatistical Analyst extension in ArcGIS Pro
(v3.0.0; [63]) to perform exploratory analysis and disjunctive kriging on each species follow-
ing an approach outlined in [68]. We used an omni-directional semi-variogram fitted with
a stable model, with all other parameters optimised by the Geostatistical Analyst extension,
to perform disjunctive kriging. Prediction performance was assessed using leave-one-out
cross-validation based on root-mean-square error measures [69] (see Table A2).
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2.4.2. Topographic Variables

We used the 1 s (c. 30 m) hydrologically enforced digital elevation model (DEM)
obtained from the Shuttle Radar Topographic Mission (SRTM; [70]) shown in Figure 1c,
along with SAGA software (v8.0.0; [71]), to derive topographic variables representing
bauxite formation and distribution controls identified by Hickman et al. [55]. The SRTM
DEM was captured in February 2000, which predates mining that commenced in mid-2000.

A range of topographic variables were included to explore deposit shape, orientation,
and position (Table 2). Aspect was used to consider the northwest orientation of deposits,
which we calculated in degrees and converted to continuous “eastness” (ASE) and “north-
ness” (ASN) variables as per Amatulli et al. [72]. Mean curvature (MCV), which combines
convexity and concavity to summarise overall surface curvature [73], was included to
provide evidence for lenticular-shaped deposits. We also derived the relative landscape
positions of deposits from their immediate surroundings using the multiscale topographic
position index (mTPI). The mTPI combines the topographic position index [74] at multiple
scales to better represent local and global topography [75]. Similarly, we used valley depth
(VD), which is calculated as the difference between the elevation and an interpolated global
ridge level [71], to measure the negative association between bauxite grade (and occurrence)
and proximity to lower hills and valley areas.

Table 2. Topographic variables used to represent bauxite formation and distribution controls.

Variable Name Abbreviation Description Citation

Aspect Eastness ASE
Aspect as ranging from −1 to 1
representing west and east slopes,
respectively.

[76]

Aspect Northness ASN
Aspect as ranging from −1 to 1
representing south and north slopes,
respectively.

[76]

Downslope Distance
Gradient DDG

Measure of hydraulic gradient. Lower
gradient on concave slopes, higher
when convex.

[77]

Mean Curvature MCV
Overall surface curvature. Low values
are accumulation areas, high values
are denudation.

[73]

Mid-Slope Position MSP
Isolates mid-slope position of hills.
Mid-slope is 0 and value increases
further away from mid-slope.

[78]

Multi-Resolution
Ridge Top Flatness mRTF Identifies flat ridge areas. Values

closer to 1 are perfectly flat hill tops. [79]

Multi-Resolution
Valley Bottom
Flatness

mVBF
Identifies flat valley areas. Values
closer to 1 are perfectly flat
valley bottoms.

[79]

Multiscale
Topographic Position
Index

mTPI
Terrain position at multiple scales.
Hills are positive values, valleys are
negative. Plains are 0.

[74]

SAGA Wetness Index SWI
Topographic controls on hydrology.
Higher values are high wetness and
accumulation.

[80]

Valley Depth VD
Distance from interpolated ridge line
to valleys. Higher values are
deeper valleys.

[81]

Wind Exposition WE
Terrain exposure to wind. Lower
values are sheltered terrain, higher
values are more exposed.

[82]

Associations between bauxite and hill slopes were also examined. The mid-slope
position (MSP) index was used to isolate mid-slope gradients along hills [83], where
bauxitic weathering is most efficient, and multi-resolution ridge top flatness (mRTF) and
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valley bottom flatness (mVBF) indices [79] were used as evidence for bauxite-inhibiting flat
hill crests and valleys. To quantify drainage intensity and water accumulation, we used the
SAGA wetness index (SWI). The SWI represents soil wetness and is calculated using the
topographic wetness index [84] with improved catchment calculation [71]. The hydrological
downslope distance gradient (DDG) metric was also included to further investigate the
impact of local slope characteristics on runoff [77]. Finally, we used the wind exposition
(WE; [82]) index to determine if climate-exposed parts of the landscape promote bauxite
due to increased access to meteoric water from rainfall and therefore drainage.

2.4.3. Multicollinearity Analysis

The usdm package (v2.1.7; [85]) in R (v4.3.0; [86]) was used to calculate the Pearson
correlation coefficients and variance inflation factor (VIF) for each variable against all
others, as recommended by Cobos et al. [87]. To assess the multicollinearity of flora and
topography separately, we calculated the VIF for three sets: all topographic variables
only (Set 1), all flora variables only (Set 2), and all variables combined (Set 3). As highly
correlated variables can cause unstable model estimates, we removed significant correlates
from each group using backward stepwise elimination based on the variable with the
highest VIF [85]. We applied this technique to each set and only retained variables for
which the VIF ≤ 3 based on Schwager and Berg [76].

2.5. Mineral Potential Modelling

Mineral potential modelling was performed in R using the biomod2 package (v4.2.0; [88]).
Modelling was undertaken via a multi-step procedure based on Schwager and Berg [76,89]
that was applied to each of the three sets of variables independently. First, five sets of
10,000 pseudo-absence locations were randomly generated. Then, modelling was performed
using generalised linear models (GLMs), random forest (RF), and maximum entropy (ME)
algorithms. The GLMs were calibrated using logistic regressions with quadratic terms and
one-way interactions due to the binomial distribution of the response variable. The RF and
ME models used the biomod2 ‘untuned’ setting, which implements the default options of the
original algorithms [88]. Model training and validation were conducted via five internal cross-
validations, where 80% of the data were randomly assigned for training and 20% for validation
per iteration. Five permutations were used to measure variable importance per model, and
validation was assessed via the area under the curve (AUC) metric obtained from the Receiver
Operating Characteristic (ROC) curve. A ROC curve is a graph that represents how well a
machine learning model performs by plotting the True Positive Rate (TPR) and False Positive
Rate (FPR) at different classification thresholds; the TPR represents the proportion of actual
positives correctly identified by the model, while FPR is the proportion of actual negatives
incorrectly identified as positives by the model [90]. Additionally, the ROC curve can be
used to generate the AUC statistic, which provides a summary measure of overall model
performance, where an AUC of 0.5 is random, 1 indicates perfect model fit, and values between
0.7 and 0.9 are generally considered moderate to good [91,92]. An ensemble model integrated
all three algorithms by combining the mean of probabilities of all model outputs with an
AUC > 0.8. Bauxite potential maps were generated from the predictions of each model.

2.5.1. Variable Reduction and Model Optimisation

We reduced potential model overfitting and optimised model complexity by removing
the maximum number of redundant predictor variables without a significant reduction in
model AUC [93]. Redundant variables were eliminated through a stepwise process in which
the least important variable was removed, the model was re-run, and the resulting AUC
was statistically compared to the initial model using a DeLong test [94] using the pROC
package (v1.18.1; [95]) in R. Variables were removed until the DeLong test determined
a statistically significant (p < 0.05) difference in AUC. To ensure that model AUCs were
consistent across iterations, we set aside 1000 randomly selected bauxite drillhole and
pseudo-absence locations for evaluation purposes and used these to validate models during
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the stepwise process. We applied this method to the three sets of variables. Finally, we used
a Wilcoxon–Mann–Whitney test to determine if the model AUC values were statistically
different (p < 0.01) between variable sets. We chose the Wilcoxon–Mann–Whitney test
due to its use in comparing mean AUCs between several ensemble models in comparable
studies [76,89].

2.5.2. Variable Response Curves

We generated response curves to evaluate model plausibility and to determine how
variables interacted with bauxite potential [96]. Response curves plot the relationship
between the probability of occurrence of a dependent variable (i.e., bauxite potential) and
each of the predictor variables. For each plot, the response (y-axis) is modelled using
one predictor (x-axis) while all others are held constant at their mean [96]. We used
biomod2 [88], which implements the Evaluation Strip method [97] with the mean statistic
for setting variables to a fixed constant. Response curves were created for each topo-flora
variable that was retained after the model optimisation procedure per algorithm (GLM, RF,
ME) within the final heterogenous ensemble.

3. Results
3.1. Model Variables
3.1.1. Indicator Plant Species

Nineteen species were found to be statistically associated with bauxite presence or
absence based on Chi-squared tests (Figure 3). Allocasuarina fraseriana (sheoak) favoured
bauxite presence more than all other species, with 62% of its 1555 occurrence records
situated on bauxite orebodies. In contrast, five species had obvious statistically significant
associations with bauxite absence. Taxandria linearfolia (swamp peppermint), Eucalyptus
patens (yarri), Hypocalymma angustifolium (white myrtle), and Hakea lissocarpha (honey bush)
occurrences (totalling 226, 405, and 490, respectively) were each situated off bauxite deposits
over 70% of the time. Xanthorrhoea preissii (grass tree), an abundant and widespread species,
also strongly favoured bauxite absence, with 65% of its 1157 records occurring off-deposit.
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Figure 3. Nineteen plant species selected as candidates for bauxite prospectivity modelling. Species
with significant associations with known bauxite deposits were identified using the Chi-squared
statistic (α = 0.05). The numbers in brackets represent the total number of plants occurring on and off
bauxite that were considered in the Chi-squared analysis.
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Plant species with prominent inclinations towards bauxite deposit presence (Banksia
grandis) and absence (Taxandria linearfolia), represented in occurrence probability maps that
were produced from disjunctive kriging, are presented in Figure 4.
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Figure 4. Exemplar plant species (a) Banksia grandis and (b) Taxandria linearfolia represented in
occurrence probability maps resulting from disjunctive kriging. Banksia grandis is strongly posi-
tively associated with bauxitic presence, while Taxandria linearfolia is strongly negatively associated.
Higher values of the topographic variables (c) multiscale topographic position index (mTPI) and
(d) SAGA wetness index (SWI) were also found to strongly highlight bauxite-present and -absent
areas, respectively.

3.1.2. Topographic Variables

Eleven topographic variables representing deposit shape, orientation, position, and topo-
drainage processes were successfully derived from the SRTM DEM (shown in Figure 1c). The
multiscale topographic position index (mTPI) was particularly notable for capturing the gentle
undulating hills where bauxite frequently occurs (Figure 4c), while the SAGA wetness index
(SWI; Figure 4d) was vital for highlighting the more mesic locations in the landscape, such as
lower hill slopes and valley floors, where bauxite formation is generally inhibited.

3.1.3. Multicollinearity Analysis

The topographic derivatives (Set 1) mean curvature (MCV), multiscale topographic
position index (mTPI), SAGA wetness index (SWI), and wind exposition (WE) exhibited
high pairwise correlations (i.e., VIF > 3; Figure A1). Based on the backward stepwise
elimination process, MCV and WE were removed to ensure that all remaining derivatives
had minimal collinearity (VIF ≤ 3; Figure 5a). No flora variables (Set 2) exhibited significant
pairwise correlation and all were retained (Figure 5b). No significant collinearity issues were
detected between topography and flora variables (Set 3; Figure A2). The final topographic
and flora variables used in modelling are presented in Figure 5.
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Figure 5. Pearson correlations and variance inflation factor (VIF) scores (top x-axis) of the final
(a) topographic and (b) floristic variables used in species distribution models. Abbreviations for
topographic and floristic variables are the same as those used in Table 2 and Figure 3, respectively.

3.2. Mineral Potential Modelling

The three sets of predictor variables were modelled separately to explore the strength
of each in predicting bauxite. Considering the mean AUC of the heterogenous ensemble
(HE) model (Figure 6) across all three sets, Set 3 yielded the highest AUC (0.88), followed by
Set 2 (AUC: 0.85) and Set 1 (AUC: 0.82). The Wilcoxon–Mann–Whitney tests suggested that
the mean model AUC of Set 3 (a combination of Sets 1 and 2) was significantly different to
the other variable groups (Figure 6), indicating that model performance was significantly
improved by combining topographic and floristic variables.

Land 2024, 13, 1995  11  of  26 
 

 

Figure 6. Analysis of the area under the curve (AUC) metric of the models generated for bauxite 

potential modelling. Three sets were tested, including topographic (Set 1) and floristic variables (Set 

2), as well as a combination of both (Set 3). Algorithms GLM, RF, and ME were used to build inde-

pendent models as well as a heterogenous ensemble (HE) of all algorithms. The Wilcoxon–Mann–

Whitney test was used to compare whether the mean ensemble model AUC of each variable set was 

significantly different. A significance level of 0.01 is represented as “***”. 

3.2.1. Variable Reduction and Model Optimisation 

The maximum number of  redundant predictor variables were  removed without a 

significant (p < 0.05) impact on the model AUC using the stepwise DeLong comparison 

test  (Table 3). With  few exceptions,  the minimal set of  topographic  (Table 3A), floristic 

(Table  3B),  and  combined variables  (Table  3C) were  consistently observed  across final 

models. See Table A1 for an overview of all variables that were removed from the final 

models. 

Table 3. Minimum set of variables and optimal AUC obtained using a stepwise DeLong comparison 

test to remove variables with a statistically insignificant impact on the model AUC. The DeLong test 

was undertaken separately for (A) topographic variables only (Set 1), (B) floristic variables only (Set 

2), and (C) topography and flora variables combined (Set 3). The DeLong test was applied to the 

homogenous (GLM, RF, and ME) and the heterogenous ensemble (HE) models for each set of vari-

ables. Abbreviations for topographic and floristic variables are the same as those used in Table 2 and 

Figure 3, respectively. 

  Set    GLM  RF  ME  HE 

A. 

Set 1 

Topography 

only 

Final   

variables 

DDG  mRTF  DDG  DDG 

mTPI  MSP  mRTF  mRTF 

SWI  mTPI  MSP  MSP 

VD  SWI  mTPI  mTPI 
  VD  SWI  SWI 

Figure 6. Analysis of the area under the curve (AUC) metric of the models generated for bauxite
potential modelling. Three sets were tested, including topographic (Set 1) and floristic variables
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(Set 2), as well as a combination of both (Set 3). Algorithms GLM, RF, and ME were used to build
independent models as well as a heterogenous ensemble (HE) of all algorithms. The Wilcoxon–Mann–
Whitney test was used to compare whether the mean ensemble model AUC of each variable set was
significantly different. A significance level of 0.01 is represented as “***”.

3.2.1. Variable Reduction and Model Optimisation

The maximum number of redundant predictor variables were removed without a
significant (p < 0.05) impact on the model AUC using the stepwise DeLong comparison test
(Table 3). With few exceptions, the minimal set of topographic (Table 3A), floristic (Table 3B),
and combined variables (Table 3C) were consistently observed across final models. See
Table A1 for an overview of all variables that were removed from the final models.

Table 3. Minimum set of variables and optimal AUC obtained using a stepwise DeLong comparison
test to remove variables with a statistically insignificant impact on the model AUC. The DeLong
test was undertaken separately for (A) topographic variables only (Set 1), (B) floristic variables only
(Set 2), and (C) topography and flora variables combined (Set 3). The DeLong test was applied to
the homogenous (GLM, RF, and ME) and the heterogenous ensemble (HE) models for each set of
variables. Abbreviations for topographic and floristic variables are the same as those used in Table 2
and Figure 3, respectively.

Set GLM RF ME HE

A.
Set 1

Topography
only

Final
variables

DDG mRTF DDG DDG
mTPI MSP mRTF mRTF
SWI mTPI MSP MSP
VD SWI mTPI mTPI

VD SWI SWI
VD VD

AUC 0.78 0.81 0.80 0.82

B.
Set 2

Flora only

Final
variables

BANGRA BANGRA BANGRA BANGRA
EUCPAT HAKLIS HAKLIS EUCPAT
HAKLIS HYPANG HOVCHO HAKLIS

HYPANG LEUVER HYPANG HOVCHO
LEUVER LOMSON LEUVER HYPANG
LOMSON PERLON LOMSON LEUVER
PERLON TAXLIN PLACOM LOMSON
PLACOM XANPRE TAXLIN PERLON
XANPRE XANPRE PLACOM

TAXLIN
XANPRE

AUC 0.83 0.86 0.85 0.85

C.
Set 3

Topography
and flora

Final
variables

BANGRA BANGRA BANGRA BANGRA
DDG HAKLIS DDG DDG

HAKLIS HYPANG HAKLIS HAKLIS
HYPANG LEUVER HOVCHO HOVCHO
LEUVER mRTF HYPANG HYPANG
LOMSON mTPI LEUVER LEUVER

mTPI PERLON LOMSON LOMSON
PERLON SWI MSP mRTF

SWI TAXLIN mTPI MSP
VD VD PLACOM mTPI

XANPRE XANPRE SWI PERLON
VD PLACOM

XANPRE SWI
TAXLIN

VD
XANPRE

AUC 0.86 0.89 0.87 0.88
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Mean variable importance was obtained from the final optimised models and is
presented in Figure 7. SAGA wetness index (SWI), valley depth (VD) and multiscale topo-
graphic position (mTPI) were most important when modelling bauxite using topography
only (Set 1; Figure 7a), with each contributing c. 48%, c. 27% and c. 17% to the final model,
respectively. Furthermore, Banksia grandis (BANGRA; c. 35%), Xanthorrea preissii (XANPRE;
c. 23%), Hypocalymma angustifolium (HYPANG; c. 20%) and Hakea lissocarpha (HAKLIS;
c. 14%) were amongst the most important plant species identified from the flora-only
models (Set 2; Figure 7b). These same variables maintained their relative importance within
the combined variable model (Set 3; Figure 7c), with B. grandis, SWI, VD and X. preissii
determined most important.
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Figure 7. Mean variable importance (represented as a percentage) obtained from the final optimised
bauxite potential models when using (a) Set 1 (topographic variables only), (b) Set 2 (flora variables
only) and (c) Set 3 (all topographic and floristic variables combined). The bars represent individual
variables and their mean importance within each model set. A bar closer to the outer radial axis
has higher variable importance than a bar close to the chart centroid. Orange and green bar colours
represent topographic and flora variables, respectively.

3.2.2. Variable Response Curves

Response curves for the seventeen optimal predictor variables are shown in Figure 8.
Topographies with low to moderate amounts of soil moisture, rather than waterlogged areas,
were found to be more suitable for bauxite based on the SAGA wetness curve (SWI; Figure 8a).
Additionally, topographies with lower valley depths (c. < 30 m; Figure 8b) were also found to
be most suitable, suggesting that bauxite was more likely in upland terrain away from valleys.
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The multiscale topographic position (mTPI; Figure 8c) peaked at a value of 1, suggesting that
lower, subdued hills are most suitable. Banksia grandis (BANGRA; Figure 8d) exhibited a strong
positive relationship with bauxite; as B. grandis occurrence increased in the region, bauxite
occurrence became more likely. Other notable positive, albeit weaker, relationships with bauxite
were observed for Leucopogon verticillatus (LEUVER; Figure 8e), Lomandra sonderi (LOMSON;
Figure 8f), Persoonia longifolia (PERLON; Figure 8g), Platysace commutata (PLACOM; Figure 8h)
and Hovea chorizemifolia (HOVCHO; Figure 8i). In contrast, bauxitised ground was present
in areas where the species Hakea lissocarpha (HAKLIS; Figure 8j), Hypocalymma angustifolium
(HYPANG; Figure 8k) and Xanthorrhoea preissii (XANPRE; Figure 8l) were less likely to occur
or were absent. This pattern was also true for Taxandria linearoflia (TAXLIN; Figure 8m) and
Eucalyptus patens (EUCPAT; Figure 8n), albeit with less pronounced response curves.
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Figure 8. Response curves characterising the relationship between probability of bauxite presence
and each variable (a–q). Curves represent a model created by each algorithm independently using
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only one of each of the 17 variables. For example, (a) presents the response of bauxite probability to
SAGA wetness index (SWI) values, while (q) shows the response when the mid-slope position (MSP)
variable is used. Abbreviations for topographic and floristic variables are the same as those used in
Table 2 and Figure 3, respectively. Blue, red and green colours represent curves from the GLM, RF
and ME algorithms, respectively.

The final bauxite potential maps obtained from the heterogenous ensemble model are
provided in Figure 9 and include maps based on Set 1 (topography only; Figure 9a), Set 2
(flora only; Figure 9b) and Set 3 (combined; Figure 9c).
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Figure 9. Projected potential maps of bauxite occurrence based on models comprising (a) Set 1—
topographic derivatives only; (b) Set 2—flora species only; and (c) Set 3—all selected variables.

4. Discussion

As the global demand for mineral resources has accelerated in recent years [98],
innovative modelling approaches are required to assist in their discovery. A particular
advantage of mineral potential models is that they constitute an evidence-based targeting
tool that can be easily updated with new and diverse evidence [41]. However, despite the
potential of exploiting in situ plant occurrence to detect subsurface minerals, no studies
have utilised this information in mineral modelling. We found that including geobotanical
evidence introduced new, non-redundant information into our models based only on
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derivatives of topology and on improved discrimination in presence–absence records of
bauxite.

4.1. Model Variables
4.1.1. Indicator Plant Species

This study utilised a rich database of floristic surveys to explore this potential. Unlike
traditional geobotanical methods, which rely on in situ qualitative surveys for mineral-
related plants known a priori, our approach combines plant and mineral occurrence data
with machine learning to statistically relate plants and minerals for the purpose of identify-
ing new indicator plants and predicting the probability of mineral occurrence in unexplored
landscapes. We determined Banksia grandis to have a significant association with bauxite
presence (Figures 7 and 8). B. grandis is a dominant midstorey shrub or tree occurring at
heights of up to 10 m in the region [99]. Though it is widespread, some studies suggest an
association with bauxite substrate. B. grandis tends to grow on lateritic gravels [100] and
is statistically correlated with the mid-slopes of bauxite-rich upland hills (e.g., [101,102]).
Therefore, B. grandis distribution may act as a proxy variable of topographic control in our
models. Nonetheless, the Banksia taxon has been identified as a hyperaccumulator of alu-
minium [103], and anomalous traces have been found in its leaves in the same region [104],
which Lambers et al. [105] attributes to its detoxification mechanisms. This indicates that B.
grandis is likely to at least have a resistance to soils with high aluminium concentrations,
if not a preference for them. Biogeochemical analysis of leaf tissue is recommended to
confirm this [106].

A further five taxa were associated with bauxite presence. The most notable were
Leucopogon verticillatus, Persoonia longifolia and Hovea chorizemifolia, all of which frequently
occur on the gravelly undulating hills characteristic of deposits in the region [101]. The
relatively low importance of L. verticillatus and H. chorizemifolia in our models (Figure 7),
especially compared to B. grandis, may be explained by their aversion to the drier sandy
gravels common at deposits (Figure 2a) and their tendency to occur on upper hill slopes
where bauxite formation is suboptimal [53,55]. Likewise, the infrequency of H. chorizemifolia
observations in our dataset (Figure 3) may have also contributed to the taxon’s low model
importance. The remaining taxa Lomandra sonderi and Platysace compressa were very low in
importance in our models (Figure 7) and produced very weak positive relationships with
bauxite potential according to our response curves (Figure 8).

Five taxa were found to be associated with bauxite absence. Four of these (Taxandria
linearifolia, Hypocalymma angustifolium, Hakea lissocarpha and Eucalyptus patens) occur on
the edges of swamps and valleys or on lower hill slopes [101,107], which were situated
away from known locations of bauxite. Xanthorrhoea preissii, a tree-like monocotyledon
that dominates the forest understorey [108], also tended to occur more commonly away
from bauxite deposits. This is most likely because its roots struggle to reach the moist clays
beneath the duricrust zone (Figure 2), reducing survivability during drought [109,110].

4.1.2. Topographic Variables

We found three topographic variables that were strong predictors of bauxite (Figure 7).
The most important was topographic wetness (SWI), which quantifies variation in soil
wetness associated with runoff [111]. In the Darling Range, economic bauxite forms on
hillsides where water is well drained. The movement of water downhill promotes bauxiti-
sation by removing inhibiting solutions (e.g., silica) from weathering areas [112]. Ore grade
declines further downhill as slope gradients depreciate, and drainage accumulates and
stagnates [58]. The response curve for the SWI variable suggested that bauxite was situated
in relatively dry locations of the catchment (Figure 8a). In subdued landscapes, lower
topographic wetness may represent hillsides with appreciable slopes or hill crests [113].

Valley depth (VD) was also a strong bauxite predictor (Figure 7). In the region, de-
posits are frequently dissected by either shallow or deeply incised valleys [55]. Bauxite is
absent in valleys, as laterite is highly eroded, and soil conditions inhibit weathering [57].
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The valley depth variable clearly distinguished broad valley areas from upper geomorphol-
ogy (Figure 9a), and deposits tended to occur away from valleys (Figure 8b). Additional
information about the relative positions of bauxite on hills was incorporated via the mul-
tiscale topographic position index (mTPI). The mTPI showed that most bauxite occurred
where mTPI ≈ 0.5–1.5, which describes the middle to upper positions of hills (Figure 2a),
but below hill crests [114]. This corroborates anecdotal evidence from field workers in
the region [61,115,116] and findings relating topographic position indices to comparable
lateritic deposits [117].

4.2. Mineral Potential Modelling

To gauge the potential of topographic variables and plant taxa for modelling bauxite
individually and collectively, we modelled bauxite using three variable sets (i.e., topo-only,
flora-only and both). Almost all models obtained a mean AUC higher than 0.8, indicating a
good level of discrimination between presence and absence in our data [118]. Flora-only
models (0.83–0.86) outperformed topo-only models (0.78–0.82). While the topographic
variables accurately captured overland drainage processes and deposit position in our case
study, these metrics are less capable of representing subsurface soil conditions in low-relief
terrain [119,120]. It is likely that plant distribution provided indirect information not only
on topography [121] but also on subsurface soil chemistry [122] and mineralisation [123].

In the studied region, ore is restricted to lateritic soil [61]. Tall trees promote lateritic
weathering by fixing soils, regulating water percolation and runoff, and reducing soil
acidity in the substrate [55]. As no significant pairwise correlations were observed between
the 19 candidate taxa (Figure 5b), each species reflected relatively different outcomes of
the bauxite formation process in terms of the rootzone soil properties that vary across the
landscape. As such, we suspect that plant species distributions, particularly when used in
combination, incorporated unique information about these local soil processes, which the
terrain metrics could not. Additionally, the SRTM DEM used may exhibit increased vertical
error in forested regions [124], potentially increasing uncertainty in our topo-only model.
Regardless, the combination of both plant distributions and topographic variables showed
the best results in model performance, and the inclusion of terrain metrics improved the
clarity of the projected spatial patterns of bauxite deposits, particularly in lower valley
areas (Figure 9).

Akin to not relying solely on one opinion, modern ensemble techniques merge multi-
ple model algorithms together to reduce the generalisation error of the prediction. Several
recent studies found that heterogenous stacking ensembles improved mineral prediction ac-
curacy when compared to singular models (e.g., [41,48,125]). Our findings contradict these,
as we found that GLM-RF-ME ensembles generally performed worse than homogenous RF
models, and only marginally better than ME models (Figure 6). Ensemble techniques (such
as biomod) are prominent in the recent species distribution modelling (SDM) literature
for their potential to improve predictive ability [44,126]. However, some have suggested
that these techniques do not necessarily produce optimal models, may elevate overfitting,
and add unnecessary complexity [127,128]. Our findings align with Hao et al. [129] and
Valavi et al. [130], who both compared SDM techniques and found that heterogenous
biomod ensembles performed no better (and occasionally worse) than standard models
when trained with default biomod parameters.

4.3. Model Limitations and Recommendations

An inherent source of uncertainty in mineral potential modelling stems from the
general unavailability of exploration data, leading to the omission of key mineralisation
evidence [131]. While our models incorporate vital topographic factors, evidence such
as surficial geology and geophysics geodata often applied in prospecting [132] could
not be sourced. Most known bauxite deposits are restricted to lateritic soils overlying
aluminosilicate rocks [133]. While several studies have improved bauxite targeting by
isolating these types on regolith maps (e.g., [134,135]), local-scale geological mapping
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(e.g., [136]) is unavailable in our region. In these cases, multispectral satellite imagery
can help determine laterite extent [137,138], but these become highly unreliable in dense
forest canopies [139]. Our ability to include radiometric and gravity data, which could
help distinguish granite parent rocks [140], was also limited due to their post-mining
capture (i.e., earliest available is from 2007; [141]). Despite these limitations, we managed
to improve our models by explaining some of these missing factors using proxies, such
as local soil distribution according to plant occurrence. These findings reinforce recent
suggestions that mineral modelling could benefit from a multidisciplinary data approach
in the machine learning era [15].

Another potential limitation of our geobotanical modelling approach is the need for in
situ plant observations from underexplored regions. Admittedly, we used a well-sampled
and far-reaching floristic plot geodatabase [65] to create our species probability maps. It is
unlikely that comparable databases are available for public use, although we expect that
suitable alternatives may exist due to regulatory pre-impact surveys. Regardless, SDM
offers a possible solution when plant data are limited. Ecologists have long used SDM to
extrapolate plant habitat in underexplored landscapes, even when species observations are
limited (e.g., [142,143]). Therefore, plant occurrences taken from well-surveyed areas could
be used to predict species probability in underexplored landscapes, and these outputs
could be applied as evidence in mineral potential models, especially when indicator species
are known a priori.

5. Conclusions

Our results show that taking an inductive approach to floristic survey databases can
reveal previously unknown associations between plant species and mineral targets. This
is highly transferrable to other targets and a modern alternative for discovering plants as
indicators for a wide range of purposes. In addition, where floristic surveys already exist,
the process is extremely cost-effective and value-adding, and relative to other methods
of survey and exploration, it has very low impact on the environment. We demonstrate
that topographic variables representative of topographic wetness, position and valley
depth are useful for capturing complex formation controls of bauxite deposits in south-
western Australia. The addition of floristic surveys improved the accuracy of our model by
providing unique evidence about the overlying botanical life that either avoids, is tolerant
to or accumulates minerals in bauxite-rich soils. Of the several statistical and machine
learning approaches utilised, the random forest model was found to discriminate between
known bauxite presence and absence locations (AUC = 0.89). Unlike recent studies, we
found that heterogenous ensemble methods did not significantly improve model accuracy,
and the best approach was identified using random forest models. As opposed to more
invasive exploration techniques such as drilling, both topographic variables and floristic
surveys have no impact on the surrounding environment. These data can be valuable
inclusions in future applications of mineral potential modelling.
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Appendix A

Table A1. Root-mean-square error (RMSE) obtained from the disjunctive kriging process. Disjunctive
kriging was used to interpolate binary species occurrence (i.e., 0, 1 or presence/absence) geolocations
into continuous probability surfaces.

Species Name Abbreviation Root-Mean-Square Error

Acacia lateriticola ACALAT 0.165
Allocasuarina fraseriana ALLFRA 0.216
Banksia grandis BANGRA 0.281
Boronia fastigiata BORFAS 0.341
Eucalyptus patens EUCPAT 0.119
Hakea lissocarpha HAKLIS 0.166
Hovea chorizemifolia HOVCHO 0.268
Hypocalymma angustifolium HYPANG 0.175
Lechenaultia biloba LECBIL 0.232
Leucopogon capitellatus LEUCAP 0.254
Leucopogon verticillatus LEUVER 0.241
Lomandra hermaphrodita LOMHER 0.234
Lomandra sonderi LOMSON 0.309
Loxocarya cinerea LOXCIN 0.167
Persoonia longifolia PERLON 0.299
Platysace commutata PLACOM 0.171
Taxandria linearifolia TAXLIN 0.093
Xanthorrhoea preissii XANPRE 0.259
Xanthosia atkinsoniana XANATK 0.166

Mean 0.219
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(a) topographic and (b) floristic variables used in species distribution models.
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Appendix C

Table A2. Variables that were excluded from the final models during the stepwise DeLong comparison
test. These variables had a statistically insignificant impact on model AUC. The DeLong test was
undertaken separately for (A) topographic variables only (Set 1), (B) floristic variables only (Set 2), and
(C) topography and flora variables combined (Set 3). The DeLong test was applied to the homogenous
(GLM, RF and ME) and the heterogenous ensemble (HE) models for each set of variables.

Set GLM RF ME HE

A.
Set 1

Topography only
Excluded
variables

ASE ASE ASE ASE
ASN ASN ASN ASN

mRTF DDG mVBF mVBF
MSP

mVBF

B.
Set 2

Flora only
Excluded
variables

ACALAT ACALAT ACALAT ACALAT
ALLFRA ALLFRA ALLFRA ALLFRA
BORFAS BORFAS BORFAS BORFAS

HOVCHO EUCPAT EUCPAT LECBIL
LECBIL HOVCHO LECBIL LEUCAP

LEUCAP LECBIL LEUCAP LOMHER
LOMHER LEUCAP LOMHER LOXCIN
LOXCIN LOMHER LOXCIN XANATK
TAXLIN LOXCIN PERLON

XANATK PLACOM XANATK
XANATK
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Table A2. Cont.

Set GLM RF ME HE

C.
Set 3

Topography and
flora

Excluded
variables

ACALAT ACALAT ACALAT ACALAT
ALLFRA ALLFRA ALLFRA ALLFRA

ASE ASE ASE ASE
ASN ASN ASN ASN

BORFAS BORFAS BORFAS BORFAS
EUCPAT DDG EUCPAT EUCPAT

HOVCHO EUCPAT LECBIL LECBIL
LECBIL HOVCHO LEUCAP LEUCAP

LEUCAP LECBIL LOMHER LOMHER
LOMHER LEUCAP LOXCIN LOXCIN
LOXCIN LOMHER mRTF mVBF

mRTF LOMSON mVBF VD
MSP LOXCIN PERLON XANPRE

mVBF MSP TAXLIN
PLACOM mVBF XANATK
TAXLIN PLACOM

XANATK XANATK
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