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An important aspect of geometallurgy is predicting the metallurgical performance of
mineral deposits, often including extraction and processing characteristics. The use of
machine learning is growing as an industry tool for geometallurgical prediction, with
random forest being one of the most frequently used algorithms. However, using all the
available geometallurgical variables for prediction can lead to overfitting and poor
forecasts Therefore, determining the minimum quantity of variables required for accurate
process modelling should be prioritised. The SHapley Additive exPlanations (SHAP)
analysis is an innovative technique that provides explanations for individual predictions
made by machine learning models that describe the process. It calculates the contribution
of each variable to the prediction outcome, providing a ranking of feature (variable)
importance. Based on SHAP analysis results, influential variables are retained to determine
accuracy variance for the secondary model. The proposed method is hypothesised to
produce acceptable performance of the secondary model compared to the primary model.
This paper highlights the usefulness of SHAP analysis in determining the most important
variables for prediction modelling. By using this technique, reduction in the number of
variables required for accurate prediction can be utilised, resulting in more efficient and
effective geometallurgy prediction models.
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INTRODUCTION

Machine learning is a field of study which can improve mineral resource extraction and beneficiation
processes through regression and classification schemes. The combination of machine learning with
geometallurgical modelling remains an important yet understudied topic. Geometallurgical machine
learning-driven prediction models have gained traction in, for example, iron and gold mining sectors
and there is scope to further apply these approaches to other commodities (e.g., Mn, Sn, etc.). Machine
learning often produces overfitted results and therefore the optimisation of the computation process is
critical to allow for efficiency without compromising forecast accuracy. There are two intersecting issues
within the geometallurgical machine learning field, the abundance of data (or lack thereof) and the
suitability of the algorithm. This paper focuses on the latter issue. An effective method to avoid
overfitting is by removing variables that have little to no influence on the model; known as feature
selection. This allows for influential variables to be retained to allow for accurate model reproduction,
whereas non-influential variables are removed from the modelling process, as well as feature selection
decision making on whether costly/difficult to measure data is required or not. By creating a framework
for determining the process of removing the non-influential variables, the overall efficiency of machine
learning approaches applied to geometallurgical problems may be streamlined.
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Non-linear relationships between the ore’s processing, geological and metallurgical variables create
complex mathematical modelling challenges for which differing machine learning algorithms produce
variable responses. The process of reducing the number of variables is often referred to as dimension
reduction, which involves decreasing the number of variables relative to the number of samples. Using
machine learning to correctly understand the relationships between variables is key to determining the
minimum quantity of variables required for accurate geometallurgical modelling. During
dimensionality reduction, variables cannot be randomly discarded since each variable has a level of
influence on the output of the model, and the level of this influence may act individually on the model
result, or through more complex interplay with other variables (e.g. derived variables). For example,
upgrading of grade in a process is achieved by implementing specific metallurgical methods controlled
by the ore type (e.g., magnetic separation, flotation, gravity separation etc.). Optimisation of the
beneficiation process can occur when the metallurgical methods are correctly updated, models
calibrated and specifically set according to continuously updated feed material, and relevant output
material characteristics. Continuous, up-to-date data describing the input, processing and output
properties of known ore allows for real-time updating of the model, allowing for effective fine-tuning
of the geometallurgical processing stream. The vast quantity of data required for real-time updating
makes human-based interpretation and modelling ineffective on the required timescale, therefore
optimised machine learning algorithms applied to geometallurgical modelling are regarded as an
advantageous step in maximising production yields.

A brief review of machine learning applied to geometallurgy

Decision trees, K-nearest neighbour, random forests, neural networks and support vector machines are
commonly utilised machine learning algorithms in the geological and metallurgical fields (Dumakor-
Dupey & Arya, 2021). These machine learning algorithms provide an alternative to fundamental and
phenomenological models; however, they need to be calibrated using relevant data. Table I summarises
several of these machine learning-based techniques, highlighting their relative advantages and
disadvantages, and providing relevant references to their application in geological and geometallurgical
problems. The remainder of this section interrogates a selection of case studies in which application of
machine learning protocols demonstrably improves the geometallurgical workflows. The final part of
this section synthesises the key take-home messages and learnings derived from the review.

Table 1. Most commonly used machine learning algorithms for geometallurgical datasets

Decision Popular technique Easy to Often overfit e (Nobahar et al.,
Trees used in interpret, data, decision 2022) - Fleet
geometallurgy. Tree- | handle boundaries often selection in a
like structure categorical and | unstable, Kaolin Mine
representing decisions | numerical data | imbalanced e (Rodriguez-
and possible and also used to | worksheets Galiano et al.,
consequences. Divide | model complex | produce 2015) - Gold
data into smaller systems. performance prospectivity
subsets based on data | Tree-based issues. modelling.
attributes. algorithms are
strong
nonlinear
feature
handlers.
Random Combines multiple Handles Computationally | e (Sheng et al.,
Forests decision trees to make | categoricaland | heavy, difficult to 2015) - Iron ore
more accurate numerical data, | interpret, can classification
predictions. handles missing | overfit noisy e (O'Brienetal.,
Constructs multiple and outlying datasets. 2014) -
decision trees and data, used for Polymetallic
combines predictions. | both gahnite
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Used for both classification classification
regression and and regression. (Bhuiyan et al.,
classification. Tree-based 2019) - Gold
algorithms are geometallurgical
strong relationship
nonlinear models.
feature
handlers.
Support Type of supervised Can handle Computationally (Ahmad et al.,
Vector learning algorithm both nonlinear | heavy, choice of 2018) - Intrusion
Machines used for regression and linear kernel function detection
(SVMs) and classification datasets, works | subjective, (Chatterjee &
analysis. Find the well on small sensitive to Bandopadhyay,
hyperplane that datasets, both choice of 2011) - Platinum
maximises the margin | regressionand | hyperparameters. grade
between two classes. classification. Are feature estimation
space-geometry (Taboada et al.,
aware, therefore 2007) - Slate
complications quality
arise with evaluation.
untransformed
data.
Artificial Use layers of Handle both Computationally (Wu & Zhou,
Neural interconnected nodes | linear and non- | heavy, prone to 1993) - Reserve
Networks to learn patterns in linear datasets, | overfitting, estimation
(ANNSs) data. Used for learn complex architecture and ((Al-Alawi &
classification and patterns, both hyperparameters Tawo, 1998) -
regression problems. | classification difficult to Bauxite resource
and regression. | optimise. evaluation
Commonly (Kaplan &
overfit data due Topal, 2020) -
to predominantly Gold grade
being stuck in prediction.
local minima.
The
approximation
ability also is
dependent on the
activation
function type.
K-Nearest | Type of supervised Simple, Computationally (Kaplan &
Neighbours | algorithm used for classification heavy for large Topal, 2020) -
(KNN) classification and and regression, | datasets, Gold grade
regression. Finds K doesn’t make sensitive to prediction
closest data points to | assumptions choice of K and (Koch et al.,
test point using labels | about distance metric, 2019) -
to predict label of test | distributions. requires large Porphyry
point. KNN is non- amount of copper drill core
parametric, meaning it memory to store mineralogical
doesn’t make training data set. characterisation.

assumptions about
distribution of data.

The algorithm is
feature space-
geometry aware,
causing
complications
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with
untransformed
data.
Naive Probabilistic algorithm | Simple, both Assumes features (Kose et al.,
Bayes for classification categorical and | are independent, 2012) - Ore
problems. Computes | numerical data, | does not perform mineral
probability of each works well on well on datasets segmentation
class using input data | high- with strong and
and selecting class dimensionality | dependencies quantification.
with highest datasets. between features,
probability. Based on requires large
Bayes theorem, amount of
assumes features are training data to
independent. estimate
probabilities
accurately.
Gradient Used for regression Both categorical | Computationally (Prades &
Boosting and classification and numerical | expensive, overfit Deutsch, 2016) -
problems, working by | data, can handle | on noisy datasets, Acid
iteratively adding missing and choice of consumption,
decision trees to outlying data, hyperparameters recovery and
model and adjusting both regression | can be difficult. impurity of
weights of data points | and The algorithm is copper ore
to improve classification. feature space- processing.
predictions. geometry aware,
causing
complications
with
untransformed
data.

Evaluation of Neural Networks, Random Forest, Regression Trees and Support Vector Machines (Rodriguez-
Galiano et al., 2015)

Rodriguez-Galiano et al., (2015) used artificial neural networks, regression trees, random forests and
support vector machines to predict mineral prospectivity and produce possible target locations for
likely mineral deposits. The four different algorithms used epithermal gold data comprised of 46 gold
occurrence locations, where the input data (variables) were composed of known mineralised structures,
geochemical surveys, exploited deposits, gravity and magnetic surveys as well as geological
information. Although this study focuses on mineral prospectivity, geometallurgical responses and
properties can be taken into account at a later stage to allow for feasibility studies and possible mine
planning once specific outcomes such as production targets have been identified. The performance
measure used to compare the four algorithms is the Kappa value. Kappa values are a statistical measure
that indicates how much agreement there is between the predicted and observed classifications when
judgments or evaluations are made, taking into account what would be expected by chance alone.
Random forests and support vector machines produced the largest Kappa values of 0.92 and 0.87
respectively, whereas artificial neural networks and regression trees produced Kappa values of 0.77 and
0.66 respectively. The four algorithms were compared using the accuracy of delineation of prospective
areas, sensitivity to estimation of hyper-parameters, sensitivity to input data size and interpretability of
model parameters. The results generated from each algorithm indicated that random forests displayed
higher stability and robustness (ability to maintain accuracy regardless of the level of data noise and
variability) while also outperforming the other algorithms due to having the highest measured
accuracy. A conclusion by Rodriguez-Galiano et al., (2015) was that the decision tree-based algorithms
like regression trees and random forests involve a less complicated training process compared to
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artificial neural networks and support vector machines, concluding that the random forest algorithm
produced the most accurate results while being easier to train. By reducing the number of input
variables according to their relevance and impact on the output, a faster model production turnaround
time can be achieved.

Performance Improvements during Mineral Processing Using Material Fingerprints Derived from
Machine Learning - A Conceptual Framework (van Duijvenbode et al., 2020)

Van Duijvenbode et al., (2020) defined a data-driven link between an ore’s characteristics and its
processing behaviour as a “material fingerprint”. Material fingerprints are machine learning-based
classification schemes utilising material attributes as a source of ore differentiation within the range of
attributes (chemical composition, texture and mineralogy) of a mine’s mineral reserves. By utilising
geometallurgical ore attributes as a means of ore characterisation, the improved classification of ore
types may improve processing behaviour forecasts. Van Duijvenbode et al., (2020) state that a larger
dataset of ore characteristics upgrades the fingerprint classification while improving confidence and
providing higher fidelity in the characterisation process. However, larger datasets increase processing
time while also increasing costs related to the data acquisition process. The study further stated that
new data improves confidence and fidelity of the fingerprints. Therefore, determining which variables
impact the machine learning output (i.e., fingerprints) allows a faster computational processing time
and provides insights into which variables should be prioritised in the data acquisition process.

Integrating Geometallurgical ball mill throughput predictions into short-term stochastic production
scheduling in mining complexes (Both & Dimitrakopoulos (2022))

Both & Dimitrakopoulos (2022) presented a process that integrated a throughput prediction model for
a ball mill into a short-term stochastic production schedule. The aim of the study was to increase
revenue for the mining operation by decreasing mining costs, processing costs and rehandling costs
while increasing the metal recovery rate. The geometallurgical data used for the multiple linear
regression prediction model were comprised of geological domains, material types, blast hole drilling
data, rock density and mill throughput rates providing a large dataset with numerous material and
processing characteristics. The primary challenge for linking the simulated ore characteristics to the
observed production data output at the processing plant related to tracking of material throughout the
processing facilities. The aim of characterising ore based on its attributes allows it to be matched with
the later processing response. Integration of a throughput prediction model into a stochastic short-term
mine production scheduling model involves not only the ore characteristics as mentioned, but also
comminution and scheduling data. The vast amount of data to model a scheduling plan can create
significant challenges within the modelling process. By incorporating all variables in each modelling
stage, non-influential data can result in skewed outputs with increased uncertainty in the ore
characterisation and comminution stages.

RECOMMENDATIONS

From the three case studies presented above, and from those summarised in Table 1, it is clear that
machine learning models may be hindered by the vast amounts of input data that enables overfitting .
This may slow down the prediction and characterisation processes while also increasing data
acquisition costs. Utilisation of machine learning for geometallurgical data is increasing, although there
are few optimisation methods being applied to these algorithms and associated geometallurgical data.
This highlights the need to process data during the pre- and syn-modelling phases. Here we present
SHAP analysis as a tool to optimise machine learning-based geometallurgical workflows.

SHapley Additive exPlanations Analysis

SHapley Additive exPlanations Analysis (SHAP) analysis ranks features (also referred to as variables)
according to their influence on any utilised machine learning model (Lundberg & Lee, 2017). Kumar ef
al., (2020) utilised SHAP analysis to reduce dimensionality where a shapley value is assigned to each
variable once the model has run. Values assigned to each variable are based on influence and impact on
the model, where variables with least impact can be filtered out. SHAP analysis aims to decompose
predictions from the machine learning model into the contribution of each feature. By breaking down
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the predictions into the contributions, an understanding of how the model reaches the predicted output
can be achieved. SHAP analysis does not remove variables with least influence, but rather provides a
way to quantify contributions of each feature regardless of the feature’s level of influence.

Kumar et al,. (2020) recommends that the model should be rebuilt using a new dataset comprised of
only the influential variables in order to calculate the accuracy of the model where the number of
variables could decrease by 10-20%, dependant on the dataset. The accuracy of the new model should
not vary greatly from the original model, where the performance of both predictions should be
measured by utilising performance measures such as error rate, sensitivity, precision, accuracy,
standard deviation, and other mathematic performance measures dependant on the type of model. The
sum of the contributions of all features within the final prediction of the test model can be expressed as:

fx)=g@) = @+ XK, 0z’

where f(x) is the predicted value of the model and g is the explanatory model (training model), and
z' € {0,1}*, K is the dimension of the input feature, @, is the average predicted value of the model and
@; is the contribution of the i-th feature (Shapley value) (Liu & Liu, 2022). It is generally recommended
to scale the features before computing SHAP values. Scaling the features ensures that the contributions
of the features are on a comparable scale and prevents the influence of features with larger numerical
ranges from dominating the results. SHAP values do not indicate feature importance, rather quantify
influence of the feature on the model’s output. Therefore, features with low importance by themselves
may have a high influence on the model when paired with other features. This underlines the
importance of SHAP values and why influence on the output of a model is critical to understand. Once
features are ranked using SHAP analysis, SHAP-based feature selection is used to preferentially select
the influential variables according to the desired criteria of selection which is moderated by known
fundamental and/or phenomenological relationships governing the specific section of the mining
operations under investigation. Once the features have been selected, a new model must be trained to
compare performance after cross-validation techniques have been applied to the new model.

An advantage of SHAP analysis is that the process is not restricted to only one type of machine learning
algorithm, but instead can be applied to virtually any model that can produce a prediction using a set
of input features. However, the effectiveness of SHAP analysis as a tool to determine the influential
variables is shouldn’t be viewed as dependent on the model. This is an important feature of SHAP
analysis, as the machine learning algorithm can be tailored to the field of study and use SHAP analysis
post-prediction.

Implications and advantages

The reduction of variables based on influence on the machine learning model within a geometallurgical
dataset has two main advantages: model overfitting and data acquisition cost decreases. These can be
summarised as:

Model ovetfitting

By eliminating unnecessary input variables in a machine learning algorithm, we can mitigate the risk of
overfitting. Rather than focusing on computational cost, an alternative strategy involves optimising the
machine learning process by carefully selecting the most influential features. By reducing the number
of input features, the model becomes more adept at identifying patterns and avoids allocating excessive
attention to variables that offer little or no impact on the modelled task. Consequently, this proactive
reduction in the model's complexity reduces the risk of overfitting, ensuring a more efficient and
effective learning process.

Data acquisition costs

By strategically selecting and minimising the input variables used in data collection and analysis
processes, resource allocation can be optimised. This approach enables a more focused and efficient
data acquisition process, where only the most relevant and influential variables are considered.
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Consequently, unnecessary expenses related to acquiring and processing large amounts of data that
may have limited impact on the desired outcomes can be avoided. By streamlining the data acquisition
process through variable reduction, cost savings can be achieved while still obtaining valuable insights
for geological exploration, metallurgical analysis, and geometallurgical modelling.

CONCLUSION

Incorporating variable reduction techniques, such as those based on SHAP analysis, is important for
improving and enhancing machine learning-based geometallurgical modelling. From the
aforementioned studies, random forests display consistent accuracy in the modelling process and
therefore pose a suggestion of which machine learning algorithm should be applied with
geometallurgical data. By identifying and focusing on the most influential features through SHAP
analysis, data collection and analysis can be streamlined, thereby reducing costs. This approach ensures
that resources are allocated efficiently, targeting only the variables that have a significant impact on the
desired outcomes. Through effective feature selection, mining operations can optimise their decision-
making processes, leading to improved profitability and more accurate geometallurgical models.
Ultimately, the integration of variable reduction techniques based on SHAP analysis empowers mining
companies to make informed decisions, capitalise on valuable insights, and drive greater efficiency and
profitability in their operations.
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