
 

Annual Report 2019 
Paper 2019-02 

 
 

 
© Predictive Geometallurgy and Geostatistics Lab, Queen’s University 17 
 

Knowledge discovery from geochemical data with supervised and 
unsupervised methods1 
S. Ilkay Cevik (17sic1@queensu.ca) 

Gema Olivo (olivo@queensu.ca)  
Julian M. Ortiz (julian.ortiz@queensu.ca) 

Abstract 
As mineral exploration activities tend to aim at deeper targets, costs per discoveries 
are getting higher. Therefore, the effective utilization of all the available data is critical 
in the decision-making process. In recent years, several different machine learning 
algorithms (MLA) have emerged and have been adopted by the mineral explorers 
because of their ability to identify the multidimensional relationship between 
evidential features. The Random Forests (RF) algorithm is an MLA which is presented 
by many studies as a practicable technique for classification mostly because of its 
simplicity in terms of understanding the internal decision-making criteria, i.e. 
identification of feature importance, ability to handle missing data and to overcome 
overfitting. RF is an assembly of decision trees that have demonstrated good 
performance as compared to other classification and regression methods.  In this 
paper, we present an exploratory study, where the random forest is used both in 
supervised and unsupervised mode along with principal component analysis over a 
dataset of geochemical analysis, to provide insights about the potential of 
mineralization in the Vazante District in Brazil. The paper is aimed at demonstrating a 
workflow of an application of advanced statistical methods and MLA to rock 
geochemistry data for classification purposes to provide geological insights about the 
underlying processes which may help to identify similar deposits in different parts of 
the earth. 
 

 

1. Introduction 
Machine learning algorithms (MLA) comprise advanced statistical methods and they are most effective 
when it comes to processing many different layers of information at the same time. The exponential 
development in computing power in recent years has enabled MLA to process large amounts of data in a 
reasonable time. MLA has been widely adopted in computer science and in many other fields of science 
and engineering.  

Mineral exploration is one of the fields that require the evaluation of many different variables at the same 
time. In mineral exploration, this may include geochemical analysis, soil, drill core, and groundwater 
samples, results of geophysical surveys with several variables such as conductivity, resistivity, magnetic 

                                                           
1 Cite as: Cevik SI, Olivo G, Ortiz JM (2019) Knowledge discovery from geochemical data with supervised and 
unsupervised methods, Predictive Geometallurgy and Geostatistics Lab, Queen’s University, Annual Report 2019, 
paper 2019-02, 17-29. 
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field or total magnetic intensity values, factual maps of geological and structural features and 
interpretation maps of lithology, alteration, and structural information, among others. Each of these 
individual layers provides partial knowledge of the underlying phenomenon. A mineral explorer looks at 
those sources of information separately and tries to understand the underlying mineralization. Obviously, 
this interpretation can be enhanced if all the available information is utilized together. This justifies the 
use of MLA in mineral exploration.  

MLA and other advanced statistical methods are highly effective to identify multidimensional 
relationships between different data and can be used as a tool in exploration activities to increase the 
success rate and reduce the cost per discovery.  

This paper is aimed at demonstrating a workflow of an application of advanced statistical methods and 
MLA to rock geochemistry data for classification purposes to provide geological insights about the 
underlying processes which may help to identify similar deposits in different parts of the earth. 

2. Machine learning applied to mineral exploration 
Since most of the near-surface deposits are discovered, mineral exploration activities have a tendency for 
both aiming deeper targets (Wood and Hedenquist, 2019), and more complex geological settings (Caté et 
al., 2017). Therefore, the industry started to adopt the state of art, high precision and high accuracy data 
collection and analysis methods. As the precision and accuracy of the sensors increase, the number of 
variables to deal with increases. Moreover, the rate of data production is also increasing rapidly with the 
help of advancing technology. A portable spectrometer, for example, makes it possible for a geologist to 
analyze hundreds of soil samples in a day and identify the element or mineral content of the material. In 
order to cope with this tremendous amount of new generation data sets, machine learning methods are 
starting to be utilized. Caté et al. (2017) present a workflow to combine physical properties of the rock 
with machine learning methods to predict the presence of invisible gold in a drill core which is crucial to 
determine sampling intervals. Similarly, Bérubé et al. (2018) show that petrophysical properties of the 
rocks are good predictors for the identification of lithology and alteration types.  

Rodriguez-Galiano et al. (2015) compare four MLA, neural networks, random forest, regression trees and 
support vector machines, in their ability to generate predictive models for mineral prospectivity. 
According to the study, random forest outperformed the other MLA in terms of the accuracy for the 
delineation of the prospective areas, their sensitivity to hyperparameters, sensitivity to the size of the 
training data and interpretability of the results. The random forest also yielded better ROC analysis results. 
Many other authors (Harris and Grunsky, 2015; Carranza et al., 2015; McKay and Harris, 2016) also showed 
that random forest is an effective and interpretable tool for producing predictive mapping for exploration.  

The main use of random forest in these studies is the classification, which is a supervised technique and 
requires a set of training samples. However, the random forest can also be used as an unsupervised tool 
(Breiman, 2001) to find natural clusters within a dataset to provide insights. There are few studies that 
use the random forest as a clustering tool rather than classification (Chen et al., 2019).  

In this paper, we present an exploratory study, where the random forest is used both in supervised and 
unsupervised mode along with principal component analysis over a dataset of geochemical analysis, to 
provide insights about the potential of mineralization in the Vazante District in Brazil. 
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3. Methodology 

3.1. Data Processing 
Geochemical data generally need to be processed before conducting a statistical analysis. The most 
common two reasons for the treatment are the existence of censored values and closure of the analysis 
results. The former is due to the limitations of analytical methods. Some of the samples have element 
concentrations lower than the detection limit hence reported as “less than detection limit”. Samples that 
contain censored values in some variables should either be removed from the data (if they are found 
erroneous or unreliable) or the cells should be replaced with a numeric value to conduct statistical analysis 
with a process called imputation. The removal of the samples with some censored values causes to lose 
all the other information included by the associated sample. In some cases, the amount of informed 
variables to be lost might be substantial. Therefore, it is worthwhile to consider using imputation 
methods.  

There are several imputation methods available. A common practice in the industry is to use half of the 
detection values. In this study, we use the k-nearest neighbor in Aitchison distance method by using the 
function available in the R package called ‘robCompositions’ (Templ et al. 2011). k is the number of closest 
samples to be used in imputation. The distance metric used for compositional data is Aitchison distance 
which is calculated by the formula below (Hron et al. 2010): 

 

where,  𝑑  is the distance between samples X and Y, D is the total dimension of the samples (total 
variables) and 𝑥 ,  and 𝑦 ,  are the ith and jth variable of the sample. 

The other correction is for closure. This originates from the special status of the compositional data. 
Compositional data refers to the type of data in which variables are strictly positive and carry only relative 
information (Pawlowsky-Glahn et al. 2015) and their statistical evaluation requires caution. Since the 
samples only carry the relative information and they are constrained to sum up to a whole, instead of the 
information of a part, ratios are needed to compare different samples in a consistent way. Ratios, on the 
other hand, (1) are not symmetric, in other words, changing the position of the numerator and 
denominator does not result in symmetric values around a specific value, and they are strictly positive 
numbers. In order to address these limitations, using log-ratios is proposed by Aitchison (1982). This study 
uses centered log-ratios (clr) for principal component analysis.  

3.2. Supervised Random Forest – Classification 
Classifying rocks types by using their petrophysical, geochemical or geophysical properties is an important 
task in mineral exploration especially when the different units with highly similar lithological features exist 
in the geological setting. Multivariate nature of the rock geochemistry is helpful to classify rocks and most 
of the time it is more affordable and faster than other methods such as age determination by using 
isotropy or palynostratigraphy.  
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A way of conducting the classification task with multivariate data is to train a machine learning algorithm 
with the known samples, i.e. the rocks samples that the practitioner can confidently classify. Decision Tree 
(DT) is one of the machine learning methods which aims to split the database to achieve maximum purity 
in each side of the split by searching the best threshold of the best variable (Fig. 1). Breiman et al. (1984) 
describe that DT starts by splitting the parent node into binary pieces, where the child nodes are purer 
than the parent node. Optimum splitting criteria are chosen to maximize the purity. 

𝛥𝑖(𝑠, 𝑡) = 𝑖(𝑡) − 𝑝𝐿𝑖(𝑡𝐿) − 𝑝𝑅𝑖(𝑡𝑅) 

where s is the candidate feature to split the parent node t and parent node t is divided by s into the child 
left node 𝑡𝐿 with a proportion 𝑝𝐿 and the right node 𝑡𝑅 with a proportion 𝑝𝑅. The i is the measurement of 
impurity which is generally calculated by the Gini index. 

𝐼 𝑡 = 1 − 𝑓 𝑡 , 𝑗  

where 𝑓 𝑡 , 𝑗 is the proportion of the samples with the value 𝑥𝑖 belonging to leave 𝑗 as node. The 

lower Gini Index means more homogenous groups in each node. Because of their nature, DTs are prone 
to overfit the data very easily which eventually causes low prediction accuracy for unknown samples. One 
way to avoid this problem is to prune the tree to some extent but this may cause underfitting which results 
in very coarse classifications. The optimum degree of pruning can be found by sensitivity analysis. 

Random Forest (RF), on the other hand, is an ensemble of many decision trees and does not overfit the 
data (Fig. 1). It prevents overfitting by randomizing the tree building process. It introduces the randomness 
to the process in two ways; given that the number of samples in a training set is N, N number of samples 
is sampled with replacement, which is also called bootstrapping. This creates a distinct training set for 
each decision tree in the forest. Secondly, in each split, the algorithm is forced to choose m out of M 
variables randomly to split the data so that decisions in the nodes will be partially different in each 
decision tree. Trees grow without any pruning. The resultant is the combination of imperfect decision 
trees and they are asked for voting for decisions. The majority of the votes determines the final prediction 
of the forest (Breiman, 2001). Averaging the imperfect decisions results in a high rate of prediction 
accuracy. 
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Figure 1 Summary of a decision tree (on the left) and random forest (on the right) structure. 

Model Preparation 
Hyperparameter tuning and addressing the overfitting are the two most common considerations in a 
supervised study.  

Hyperparameter tuning: In the random forest algorithm, apart from the feature selection process, there 
are two major parameters which may have a considerable impact on the prediction results. These are (1) 
the amount of the trees to grow in a forest and (2) the number of the maximum feature that is supposed 
to be selected randomly at each node to find the best split criterion among them. Tuning the first one is 
straightforward since as the number of the decision trees (DT) increases, the accuracy of the prediction 
converges to a plateau. In this case, we simulated a set of forest that has 10 to 1000 DT and found that 
200 DT was enough to reach the plateau.  

The number of maximum features to be used requires more attention. As this number increases, the 
accuracy rate increases only up to a certain point before it starts to decrease again. Breiman 2001, explains 
that the error rate depends on two things. Firstly, it depends on the correlation between any two trees in 
the forest. Increasing the correlation increases the forest error rate and should be avoided.  Secondly, the 
strength of each individual tree in the forest. An individual tree with a low error rate is a strong classifier. 
Increasing the strength of the individual trees decreases the error rate and deserves to be attempted.  

Paradoxically, reducing the number of features to be used decreases both correlation and strength and 
similarly increasing it increases both. For this reason, the value needs to be tuned to an optimal level. 
Fortunately, this optimum value is not located in a very narrow window. In our case, for example, twenty 
to forty variables were needed to reach the highest accuracies. In fact, as the population size increases, 
the effect of this parameter also diminishes. There is one small (n=180) and one larger database (n=400) 
in this study and the decision of the number of maximum features to be used had a lesser effect on the 
larger dataset.  

Overfitting: Basically, RF comprises many weak decision trees. They are weak because individual trees do 
not see the original training set completely and cannot use all the variables to build the tree. Therefore, 



 
© Predictive Geometallurgy and Geostatistics Lab, Queen’s University 22 

 

individual trees cannot overfit to the training data and result being a weak learner. Using the majority 
vote of an ensemble of weak learners increases the accuracy of the forest as a whole.  

3.3. Unsupervised Random Forest and Principal Component Analysis - Clustering 

Principal Component Analysis 
Principal component analysis (PCA) can be used as an exploratory data analysis tool for the multivariate 
geochemical data since it reduces the dimensions by creating new auxiliary variables which are a linear 
combination of the original variables. These new variables usually explain different underlying geological 
processes (Grunsky, 2010). Therefore, PCA can be used for both the purposes of dimension reduction and 
factorization to understand the underlying processes which separate the different classes. The first 
principal components usually reveal the regional geological patterns such as different terrain or 
lithological boundaries. Lesser components, on the other hand, may reveal subtle features like alteration 
or mineralization (Grunsky et al., 2014).  

In this study, PCA is applied to centered log ratio (clr) transformed data to interpret the processes and 
visualize the relationship of samples and variables. Additionally, random forest clustering has been 
applied to the PCA scores to gain more insight into the relationships.  

Unsupervised Random Forest 
Random Forest is mostly used for supervised classification tasks. However, it can be used as a clustering 
tool with the help of its proximity matrix (Breiman 2001). This proximity matrix can be converted to a 
distance matrix which allows conducting clustering. Most of the clustering algorithms only deal with the 
numerical data, since they calculate the distances between samples only by numerical data and some 
definition of distance, such as Euclidian or Manhattan. Random forest, on the other hand, is able to create 
a distance metric by assimilating categorical and numerical data. This is an important feature of the RF for 
geoscience data, especially for mineral exploration since geologists need to use a lot of qualitative and 
categorical descriptions such as the color of a soil sample, sorting of a sandstone, the existence of a 
coarsening upward sequence or grain size of an intrusive rock during the field studies. The random forest 
can create a distance level between well sorted and poorly sorted sandstones or light gray and dark green 
intrusive rocks. 

Random forest creates the proximity matrix between samples as follows: 

1. It creates a synthetic database with the same number of samples and variables than the original 
data set; 

2. For each variable of a sample, a random value is drawn from the distribution of that variable in 
the original data set; 

3. This results in a synthetic database without any natural correlation between samples; 
4. Original and synthetic data are labeled differently and a supervised classification task is performed 

to separate them. A low error rate indicates that the original data set has a strong relationship 
between variables;  

5. A counter for each sample in the original data set works anytime a pair of samples ends up in the 
same decision node during the classification, in other words, if two samples end up being in the 
same decision node, their similarity increases by 1; 

6. At the end of this process, similarity values are normalized, dividing them by the number of trees 
in the forest – this gives a similarity value between 0 and 1. The proximity matrix can be converted 
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into a distance matrix as explained in Shi and Horvath (2006): DISSIM= √(1-SIM), and used as input 
to clustering algorithms like partitioning around medoids (PAM). Additionally, multidimensional 
scaling (MDS) can be applied to project the samples into a coordinate system in which distance 
between samples are preserved. 

  

The proximity matrix can be huge in case of very big data sets and might not be possible to calculate 
because it requires a lot of memory. This can be overcome by creating a smaller subset and conducting a 
clustering task in the small database. Once cluster labels are achieved, it becomes a classification problem. 
Therefore, cluster membership can be used as labels and a supervised classification can be conducted to 
assign all the samples to the clusters. A way to overcome this problem is presented in Cevik and Ortiz 
(2019) in this report. 

4. Case Study: Base metal mineralization in Vazante District, Brazil  
The samples used in this study are located in the Vazante Group, a N-S trending, 250 km long belt that 
mainly comprises Mesoproterozoic-Neoproterozoic carbonate-dominant sedimentary sequence which is 
trusted over Neoproterozoic rocks during the Brasiliano Orogeny, in Brazil and it hosts the world’s largest 
hypogene zinc silicate deposits, the Vazante and North Extension mines in the south of the belt. In the 
northern part (Paracatu District), it hosts Pb – Zn sulfide deposits such as Morro Agudo, Ambrosia 
(Cordeiro et al., 2018).  

The first database belongs to Morro Agudo in Vazante – Paracatu sector (VP), a sulfide deposit which is 
the largest known Mississippi-Valley Type deposit (MVT) in Brazil. Main ore minerals are sphalerite and 
Galena and orebodies are named from lower to upper as GHI – breccia-hosted orebody, JK – sphalerite 
rich doloarenite orebody, L – galena rich doloarenite body (samples from latter two were combined as JKL 
in this study), M – lower replaced stratiform orebody and N – upper replaced stratiform body. The deposit 
is hosted by stromatolitic dolostones, doloarenites and dolorudites of Morro do Calcario formation 
(Cordeiro et al. 2018). 

The second database belongs to the siliciclastic and carbonate rocks at the southern part of the belt in 
which Vazante Deposit is located (Vazante Sector – VS).  The ore mineral in Vazante deposit is the 
hypogene willemite, which is a zinc silicate mineral with the formula of Zn2SiO4. Although these kinds of 
deposits contain very high grade of Zn, there are very few zinc-silicate mines around the world. It is not 
very clear if this scarcity is a result of the fact that probability of having these deposits is very low or they 
are just underexplored because of lack of exploration methods (Olivo et al. 2018). For example, most of 
the geophysical methods are specialized to detect sulfide bodies and these types of deposits do not have 
common physical features with sulfides (McGladrey et al., 2017; Olivo et al. 2018). This deposit is located 
in stratigraphically lower Serra do Poco Verde formation in the Vazante Sequence which comprises 
intercalation of shales and dolomites (McGladrey et al. 2015).  

The database from Morro Agudo deposit comprises a total of 182 rock samples including ore, host rock, 
and barren samples. A relatively larger database with a total of 407 rock samples from Vazante Sector (VS) 
on the other hand, it contains different stratigraphic units comprising both siliciclastic and carbonate units 
except ore samples. The data were corrected for closure and censored values as explained in the previous 
section. The available geochemical data, analysis methods and the associated number of variables are 
listed in the table below (Table 1). 
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Table 1 Summary of the database; pre-processing, analysis methods, number of variables 

Data Details 
Analysis Results Corrected (imputation and log transformation) 

Major Oxides (14) - XRF 
SiO

2
, Al

2
O

3
, Fe

2
O

3
, CaO, MgO, Na

2
O, K

2
O, Cr

2
O

3
, TiO

2
, MnO, P

2
O

5
, BaO, SrO 

(Only Vazante Sector) 

Multi Element - ME-MS81 (31) 
Ba, Ce, Cr, Cs, Dy, Er, Eu, Ga, Gd, Ge, Hf, Ho, La, Lu, Nb, Nd, Pr, Rb, Sm, Sn, 
Sr, Ta, Tb, Th, Tm, U, V, W, Y, Yb, Zr 

Multi Element - ME-MS42 (10) As, Bi, Hg, In, Re, Sb, Sc, Se, Te, Tl 
Multi Element - ME-4ACD8 (10) Ag, Cd, Co, Cu, Li, Mo, Ni, Pb, Sc, Zn 

5. Results 
For the classification task, the database containing rock samples are randomly divided; one half is used 
for training of the algorithm and the remaining data were kept for testing the results. Hyperparameter 
tuning is conducted as explained in Section 3.2. Since the sample amount is limited, especially for Morro 
Agudo database with 182 samples, the prediction task was simulated 100 times with random selections 
of training and test data, therefore accuracy results can be reported as a set of results instead of a single 
accuracy score in order to capture the variability in the accuracies.  

Morro Agudo 

 

Vazante Sector 

 
Figure 2 Accuracy distribution of the two ML algorithm. Random forest (RF) is located 

on the left-hand side. Decision Tree (DT) is located on the right-hand side of each 
figure. 

 

In both databases (VP and VS), the RF classifier showed slightly better performance than the DT as it is 
expected (Fig. 2). Confusion matrices (Fig. 3) show where are the most erroneous samples. Figure 2 also 
shows that the accuracy rate of the RF is not only higher but also the error rate has less spread around 
the mean. 

The confusion matrix for the Morro Agudo deposit shows that there is a considerable amount of confusion 
between JKL and GHI ore bodies (Fig. 3) meaning that a supervised classification is not very successful to 
separate those. This could be the result of the fact that there is a limited amount of data or two ore bodies 
have similar nature. The confusion matrix of the Vazante Sector, on the other hand, suggests that 
prediction of an unknown sample would be successful with a supervised classification process. 
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Morro Agudo – Vazante Paracatu (VP) 

 

Vazante Sector (VS) 

 
Figure 3 Confusion matrices, VP (on the right) and VS (on the left). One realization out of 100 simulations. 

In plots of the principal components of the VS samples, there is an association of MgO, CaO, Sr, C and loss 
on ignition on the positive side of the PC1. These characterize the Carbonate rocks while in the negative 
side of PC1, the association of the elements like Zr, Hf, Ta, Nb and, REE characterizes the detrital 
contribution (Fig. 4). Mineralization within the siliciclastic domain (Serra do Garrote) is captured in PCA by 
the association of As, C, Cu, Hg, Mo, Ni, Pb, Re, Sb, Se, S, Te, U, V, Zn in the positive side of PC1 (Fig. 4). 

In PCA of VP, the association of Zn, Cd, Hg, S, MnO, Pb, Se, Sn, Sb, Fe2O3, CaO, MgO, C characterizes GHI 
and JKL ores while association of Sb, Fe2O3, As, and S differentiates M, and BaO and REE indicates N ore 
bodies. There is a variety of information that can be discovered by inspecting the different PC plots. In 
Figure 5, for example, PC1 vs PC2 does not capture the difference between M and the JKL, GHI orebodies, 
although it clearly separates the N orebody from the others. However, plotting PC3 against PC1 helps to 
distinguish M orebody from the JKL and GHI orebodies. 

 

Figure 4 Biplot of the geochemical data from Vazante Sector (VS). PC1 vs PC2 of the whole data in the right and only the Serra do 
Garrote Unit on the left. 
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Figure 5 PC plots of the geochemical data from Vazante – Paracatu (VP) Sector. 

Unsupervised random forest is applied to a subset of the VS database. Only ‘Serra do Garrote’ samples 
were used to conduct the clustering study in order to test if hydrothermally enriched samples – 
interpreted from PCA – were detected by RF unsupervised method. After a distance matrix is produced as 
explained before, multidimensional scaling is applied for visual inspection. MDS plots showed 3 distinct 
clusters (Fig. 6). Partitioning around medoids (PAM) is applied to the distance matrix to produce 3 clusters. 
Box plots show that cluster 3 clearly has higher background than the other clusters (Fig. 7).  

  
Figure 6 MDS plots, 1 -2 and 1 - 3, of the dissimilarity matrix of unsupervised random forest 

6. Discussion 
Supervised classification test shows that JKL and GHI ore bodies have very similar geochemical signatures 
and it is difficult to distinguish them by pure geochemistry. This may indicate that these bodies could be 
sourced from the same source. This can be confirmed with mineralogical studies.  

In the VS sector, however, classification resulted in high accuracy rate for almost all the units. Therefore, 
it can be used for correlation studies between drill holes when it is difficult to distinguish similar units like 
different carbonate levels. 
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PCA shows that there is an association of Zn, Cd, Hg, S, MnO, Pb, Se, Sn, Sb, Fe2O3, CaO, MgO, C for the 
JKL and GHI ore bodies and Sb, Fe2O3, As, and S association for the M ore body. This implies that these 
elements can be used as pathfinders in a regional geochemical exploration in the region. In VS data set, 
the association of the As, C, Cu, Hg, Mo, Ni, Pb, Re, Sb, Se, S, Te, U, V, Zn interpreted as mineralized 
horizons in the siliciclastic domain (Serra do Garrote). 

Similarly, unsupervised RF clustering study resulted in one cluster with a distinctly high background of 
these elements (Fig. 7). Olivo et al. 2018 report that evidence of metal enrichment in the underlying 
siliciclastic rocks are considered as a source of metals and they are a good indicator of potential 
mineralization in the upper units. Therefore, the unsupervised random forest could also be used to detect 
potential mineralization zones for regional surveys by identifying natural multivariate clusters with high 
background levels. 

 

Figure 7 Distribution of elements association captured in PCA, based on random forest clusters. 

7. Conclusions 
A workflow combining supervised and unsupervised methods can provide insights into mineral 
exploration studies. The supervised random forest can be used in correlation studies when it is difficult to 
separate the units by visual inspection during the logging studies. PCA can be used to identify the 
multivariate nature of mineralization and thus can be used to identify pathfinder elements. Unsupervised 
random forest clustering can be used to enhance the anomaly detection. Additionally, since it provides an 
opportunity to calculate the distance between samples by using categorical, qualitative or descriptive 
features, field observations of the geologists can be integrated to all above-mentioned clustering or 
classification studies. 
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