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ABSTRACT – In the mining industry, a framework exists for 

quantitative assessment of interpretation uncertainty of spatial 

domains used to model a stationary spatial domain for mineral 

resource estimation. This framework will improve public 

reporting of mineral resource estimates, and improve the 

reliability of feasibility studies by ensuring successful 

communication of geological risk. In early-stage mineral projects, 

there is often not enough multielement laboratory data to enable 

the use of calculated geological methods for quantitative 

uncertainty assessment. Portable X-Ray Fluoresce (pXRF) is an 

accepted method of providing cost and time effective multielement 

measurements for early-stage projects. However, these 

measurements are of lower precision and accuracy, then 

laboratory-based measurements.   Recent work has shown that 

quantitative uncertainty assessments using a Bayesian 

approximation method can successfully use both pXRF and 

laboratory data. Subjective visual assessment of uncertainty band 

graphs, drill hole plots, and confidence matrices suggest that 

models derived from the two types of data provide similar 

uncertainty assessments. This paper reviews recent advances in 

Null Hypothesis and Bayesian Hypothesis statistical methods for 

comparing models to propose a robust methodological framework 

for assessing the reliability and similarity of supervised 

classification models utilising confusion matrix model metrics for 

further research in the use of pXRF as a suitable measurement for 

geological spatial domain uncertainty. 
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INTRODUCTION 

In early-stage minerals projects, there is often not enough 

data to produce robust variograms to allow geostatistical 

assessment of spatial uncertainty in spatial domains. Spatial 

domains are models that either define the three-dimensional 

geology or mineral estimation envelopes used for estimating 

volume and the average grade of economic material. As 

production has not started the industry practice of reconciliation 

against production actuals to assess model quality is also not 

possible. A workflow to assess the interpretation uncertainty of 

classified drill hole intercepts assigned to spatial domains as an 

alternative measure of quality in early-stage mineral projects 

has been developed [1].  

Often the data used in the early stage to classify the drill hole 

samples to enable the construction of the spatial domain models 

is limited. Data that is available includes the laboratory 

analysed economic element, subjective visual logging by a 

geologist (expert), surface geological mapping, and 

geophysical surveys. A conceptual exploration model guides 

the collection of this data. So the exploration and mining 

company is often not willing to commit to the extra cost of 

laboratory multielement analysis until the conceptual model is 

confirmed. It is often the case that exploration and mining 

companies do not budget for more laboratory-based analysis 

than the economic element of interest. 

Furthermore, one or two other elements that can be used as 

a pathfinder to show the sample is in or out of the mineralising 

system may also be analysed. Later in the project, when the 

project is economically viable, laboratory multielement 

geochemistry is analysed. Usually, as part of a metallurgical 

study and to identify toxic minerals. 

The limited types of data in the early-stage can cause issues 

in regards to the spatial domain model creation and the resultant 

mineral resource estimate, which relies on geostatistical 

assumptions. Relying only on economic grade element based 

boundaries for the mineralisation spatial domains can be 

problematic. Boundaries based on current metal economics will 

affect geostatistical studies as they will not define stationary 

statistical principles ensuring similar geological, chemical and 

structural features within the model [2]. Additionally, 

geological logging may be inconsistent or of unknown quality 

due to industry employment demands, high turnover of staff, or 

work by successive minerals companies [3]. Insufficient 

subjective geological logging has led to the use of calculated 

geology to support and strengthen geological models. 

 Calculated geology has been successful using multielement 

data from Inductively Coupled Plasma (ICP) and portable X-

Ray Fluorescence (pXRF) measurements. However, the pXRF 

measurements have lower confidence and have issues with 

heterogeneity, accuracy, and precision despite following best 

practice workflows [4]. Reference [5] showed that 

interpretation uncertainty assessment using calculated geology 

from pXRF multielement data was able to determine the quality 

of spatial domains created using only subjective geological data 

and economical grade element laboratory results. 

Recently a company has sought to assess the interpretation 

uncertainty of spatial domains as they have four competing 

models. The first model used arbitrary high-grade modelling of 

the economic element. The second model used the geochemical 

alteration halo of the ground rock, which was generated by hot 

fluids that provided a chemical 'trap' for the emplacement of the 

economic material. The third model uses a pathfinder element's 

dispersal through the alteration halo. The final model combined 

economic element presence, structure, alteration, weathering 

and lithological data. The company has taken 1,045 samples 

from pulverised reject powders from previous laboratory 

mailto:smcmanus@csu.edu.au


2020 HDR Conference 

13 

 

samples in a test area that includes six classes of the new spatial 

domains and collected ICP and pXRF measurements on the 

powders, which should reduce much of the heterogeneity issues 

of the pXRF method.  

Separate Bayesian approximation models have been 

developed to assess the spatial domains' interpretation 

uncertainty using just the pXRF and just the ICP multielement 

data. As there are significant savings in time and cost of using 

pXRF measurements compared to ICP laboratory data, the 

company is interested in determining if the uncertainty 

assessment of the two models are similar, so that they can 

continue to use the cheaper pXRF method. Initial results 

suggest both the pXRF and ICP models are providing similar 

measures of uncertainty. Figures 1 and 2 show the graphed 

Bayesian uncertainty bands for the alteration spatial domain. A 

subjective visual comparison shows similar peaks and troughs 

in the prediction value for each sample point. Similar high 

uncertainty in the prediction at sample 72 is visible in both 

figures. Metrics from confusion matrixes also suggest the 

models are similar, with overall accuracy for both models being 

0.94.  

 

Fig. 1 Point prediction and uncertainty bands for alteration spatial domain, 

using ICP measurements for the first 100 samples. 

 

Fig. 2 Point prediction and uncertainty bands for alteration spatial domain, 

using pXRF measurements for the first 100 samples. 

The main aim of the paper is to demonstrate a contemporary 

methodological framework for assessing the reliability of 

different supervised classification models. Following is a 

selective review of statistical significance tests in use in the 

spatial science and data science fields that might be appropriate 

for determining if the null hypothesis, 'That both models are 

equal', is true. 

 

STATISTICAL MODEL COMPARISON METHODOLOGY 

It is current practise to assess and compare spatial supervised 

classification models with the following criteria; these include 

accuracy, reproducibility, robustness, and suitability of the 

algorithms. The error matrix or confusion matrix [6] with 

resultant Overall Accuracy (OA), and Kappa (K) provides a 

base for determining these criteria. In its simplest form, 

comparison of models is achieved through a subjective 

comparison of a confusion matrix from each model presented 

as a table of results as well as a set of standard performance 

metrics computed from the confusion matrix.  

A review of research papers that compared models found 

that the majority only provided a confusion matrix and resultant 

model performance metrics. The metrics used included, Overall 

Accuracy, Area under the receiver operating characteristic 

curve (AUC), sensitivity, specificity, F-score and Kappa. The 

highest metric determines the preferred modelling method. This 

methodology does not answer the question if two models 

provide different performance on the same data set using a test 

of statistical significance. The practice of just presenting the 

confusion matrix and model performance does not provide any 

evidence in regards to actual differences between model 

outcomes. However, it is useful in displaying the visual metrics 

of each model [7]. This simplistic method is also limited in that 

it does not provide practical information around predictive 

power, accuracy as well as ability and utility, especially when 

the data size is large for predictive modelling.  

Modifications have been applied to the metrics to account 

for the limitations of subjective evaluation. These include; 

modification of the confusion matrix, the use of different Kappa 

formulas to account for discrepancies in the Cohen kappa 

formulation, and a normalised confusion matrix. These 

modifications assume the result is a 'hard' classification, one 

where a location or sample may only belong to one category 

[8]. The raw or modified metrics are then often used in a formal 

statistical test of significance using the t-test [9]. The use of the 

t-test in assessing Bayesian predictive modelling is also 

successfully demonstrated.[10]. However, a straightforward 

implementation of the frequentist t-test may be inappropriate as 

there are several issues in regards to assumptions. 

The issues that affect model comparison when using a t-test 

include; an inflated Type I error rate, a low statistical power, or 

low reproducibility. We are not able to test multiple 

hypotheses, for example, when looking at the current problem, 

we can ask, does ICP perform similar to pXRF and if not, which 

one performs better? The t-test assumes a specific distribution, 

whereas our models may not conform to that assumption. There 

is no consideration for the data uncertainty. Finally, in regards 

to p-values, the p-value does not distinguish between the effect 

and sample size. The correlated t-test alleviates some of these 

issues when comparing confusion matrix metrics of different 

classifiers with the same data set [11] or the signed-rank test  

[12] when comparing different classifiers over multiple data 

sets.  

To reduce the issues highlighted sampling from the 

distribution or resampling in some format from the confusion 

matrix is required. One such method is the Resampling method 

(without replacement) combined with the Student t-test. This 

method still produces a high Type I error rate as well as failing 

to meet one of the critical assumptions of the test, that of 

normality. This failure is due to the difference between the 

metrics of the two models not conforming to a normal 
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distribution. Both models use identical training and test data 

sets, which are highly correlated and during the resampling 

process, the resample sets may overlap. A similar method to 

Resampling is the bootstrap method but includes replacement. 

This method also produces a high Type I error, there is less 

overlap than in the previous method, but the models are still 

strongly correlated due to the identical training and test data 

sets. A third method, the K-Folds test, attempts to reduce the 

correlation but because there is an overlap between k-2 folds, 

also produces a high Type I error. 

In order to reduce the inflated Type I error with the 

resampling methods [13] proposed to use the corrected 

resampled t-test using an expression in equation (1) which 

adjusted the estimated variance (�̂�2) of the t value to account 

for the inflated Type I Error:  

 

�̂�2 =
1

𝐽
+

𝑛2

𝑛1
𝑆𝜇𝑗                                      

2 (1) 

where, 𝑆𝜇𝑗 
2 is the sample variance of the estimates, 𝑛1 is the 

number of samples from the training set, 𝑛2 is the number of 

samples in the validation set and  𝐽 is the number of samples, 

which is the number of k-folds x the number of repeats. 

The corrected cross-validation test applies the same variance 

correction for the t-test. The corrected repeated k-fold Cross 

Validation test removes not only the Type I errors, through the 

adjusted t-value variance, but also improves the power and 

higher replicability issues.  The method does this by repeating 

a 10 K Fold test 10 times, so there is a total of 100 samples. As 

there are 10 K Fold data sets (including training and test data 

sets), it also reduces the correlation seen in the previously 

discussed resampling methods. 

The next two methods discussed, resample from the 

simulation of the metrics of the confusion matrix rather than 

actual data. Reference [14] proposed a Bayesian interpretation 

of the confusion matrix to allow assessment of uncertainty in 

the performance indicators of a classifier when the researcher 

only has the confusion matrix utilising the values of the matrix 

as a random vector following a multinomial distribution. The 

Bayesian method also allowed for the update of the model with 

prior information. The method draws on similar techniques 

used in the previously discussed method as well as in the 

Bayesian Correlated t-test discussed later. An alternative 

method that also worked just with the confusion matrix values 

utilises the discrete squared Hellinger distance and assumes a 

multinomial distribution. The difference between this method 

and the previous one is that this method uses individual cell 

values of the confusion matrix. This method considers the 

correct number of correctly classified and misclassified 

samples—the previous method averages and aggregates the 

individual matrix values to arrive at the Overall Accuracy and 

Kappa [15].  

There is also an application of Corrected K-Fold cross-

validation test through a Bayesian approximation methodology 

through two additional tests. The Bayesian hierarchical method 

for testing different models over multiple data sets [16] and the 

Bayesian correlated t-test for testing different models on the 

same data set [17]. Both tests use a data set of repeated k-fold 

cross-validation results. Which utilises the most robust 

resampling method, to improve the Type I error, power, and 

replicability issues. Moreover, when the prediction is our 

concern, the effects of prior distributions are significant for 

different models through [18], and the effect of prior 

distributions can be investigated by iteratively changing the 

prior.   

Previously discussed tests used an averaging model which 

provides just the single value to assess in a t-test. Both of these 

Bayesian methods provide several outputs that are useful in 

examining the relationship between the two models. Firstly, a 

resultant posterior probability of the classifier confusion matrix 

metrics is available that can be used with the corrected variance 

t-test using the frequentist null hypothesis methodology. 

Secondly, the intersection of the posterior distribution function 

within a defined Region of Practical Equivalence (ROPE) 

shows the intersection of the models. Figure 3 shows the 

relationship of the ROPE with the posterior density function of 

the difference between the two models. In this case, it is the ICP 

and pXRF model for a single spatial domain using a single data 

set. With a ROPE of 1%, that is, if there is less than 1% 

difference in the Overall Accuracy, then both models are 

practically equivalent. The probability mass that is within the 

bounds of the ROPE is the probability that two models are 

practically equivalent. The areas outside the bounds of the 

ROPE provide the probability that one model is more accurate 

than the other model. So, for a ROPE of 1% the probability that 

ICP is better than pXRF is 23.3%, the probability that both 

models are practically equivalent is 75.9% and the probability 

that pXRF is better than ICP is 0.8% 

 

Fig. 3  Example of defined ROPE at 1% and posterior density of the difference 

between two models (ICP and pXRF) for the Accuracy metric.  

DISCUSSION 

In the context of the comparison of the ICP and pXRF 

models, the set of tests that assume one set of data is 

appropriate. That is the Correlated Bayesian t-test. The ICP and 

pXRF models use different variables, but the variables are from 

the same data set and the same sample points. So this will 

exclude the signed-rank test and the Bayesian hierarchical test, 

which test the same models over different data sets.  

pXRF measurements are not possible for lighter elements, 

which may mean that geological features, such as alteration 

may not be as well defined compared to ICP measurements. An 

additional limitation may be that each metric might result in a 

different outcome for each of the five spatial domains—

especially where the features of the spatial domains are 

sensitive to light elements. The pXRF model may be affected 

by low specificity in addition to the precision and accuracy of 

the measurements. It may be practicable to consider a series of 

ROPE from 1% to 5%. Iteratively looking for the percentage of 

ROPE where the most significant mass of probability exists 

will allow consideration of practical equivalence in models, 

where the pXRF model is not as accurate but still showing a 

slightly weaker equivalence. In the context of the study area, 

we may expect the set of spatial domains based on the alteration 

to have a weaker equivalence then say the spatial domain based 
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on the pathfinder element as the pathfinder element is a heavy 

element. 

Even though the ROPE used for different metrics and 

different spatial domains, may differ, it is clear what level of 

practical equivalence and the mass of probability within that 

region of practical equivalence. The method reduces high 

Type-I errors, improving power and high replicability issues. 

Also, assessment of assumptions of the distribution and 

sensitivity of the prior is possible using the Bayesian method. 

CONCLUSION 

The use of a traditional frequentist Null Hypothesis t-test to 

compare model metrics has issues. Also, the subjective 

evaluation of the metrics and presentation of the confusion 

matrix for each model does not answer statistical significance 

with rigour. In reviewing current practise, resampling 

methodology and application of Bayesian techniques, it is clear 

that a method of resampling using k-fold cross-validation, 

combined with a t-test corrected for variance will remove these 

issues. The addition of Bayesian approximation allows the 

assessment of prior sensitivity, the use of different distributions 

and a statement of practical equivalence. 

The following recommendation for the hypothesis, 'that 

pXRF and ICP models are practically equivalent for assessing 

interpretation uncertainty' is the following methodology 

framework; 

• Presentation of the metrics and confusion matrix for 

each model for subjective evaluation, 

• Correlated Bayesian t-test analysis of repeated cross-

validation results (10x10) of the differences between 

the following model metrics; Overall Accuracy, AUC, 

Sensitivity, Kappa, precision, recall, and root mean 

square error,  

• Analysis of prior sensitivities, and 

• Selection of an appropriate ROPE for each spatial 

domain. 

This methodology framework will reduce the Type I error, 

improve power and replicability as well as verify distribution 

assumptions.  
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