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Spatial domains defining either geological models or mineral estimation envelopes are among the few compo
nents of the mining life cycle that are not quantitatively assessed to communicate uncertainty or error in mineral
resource projects. Recent work has investigated the use of Bayesian approximation methods to assess interpre
tation uncertainty of the classification of drill hole intercepts to spatial domain categories. A fundamental
assumption is that the spatial domains being tested are used for geostatistics and that the spatial domains contain
data that is homogenous to satisfy an assumption of stationarity. A binomial or multinomial model of data used
to generate the spatial domains can be trained and simulated to assess the model’s ability to predict categories.
Categorical subjective geological logging and multielement data have shown suitable data inputs to assess
interpretation uncertainty at two case studies. In early-stage projects laboratory multielement data may not be
available or economically feasible. Portable X-Ray Fluorescence (pXRF) is a cost and time-effective method of
providing multielement data at lower precision and accuracy. A case study had both Inductively coupled plasma
mass spectrometry (ICP) and pXRF data. Bayesian approximation models were created from both data sets to
assess interpretation uncertainty. Visual assessment of uncertainty band graphs and statistical testing using the
Bayesian correlated t-test shows that the two data sets’ interpretation uncertainty models are practically
equivalent and that pXRF data can be used in early stage projects to assess interpretation uncertainty.

1. Introduction
The quality of spatial domains defining geological models and
mineralization envelopes used in mineral resource estimation is
important to confidently support future work built upon these models
(for example, mineral resource estimation, ore reserves estimation, mine
planning, scoping and feasibility studies).
The quality of the spatial domain is its ability to predict orientation,
shape and spatial location of geological features. A high-quality spatial
domain will result in more accurate prediction of mineral resource
endowment and so on.
Spatial domains refer generically to any grouping of data points
(representing drill hole intervals) bounded within a 3D shape. Geolog
ical models discussed are spatial domains created during or just prior to
resource estimation as a simplified interpretation of the geology, based
on or created from the more complex geological maps and models of

specific features such as lithology, structure and geochemistry. The aim
of these models is the estimation of the endowment of the project.
Mineralization estimation envelopes (MEE) are a further subset of the
geological models to ensure stationarity for all features contained within
the domain to satisfy assumptions of further geostatistical methods.
A significant issue with spatial domain quality is that there is a deficit
of best practice examples or literature that cover the process of sum
marizing and abstracting geological interpretation into spatial domains.
Each company or project team follows their individual common practice
(McManus et al., 2021). This has led a call for excellence from Sterk
(2019) who propose recommendations and rules for appropriate and
scientifically sound domaining practice.
Spatial domain quality can be communicated through an uncertainty
assessment of spatial domains, which along with geological models and
mineral estimation envelopes allow investors and end-users to make
informed decisions about mining and exploration projects uncertainty
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and risk. Current industry practice accepts qualitative appraisals of how
the spatial domain effectively supports a homogenous grade population
and defines the interpreted geology (Coombes, 2016). This is a
requirement for compliance and public reporting of exploration and
resource projects; however, uncertainty in spatial domains is rarely
discussed, and when so, it is in the form of subjective statements
(McManus et al., 2021). A source of uncertainty of spatial domains is the
“interpretation of the geological setting from data” this is known as
interpretation uncertainty (Caers, 2011). Geological interpretation
usually follows a set of logical procedures (Frodeman, 1995). However,
as the critical decisions based on expert knowledge may not be
adequately recorded or communicated, an interpretation’s quality may
not be apparent or judged on the merits of the interpretation given the
available data. This makes assessing Interpretation uncertainty chal
lenging to address in early-stage mineral resource projects.
Available methodologies to quantify interpretation uncertainty use
simulation or probabilistic methods that can either provide alternative
realizations of spatial domains (Lark et al., 2013; Witter et al., 2016,
2018) or can quantify variability in geological interpretation parameters
using a Bayesian approach. The Bayesian method uses probability to
express uncertainty about unknowns being inferred (or the inverse
inference as we seek to determine the parameters from the data).
Determining prior and posterior probabilities, especially where there is
no prior information, is challenging. This is the case in early-stage
mining projects when not much data can be collected to support the
creation of spatial domains. This is compounded in complex inferences
with multiple integrals. A methodology of numerically approximating
integrals rather than solving each integral was developed by sampling
from a probability density function generated using the Markov Chain
Monte Carlo (MCMC) method (Blasco and Blasco, 2017; Kruschke,
2015). This also allows the use of a weakly informative prior or no prior
if none was available (Gelman et al., 2008).
This Bayesian framework is particularly suited to early-stage mining
projects because there are no alternative models to compare statistically,
or there is limited data to generate geostatistical simulations. The
method can use available subjective geological logging, laboratory as
says of the economic elements (or a combination of both) to assess
interpretation uncertainty when classifying drill hole intercepts.
However, in this early stage, mineral estimation envelopes created
on grade boundaries alone or supported only by subjective geological
logging may need stronger support. Sterk et al. (2019) highlights the
pitfalls of relying only on economic grade boundaries, as they are often
based on economic cut offs which are not relevant to the endowment
inference, stationarity of the data, structural trends, geometry and
continuity of mineralization. A lack of consistency in geological logging
led Halley (2014) to recommend calculated mineralogy from multiele
ment data as a geological proxy to help define models.
This work uses pXRF measurements, ICP data as well as subjective
geological logging data to investigate a Bayesian quantitative assess
ment of interpretation uncertainty in mineralization envelope spatial
domains. pXRF measurements are a time and cost saving method of
providing multielement data and have been used to support calculated
geological interpretation (Fouedjio et al., 2018; Hill et al., 2014, 2015).
However, pXRF measurements are not as accurate or precise as labo
ratory analysis ICP (Gazley et al., 2017; Sterk et al., 2018). Rouillon
et al. (2017b) found that for in situ vs ex situ duplicates measured by
pXRF and ICP that for some element’s relative proximity (an indicator of
inaccuracy) improved from 74 % to 22 %, 36 % to 15 % and whilst
others were just as accurate after correction, whilst Precision (Relative
Standard Deviation) ranged from 0.21 % to 10 %. In cases where pXRF
performed better than ICP, this was due to the incomplete liberation of
the element from a silica matrix during digestion (Rouillon and Taylor,
2016).
The aim of this work is to determine by a robust statistical signifi
cance test if the models used to assess interpretation uncertainty in
spatial domains using two different measurement techniques, pXRF and

ICP, have the same prediction accuracy using the Bayesian Approxi
mation methodology. The approach proposed uses Bayesian approxi
mation of drill hole intercepts and their classification to different spatial
domains and waste material (McManus et al., 2020). Due to the lower
accuracy and precision of pXRF compared to ICP measurements, the
suitability of pXRF uncertainty assessments is questioned compared to
ones generated using ICP.
When comparing classification models, it is common to compare the
confusion matrix and metrics and use a simple statistical hypothesis test
to evaluate its similarity (Caelen, 2017; Corani et al., 2017; García-
Balboa et al., 2018). However, there are issues that in model comparison
when using a traditional null hypothesis t-test such as an inflated Type I
error rate, a low statistical power, or low reproducibility (Gardner and
Brooks, 2017). For the model comparison carried out in this work, it is
not possible to test multiple hypotheses using the typical statistical test
approach. For example, when comparing the use of pXRF and ICP data to
create accurate spatial domains, traditional statistical tests can show if
the models are equal, but not the degree of similarity or which one
performs better. The t-test assumes a normal distribution whereas both
models may not conform to that assumption. Finally, regarding p-values,
these do 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 dataset
(Nadeau and Bengio, 2003). An issue with the corrected t-test is that it
can only be used to reject the null hypothesis H0. In the case of a p-value
larger than α the test provides no information of H0 being true, just that
there is not enough evidence to reject it (Corani et al., 2017). To resolve
this issue, a confusion matrix data from the repeated k-fold
cross-validation results was used in the Bayesian correlated t-test
(Benavoli et al., 2017).
An anonymous data donation from a project with four sets of spatial
domains (defining mineral resource estimation envelopes) was used to
compare interpretation uncertainty assessments using pXRF and ICP
measurements and subjective geological data.
If pXRF measurements provide similar assessment of interpretation
uncertainty as ICP, then pXRF can be used cost-efficiently in early stage
projects to assess quality of spatial domains as well as providing early
multielement data to support geological interpretation. This work is a
practical demonstration of a methodology to be considered to improve
interpretation uncertainty assessments in early stage exploration and
mining projects.
2. Material and methods
The following outlines the details of the project, the spatial domains
and Bayesian method used to assess spatial domain uncertainty using
ICP and pXRF multielement data. In order to determine if the model
performance of the ICP and pXRF are equivalent confusion matrix
metrics (Table 1) are compared. Two statistical tests (Table 2) are then
applied to repeated 10 fold cross validation data.

Table 1
Model performance tests used.
Model performance tests

Equation

Overall accuracy

m
∑
oa =
pii
i=1
oa − ea
1(− ea
)
1
TN
TP
+
2 TN + FP TP + FN
TP
TP + FN
TN
TN + FP

Cohen’s Kappa
Area under the receiver operating characteristic
Sensitivity
Specificity

2
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methodology consisted of systematic 1 m lengths for RC holes (from the
top), and 1 m sample length starting at the top of each subjectively
logged lithological unit for DD bore holes. DD samples were cut in half
and RC samples were split using a riffle splitter. One to two kg of ma
terial were sent to a certified assay laboratory for preparation to a pulp.
The material was crushed to 70 % less then 2 mm size, then a 200 g
subsample was riffle split and pulverized to better than 85 % passing 75
μm. From the sample pulps, 50 g charges were assayed for gold and
silver using a mixture of fire assays with Atomic Absorption Spectrom
etry (AAS) finishes. A subset of 2299 samples were analyzed using ICP
for 35 elements. From the retained pulps, at a later date, pXRF mea
surements were taken on a second subset of 1769 samples for 25 ele
ments. There were 1045 samples common to both pXRF and ICP data
sets. The 1045 samples represent 13 bore holes and were all used in the
interpretation of the four spatial domain sets.

Table 2
Statistical tests used.
Statistical tests for equivalence between two models
Bayesian Correlated t-test
Corrected t-test

2.1. Project description
The data used in this work was collected as part of an early stage
mining project in a narrow low sulphidation epithermal quartz-adularia
system hosted in a crystal rich dacite ignimbrite. The gold mineraliza
tion is oxidized to a depth of 40 m and there is a distinct zone of partial
oxidation for another 20 m. The alteration assemblage is an inner zone
of silica-sericite-carbonate-sulphide containing low gold. The core is
surrounded by an alteration envelope of less intense sericite-carbonatesilica and an outer zone of chlorite. Brecciation and one vein set is subparallel to bedding and dips to the west. A second vein set dips to the
south-west and the third vein set dips to the east-south-east. A south
ward dipping fault truncates mineralization to the west and limits the
known depth extent of the bedding parallel vein system. There are five
defined mineralization styles. The bulk of mineralization is primarily
controlled by the westerly dipping stratigraphy defined by primary chert
layers and hydrothermal breccia disrupted chert layers. High gold grade
intervals are mostly associated with poorly defined deeper stock works
of comb quartz-carbonate ± adularia veining. Fig. 1 is a generalized
cross section showing the relationship of the chert horizons high grade
stock works and alteration zonation.
Throughout the history of the project four separate spatial domain
sets (Grade Boundary, Alteration, Silver and Rock Code) defining the
mineral resource estimation envelopes were developed.
The Grade Boundary domain set used arbitrary high-grade modeling
of the economic element. The Alteration domain set used the
geochemical alteration halo of the ground rock defining the sericitecarbonate-silica alteration zone. The Silver domain set used silver as a
pathfinder element to further refine the alteration halo domain. Finally,
the Rock Code domain set combined economic element presence,
structure, alteration, weathering and lithological data to classify ho
mogenous subsets into 16 distinct classes.

2.3. ICP and pXRF measurements
Common elements in both methods are shown in bold. The 35 ele
ments analyzed using ICP included Ag, Al, As, Ba, Be, Bi, Ca, Cd, Co, Cr,
Cu, Fe, Ga, K, La, La2O3, Mg, Mn, Mo, Na, Ni, P, P2O5, Pb, S, Sb, Sc, Sr,
Te, Th, Ti, Tl, U, V, W and Zn. The ICP method used is current practice in
the mineral exploration industry as a first pass exploration geochemistry
tool, which is low cost with an aqua regia digestion, representing only
the leachable portion of each analyte. The 25 elements measured with
pXRF included Au, Ag, As, Ba, Ca, Co, Cs, Cu, Fe, Hg, K, Mo, Ni, Pb, Pd,
Sb, S, Sc, Se, Sn, U, V, W, Zn and Zr.
All analyses were conducted on lab reject pulps or powders which
had been stored at site. The pXRF device is a Niton XRF xl3t GOLDD. The
time duration for each reading was 35 s with 15 for the main range filter,
and 10 s for each of the Low Range and High range filter using the in
strument’s preset Geo Mode. A QA/QC program with blanks and matrix
specific standards and repeats was used to monitor the program guided
by the workflow presented in Fisher et al. (2014).
2.4. Spatial domain creation
All four spatial domain sets are mineral estimation envelopes
designed for estimating mineral resources within the envelopes using
geostatistical methods. These methods assume that there is stationarity
within the domain for all geological and geochemical properties (Sterk
et al., 2019). No geological domains or wireframes were available, so all
spatial domains were created using 2D cross sectional, longitudinal and
plan maps, and diagrams of the geological features to support delimiting

2.2. Sample selection and preparation
The project has a total of 329 bore holes drilled using various
methods (Diamond Core (DD), Reverse Circulation (RC) and open hole
concussion) from which 13,393 samples were taken. The sampling

Fig. 1. Cross section schematic of geological interpretation.
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the mineral estimation envelope. A consultant reviewed the different
drill types in respect to the gold assays and found that it was appropriate
to use all samples as a combined data set without correction.
The Grade Boundary domain set was created using explicit modeling
based on a 0.7 Au ppm envelope. The support provided for the cut off
used was based on flexures in a log probability graph with the geologist
using the graph flexures to identify gold mineralization from back
ground mineralization populations. Fig. 2 presents one of the 50 m cross
sections used to construct the rings used in the explicit modeling of the
economic grade boundaries. Geological support for the model was based
on the visualization of the morphology of the grade boundaries and
comparing them to the known dip and strike of the chert beds.
The Alteration domain set was created using explicit modeling and
guided by the halo of the geochemical alteration that marked the extents
of mineralization. Geologists had noted and logged in core the different
alteration types. Some core logging had not included identification of
alteration type or intensity (due to bore hole method, or low-quality
subjective logging resulting from high staff turnover during the min
ing boom in the early 2000’s where fresh graduate geologists were left to
log core without supervision or mentoring). Due to this variability in
alteration logging when creating the Alteration spatial domain, the
geologist creating the model needed to interpret the alteration types in
approximately 50 % of the drill holes based only on gold and sometimes
silver values, increasing the uncertainty of this spatial domain.
The alteration domain was based on primary geological data, which
provided a geological constraining of the geometries of the minerali
zation. This was an improvement over the economic grade boundary
domain. It provided additional geological support for the dips and trends
observed in the earlier domain creation and boundaries that did not
truncate the mineralization population-based purely on economic
factors.
The Silver domain set was created using implicit modeling of the
silver assay values, as it was observed that there existed a silver halo
with zonation within the sericite-carbonate-silica alteration. The aim of
this domain set was to improve delineation of the contact of mineralized
and non-mineralized material using more geological data rather than
pure economic grade data.
The Rock Code domain set was explicitly created and used litho
logical units, structural fabric and orientations, alteration, weathering as
well as gold and silver values to guide the interpretation. It was created
to ensure that all geological and grade information had been used to

interpret the spatial domains. Sixteen classes were selected which are
summarized in Table 3 and Fig. 3.
2.5. Variable selection
For each set of the spatial domains, predictor variables were selected
using the methodology outlined in McManus et al. (2019) which
entailed transforming compositional data using additive log ratios
(Aitchison et al., 2000), enumerating missing values, and scaling and
centering all values. The selection process was carried out in R software
(R Core Team, 2018) using the package factoextra (Kassambara and
Mundt, 2017) for Principal Component Analysis, nnet (Ripley and Ven
ables, 2016) for multinomial log-linear models fitting, MASS (Ripley
et al., 2018) for stepwise general linear regression, and randomForest
(Breiman et al., 2018) and VSURF (Genuer et al., 2018) to select
important variables using a decision-tree approach based on the random
forest algorithm. The selection criteria included the Akaike information
criterion (AIC) (Gelman and Hill, 2007), the Bayesian information cri
terion (BIC) (Agresti, 2013) (implemented in the R package mlogitBMA
(Sevcikova et al., 2015)), Cohen’s Kappa and model overall accuracy
(implemented in the R package caret (Kuhn, 2018)). Multinomial or
binomial models (depending on the number of classes in each domain
set) were trained using 60 % of the samples (total samples 1045).
Validation was performed using the remaining data and a leave-one-out
cross validation method (Gelman, 2013).
Table 4 presents the variables selected for each spatial domain and
further used in the Bayesian approximation method. The usual process
flow is to select the important variables for each dataset and spatial
domain. However, for the purpose of this work, it was important to use
the same variables for both pXRF and ICP models to allow a direct
comparison using the selected statistical test. ICP variables were used,
Table 3
List of mineralization styles and number of domains.
Mineralization style

Number of domains

Upper chert beds
Northern chert beds
Hydrothermal disrupted chert beds
Sub vertical stock work
Eastern pod

3
6
5
1
1

Fig. 2. Cross section showing construction of the Grade Boundary domain set, oxidation horizons.
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n [
∏

l(β) =

1i

π0 (xi )y0i π(xi )y π2 (xi )y2i

]

(2)

i=1

A series of regression models for each of the eight multinomial
models were determined and the credibility distributed over the pa
rameters in the form Eq. (3) outcomes for each;
))
( )
( (
exp β0,k + β1,k x
∅k
(
) = β0,k + β1,k x
λk where log
(3)
= log
∅r
exp β0,r + β1,r x
Stan with the BRMS package (Bürkner, 2017) was chosen as it has a
built-in softmax function suited to the multinomial model for the Rock
Code domain set and the binomial model for the other three domain sets.
Stan makes use of the Hamiltonian Monte Carlo method (HMC) (Neal,
2011) of generating Monte Carlo steps to approximate Bayesian
regression.
A weakly informative prior normal (0,8) was selected (Stan Team,
2018). Review of trace and density plots suggested good chain mixing
and that all features of the posterior distribution were accurately rep
resented from the sampling. Fig. 4 is an example trace plot from the Rock
Code domain set for the 502 code intercept parameter. All parameters in
the four domain sets exhibited the same level of mixing. Independent
samples supported by autocorrelation with a lag of less than 5 showed
good sampling efficiency and effectiveness, with Rhat values less than
1.05 (Gelman, 2013).
An arbitrary burn-in of 1000 iterations was used followed by 10,000
iterations for 3 chains using the BRMS’s function BRM with a ‘categor
ical’ or ‘binomial’ response distribution (depending on domain set)
(Bürkner, 2017). The MCMC output of all the parameters passed
convergence tests (Brooks et al., 2011). After assessing the skewness of
the posterior distributions, the median from the posterior draws was
used to distribute credibility over the model parameters.
Testing of the Bayesian models was via leave-one-out and K-folds.
The Pareto-K diagnostic, a shape parameter estimated during Parteo
smoothed importance sampling, is a preferred method of crossvalidation of Bayesian models utilizing point estimation (Vehtari
et al., 2017). Values greater than 0.7 show low convergence rates, un
reliable Monte Carlo error estimates and significant bias when greater
than 1. Preferred values are less than 0.5, but values between 0.5 and 0.7
display reasonable convergence rates and reliable Monte Carlo error
estimates (Vehtari et al., 2019).
The Pareto K diagnostic was 0.5 or less for 98.4 % of the point pre
dictions for the ICP model, and 98.7 % of the data from the pXRF model
from the Rock Code domain set. The Pareto K diagnostic was 0.5 or less
for 98.8 % of the data for the Alteration ICP and pXRF models, 99.6 % of
the data for the Grade Boundary ICP and pXRF models and 0.7 or less for
89.8 % of the data for the Silver ICP and pXRF models. These results
suggest that the models are appropriate. The final model was evaluated
using Bayesian confidence interval plots and confusion matrix metrics
(Rahman et al., 2018) which were created from the BMRS predict
function output.

Fig. 3. Spatial arrangement of Rock Code spatial domain.
Table 4
Important ICP variables for uncertainty assessment.
Spatial domain

Variables

Grade boundary
Alteration
Silver
Rock Code

As,
As,
As,
As,

Co, Fe, K, Pb, S, V & W
Fe, K, Pb & S
Ba, Co, Fe, K, Mo, U & V
Ba, Co, Fe, Mo, S, U, V & W

rather than those obtained for pXRF as it is likely that a future workflow
for early stage projects will include an initial small orientation survey
using ICP methods and then further testing with the pXRF method, until
the project economics can support or warrant the use of laboratory
multielement analysis.
2.6. Bayesian approximation
Bayesian approximation was carried out using the methodology
provided in McManus et al. (2020) to provide a point prediction for
classification, and a prediction range derived from the simulations to
provide an assessment of interpretation uncertainty for each point.
Bayesian approximation is a method of apportioning credibility across
parameters by sampling from simulations of a likelihood equation,
predicting from the model, and then assessing uncertainty through
simulation and sampling of the posterior distribution (Kruschke, 2015).
For a polytomous dependent variable ‘Y’, consider the categories are
coded as 0, 1, 2 and 3 such that,
⎧
0 is ith intercept if no spatial domain
⎪
⎪
⎨
1 is ith intercept if case 1
Y=
2 is ith intercept if case 2
⎪
⎪
⎩
3 is ith intercept if case 3 .. etc
Since each of our dependent variables has four categories, then
polytomous logistic regression model (Hosmer, 2013) is used in this
study to assess the influence of the variables on spatial domain selection.
Eq. (1) is the generalized form of the multinomial model for more than 3
categories (or in our case 9), j = 0,1,2,3,4,5,6,7,8
)
(∑
p
Exp
j=0 Xij βjk
)
(∑
P(Yi = k) = ∑
(1)
n
p
m=1 Exp
j=0 Xij βjm
With the resultant likelihood function being Eq. 2

Fig. 4. Trace plot of 502 Rock Code intercept showing good mixing.
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2.7. Model metrics

classification, in multiclass classification as used in the Rock Code
Domain set, these equations are replaced with Eqs. (10)–(12) (Krstinić
et al., 2020; Sokolova and Lapalme, 2009);
∑l
TPi +TNi

The confusion matrix is used in machine learning and remote sensing
supervised classification models to summarize the effectiveness of the
model’s prediction, using training and validation datasets, in either a 2
× 2 matrix if a binary model or n x n in a multinomial model. Table 5
shows the layout of the Error or Confusion matrix, where pij represents
the proportion of the predicted classes i and the reference class j (Liu
et al., 2007).
pij can be expressed in matrix form, where the proportions can be
expressed in the format as True Positives (TP), True Negatives (TN),
False Positives (FP) and False Negatives (FN) in expression (4) (Caelen,
2017; Sokolova and Lapalme, 2009):
[
]
TP FN
.
(4)
FP TN

i=1 TPi +FNi + TNi +FNi

l
∑l
∑l

m
∑

∑l
∑l

(6)
Multiclass AOC =

Cohen’ s Kappa (Eq. (7)) (Liu et al., 2007) takes into account the
accuracy that would be generated by chance, and ranges between 1 and
-1, with no agreement between prediction and class at a value of 0.
Generally a value between 0.3 and 0.5 indicates reasonable agreement
(Kuhn and Johnson, 2013).
kappa =

oa − ea
where ea =
1 − ea

m
∑

In order to produce a robust statistical test of significance between
ICP and pXRF models it is important to reduce issues in regards to Type I
error, Type II error rate and power measures and their inability to
measure the performance of one classifier against another with tradi
tional null hypothesis tests, namely, the t-test (Benavoli et al., 2017;
Demšar, 2006; Gardner and Brooks, 2017). Therefore sampling from the
distribution or resampling in some form from the confusion matrix is
required in order to reduce the inflated Type I error generated with the
resampling methods. Gardner and Brooks (2017) proposed to use the
corrected resampled t-test using Eq. (15) which adjusted the estimated

Sensitivity, recall or true positive rate (Eq. (8)) (Sokolova and
Lapalme, 2009) is the rate that the event of interest is correctly predicted
for all samples in the event, where 1 is best accuracy and 0 is poor ac
curacy (Kuhn and Johnson, 2013):
(8)

Conversely, specificity, precision or true negative rate (Eq. (9))
(Sokolova and Lapalme, 2009) is the rate that non-event samples are
predicted as non-events, again with 1 representing best accuracy and
0 poor accuracy (Kuhn and Johnson, 2013):
TN
TN + FP

variance (̂
σ 2 ) of the t value to account for the inflated Type I Error:
1 n
̂
σ 2 = + 2 Sμ2j
J n1

(9)

samples from the training set, n2 is the number of samples in the vali
dation set, and J is the number of samples or the number of k-folds times
the number of repeats.
The corrected cross-validation test applies the same variance
correction for the t-test and removes not only Type I errors through the
adjusted t-value variance but also improves power and higher replica
bility. 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 datasets (including
training and validation data sets), it also reduces the correlation seen in
the resampling and the 10 k-fold tests. The final models used in the
Bayesian approximation method for each domain set were resampled
using a 10 k-fold repeated 10 times using the R package Tidymodels

Table 5
Error or Confusion matrix.
1
p11
p21
.
.
pm1
pþ1

Reference j
2

pþ2

…
…
…
…
…
…
…

m
p1m
p2m
.
.
pmm
p+m

(15)

where, S2μj is the sample variance of the estimates, n1 is the number of

Eqs. (6), (8) and (9) are suitable for single class or binary

Classified i
1
2
.
.
m
Total

(14)

2.8. Resampling and cross validation with a Bayesian correlated t-test

i=1

TP
TP + FN

∑
2
AOC(i, j)
c(c − 1) i<j

where c is the number of classes where c > 2.

(7)

pi + p + i

(12)

+ FPi )

The Receiver Operating Characteristic (ROC) curve was also calcu
lated. The curve is created by plotting the sensitivity over the specificity.
This metric uses class probabilities to determine an effective threshold
so that values above the threshold are indicative of a positive event and
can be used to determine the probability value used to determine if the
classification prediction is true or false. To use the curve as a quantita
tive assessment of the model, it is converted to a number which repre
sents the area under the curve, where 1 is best accuracy and 0 is least
accurate (Kuhn and Johnson, 2013). Eq. (13) (Sokolova and Lapalme,
2009) is used in a binary classification and for the multiclass classifi
cation Eq. (14) is used (Hand and Till, 2001; Mahmudah et al., 2021;
Pham et al., 2021). The ROC is implemented in the R package caret using
a multiclass function (Kuhn, 2018) along with the other listed metrics
extracted from k-fold resampled data using R code functions from
Gardner and Brooks (2017) and (Kuhn, 2018).
(
)
1
TN
TP
AOC =
+
(13)
2 TN + FP TP + FN

i=1

(TP + TN)
(TP + FP + TN + FN)

i=1 TPi

i=1 (TPi

(5)

pii

(11)

i=1 (TPi + FNi )

Performance metrics can be calculated from the confusion matrix
with choice of metric dependent on the objective of classification being
undertaken. For this study, the following metrics where considered:
overall accuracy rate, Cohen’s Kappa, sensitivity and specificity.
The overall accuracy rate does not take into account the type of er
rors made or the frequency for each class. It is represented by 1 as best
accuracy, and 0 as poor accuracy (Kuhn and Johnson, 2013) and is
calculated using Eq. (5) in respect to Table 5 (Liu et al., 2007), In terms
of the matrix in expression (4) this is also expressed as Eq. (6) (Sokolova
and Lapalme, 2009):
oa =

i=1 TPi

(10)

Total
p1+
p2+
.
.
pm+
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around the line showing the point prediction spike at the same time in
both models. This however is more clearly seen in Fig. 6 where the
uncertainty is shown along the drill hole trace, and peaks in the line
identify drill hole intervals with high uncertainty.
Fig. 6 is a cross section of the same drill hole showing the distribution
of predictions as histograms (blue 0–0.5, green 0.5–0.65, red 0.65–0.8
and yellow 0.8 +) and uncertainty as lines along the trace of the drill
hole. The Rock Code domains that the drill hole pass through are also
shown (mauve wireframe = A101 & green wireframe = A102). Areas
with high uncertainty in the drill hole samples highlighted by both
models are circled. Visual comparison suggests similar peaks and
troughs in the prediction value for each sample point. Generally, the
uncertainty ranges are wider for ICP. The plots are ranked in sample
order, down drill holes, the solid line shows the prediction percentage of
the classification and band indicates the uncertainty of that prediction.
Confusion matrices for both models were also compared and metrics
also suggest the models are similar, with overall accuracy being 0.63 for
pXRF and 0.65 for ICP as shown in Table 7. Additional Bayesian un
certainty band graphs, confusion matrix metrics and statistical test re
sults for the other three spatial domains are provided in supplementary
data. Similarly to the Rock Code, all the other spatial domains generated
models with similar metrics and uncertainty band graphs, which dis
played similar peaks in prediction points and uncertainty ranges when
comparing the ICP to the pXRF model.
The confusion matrix for pXRF and ICP models after simulation of
the 10 × 10 k-fold repeats using the Bayesian Correlated t-test method is
presented as supplementary data. Both models show similar results for
the individual rock codes and fail to discriminate rock code A204 and
A205. This was also the case with the original confusion matrix from the
initial Bayesian approximation prediction models. Both domains only
had a single drill hole with nine and 23 samples in the subset of data
where pXRF and ICP data were both available. The original data used to
interpret the domains was also sparse. This limited the amount of data to
train the models. These two interpreted rock codes are distant to the
other Rock Codes and not linked by structures, so may be a part of
different system. Table 8 shows the combined confusion matrix metrics
for the resampling simulations for both ICP and pXRF. Results show
similar accuracy and, as with the results in Table 7, the ICP metrics are
slightly higher than the pXRF ones.
Table 9 shows the p-values from the corrected repeated k-fold cross
validation t-test at α = 0.05, for the Rock Code spatial domain. All
confusion matrix metrics had a p-value greater than α, and thus the null
hypothesis was not rejected based on the evidence. However this ac
curacy analysis still did not provide further information or evidence to
support the null hypothesis hence the importance of using the Bayesian
Correlated t-test.
The results for the Bayesian Correlated t-test are provided in Table 10
and visually presented in Fig. 7. Each graph in the figure shows the
percentage of the probability distribution function (PDF) that reports
within the rope or to either side of the ROPE. If the majority of the PDF
reports outside the ROPE, then the side with the majority of the PDF is
the model that performs better. In this case the left side is the ICP and the
right is the pXRF model.
All metrics except Kappa reported a higher than 75 % probability
that there is no difference between models at ROPE of 5 %. It was ex
pected that the ICP model would be more accurate than the pXRF model
when looking at the probability mass outside the ROPE and this was the
case for all metrics.
Regarding the other spatial domains, the Grade Boundary set
generated similar results to the Rock Code whilst for the Alteration and
Silver domains both Kappa and sensitivity reported less than a 75 %
probability of no difference.

(Wickham et al., 2019). From the resampled data the corrected repeated
k-fold cross validation t-test implementation from Gardner and Brooks
(2017) was used to generate p-values to test the Null Hypothesis H0 or
the difference in means of confusion matrix metrics (i.e. overall accu
racy, kappa, sensitivity, specificity or ROC) is 0 for ICP and pXRF un
certainty models.
Additionally, the intersection of the posterior distribution function
within a defined Region of Practical Equivalence (ROPE) (Kruschke and
Liddell, 2015) shows the intersection of the models. After determining
the ROPE to be assigned to the test, it is possible to determine how much
of the probability mass is included inside or outside the ROPE. The outer
ROPE portions, either left or right side, determine which model is more
accurate than the other.
In selecting an appropriate ROPE relevant to the study, we were
guided by a rule of thumb that a 10 % difference in reconciliation of
production material to ore reserve model is acceptable. Morley (2014)
suggests that 10 % error in the grade control model is acceptable due to
estimation method and understanding of the geology. As the 10 % dif
ference includes both estimation method and geological and estimation
envelope differences, we consider that it is important that a ROPE lower
than 10 % (5 % or less) is selected as the estimation method should not
be accounted for. Company provided information on the measurement
error rarely provided quantitative measures of error. The majority of
data had been collected during a period when QA/QC and reporting
standards were not mandatory. Table 6 provides the known errors that
exist in the data and are likely to contribute to variance in the creation of
the spatial domains. This supports the use of an arbitrary measure of
ROPE and the rule of thumb value of 10 % when reconciling actual to
model data by (Morley, 2014).
For each set of spatial domains, the ROPE was initially set at 1 %,
then increased to 2.5 % and 5 % where there was at least 75 % of the
probability mass within the ROPE. In this case, the significance test can
state that there is a 75 % probability that there is no difference between
models at ROPE of 5 %. The python implementation for the Bayesian
correlation t-test from Benavoli et al. (2017) was used to estimate and
graph the ROPE. As measurement errors were not available to inform the
prior, a weakly informative prior was used (Gelman et al., 2008, 2013).
3. Results
Bayesian approximation models provided point estimates for the
geological interpretations of each borehole interval along with Bayesian
confidence intervals, visually compared using uncertainty band graphs.
Fig. 5 shows a log representation of prediction and uncertainty band for
both ICP and pXRF models for a single drill hole for the Rock Code
domains.
We can see that the majority of problematic areas in the drill hole are
defined by both models. In Fig. 5 the peaks in the uncertainty band

Table 6
List of measurement errors that will affect spatial domain creation.
Surveying error of X and Y coordinates. Measurement error of DPGS and surveying
methods not provided, nor the transformation error from local grid coordinates to
UTM candidates for first phase data.
Quality control of measured elevation has a noted “modest” error.
Down hole surveys to determine the angle of the drill holes is not provided but it is
noted that early drill holes did not have surveys and that there were two periods of
data with different intervals for surveys.
Sample recovery is estimated to be on average 97 % in mineralized rock and 99 % in
unmineralised rock.
Field duplicates have shown an 8 % average difference in RC drilling and a 5 % bias in
diamond drilling.
Results of 4 twinning holes showed 2 holes with similar interval width and geological
values, 1 with similar width but different geological values and 2 drill holes with
dissimilar values.
Variography of gold assays showed a high nugget effect, 50 % of the variance in oxide
and 30 % in sulphide.

4. Discussion
This work aimed to determine by a robust statistical significance test
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Fig. 5. Uncertainty bands and log prediction for both pXRF and ICP from Rock Code model for drill hole 37.

Table 9
Corrected t-test p-values for Rock Code spatial
domain set.
p-Value
Overall accuracy
Kappa
ROC
Sensitivity
Specificity

0.26
0.18
0.45
0.30
0.17

Table 10
Bayesian Correlated t-test statistics for Rock Code spatial domain set.
% Probability mass
Overall accuracy
Kappa
ROC
Sensitivity
Specificity

Table 7
Confusion matrix metrics for Rock Code model from Bayesian Approximation
model.
pXRF

ICP

Overall accuracy
Kappa
ROC
Sensitivity
Specificity

0.63
0.26
0.52
0.21
0.9

0.65
0.30
0.58
0.23
0.91

Table 8
Confusion matrix metrics for pXRF and ICP from 10 × 10 k-fold simulations.
Metric

pXRF

ICP

Overall accuracy
Kappa
ROC
Sensitivity
Specificity

0.63
0.27
0.83
0.22
0.9

0.65
0.32
0.84
0.23
0.91

ICP > pXRF

To the Rope

pXRF > ICP

5.00
5.00
2.50
2.50
1.00

7.26
48.53
17.78
23.19
17.94

92.72
51.08
81.45
76.54
82.05

0.02
0.39
0.77
0.28
0.02

if the models used to assess interpretation uncertainty in spatial domains
using two different measurement techniques, pXRF and ICP, have the
same prediction accuracy and identify the same areas of a high
uncertainty.
The accuracy and propagated uncertainty reported for the two
models using ICP (16.8 %) and pXRF (17.25 %) data are comparable.
Both methods allowed to identify drill hole intercepts with high un
certainties, the main difference being that the range of the uncertainty
was broader in the pXRF model. There was a significant positive
regression of ICP uncertainty and pXRF uncertainty (df = 1043, p <
0.001, R2 = 0.88) (See supplementary data).
The pXRF model had slightly broader uncertainty confidence in
tervals at each point, and the width of the adjacent points with similar
uncertainty was wider or smoothed in pXRF compared to the ICP model.
This is most noticeable around sample 20 and sample 85 in Figs. 10 and
11 in the supplementary data. This is due to the method used to select
the variables to train the pXRF model which were not necessarily the
most significant ones to explain the variability in the pXRF dataset (but
were the common ones to both pXRF and ICP datasets). An additional
possible cause was that the pXRF data was not corrected against the ICP
data. Previous work (Fisher et al., 2014; Gazley et al., 2017; Gazley and
Fisher, 2014; Rouillon et al., 2017a, 2017b; Rouillon and Taylor, 2016)
that compared the two data types recommend a small amount of labo
ratory samples to correct the pXRF data. In this study the decision was to
leave the data uncorrected, similar to how the process would be

Fig. 6. Cross section for drill hole 37 showing prediction bar graphs and un
certainty lines for pXRF (Red) and ICP (Black).

Metric

ROPE

8

S. McManus et al.

Applied Computing and Geosciences 12 (2021) 100067

Fig. 7. Rope Rock Code spatial domains A) Overall Accuracy, B) Kappa, C) ROC, D) Specificity and E) Sensitivity.

conducted in an early stage project, prior to laboratory multielement
geochemistry.
In order to integrate quantitative uncertainty assessment in early
stage projects it would be beneficial to apply the proposed methodology
to other case studies encompassing different mineralization settings and
economic minerals such as base metals and industrial minerals. Further
work using higher precision ICP with 4 acid digests rather than the aqua
regia partial digest method would be beneficial to further compare with
pXRF data. Data obtained using ICP with 4 acid digest can influence the
variables selected for the ICP model.
There was only a small number of non-alteration and non-silver
domain intercepts in the dataset used for the analysis. The confusion
matrix for both domain sets show that most of the non-alteration/silver
intercepts failed prediction, which explains the high negative prediction
accuracy for those models. This highlights the fact that despite having
high accuracy, the Alteration model is likely not suitable as there are not
enough samples in the non-alteration intercepts to train. In many pro
jects, especially early stage projects there is a temptation to undersample
from a time and economic perspective, until there is enough data to
support ongoing development of the project. However this leads to a bias
in sampling mineralized rocks only. In order to optimize model out
comes (no matter the purpose) it is important to sample background
values. In this case study alteration was a key determinant of

mineralization and the sampling bias impacted the uncertainty assess
ment of two domain sets which would indicate that more data is
required to improve the interpretation of those models.
In regards to the poor performance of the model to discriminate rock
code A204 and A205, we feel this supports the use of the Bayesian
approximation method to identify domains with high uncertainty that
require more work. This may include investigating the use of other data
to support the interpretation (such as structural elements that may not
have a chemical signature), additional sampling with more drill holes or
an alternative interpretation. The number of remedial options show that
the interpretation of spatial domains is a difficult process. Additional
work may be needed to partition the domains and treat them separately
to the rest of the project using the Bayesian approximation method. The
domains can be flagged as high uncertainty and removed from future
mine planning until the interpretation is improved or included in future
planning, but the results of their spatial domains would then have a
higher risk due to geological uncertainty.
The Bayesian correlation t-test showed that four model accuracy
metrics were practically equivalent. The bulk of the probability mass
greater than 75 % reported to the ROPE. The Kappa metric was prob
lematic for all models. The Cohen’s Kappa was originally designed to be
used in a binary setting, and is one of the most prolific metrics used
across different fields and disciplines for model performance (Adeli and
9
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Emery, 2021; Pendleton et al., 2019; Watson et al., 2017). It may be
inadequate especially where there is an imbalance in marginal proba
bilities between classes in a multiclass setting. Due to these and other
issues Delgado and Tibau (2019) recommend not using the Kappa. In
this case, at the determined ROPE, the bulk of the probability still re
ported to the ROPE but only above 51 %. Further examination deter
mined that setting the ROPE to 7.5 % enabled the bulk of the probability
mass greater than 75 %. The Kappa for the ICP model was 0.30 and the
Kappa for pXRF model was 0.26 suggesting close agreement but that the
ICP model was the better model.
These differences do not obscure the samples with the most uncer
tainty. In both models, the interpretation would be highlighted at the
same drill hole locations and the interpretation checked. This shows
that, from the perspective of assessing a spatial domain created as a
mineral estimation envelope in an early-stage project, the pXRF data is
as effective as ICP data. After assessing the interpretation uncertainty of
the intervals used to define the spatial models the geologists are then
able to review their data and models and determine which parts of the
model may require more sampling. If the sampling is biased, an alter
native interpretation or if stronger supporting data would be required.
The workflow of iterative model development can focus on revising the
model or in the case of a determination to proceed with the current
model than the uncertainty in the spatial domain can be communicated
along with the mineral resource estimate quantitatively.
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5. Conclusions
The accuracy assessment conducted in this study suggests that pXRF
and ICP models provide a similar assessment of interpretation uncer
tainty of spatial domains. Null hypothesis testing using a corrected
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(0.88).
This study highlights the dual potential for using pXRF for data
collection at early stages of mining projects to assess spatial domain
uncertainty as well as providing multi element data to strengthen the
interpretation. Furthermore, the use of Bayesian approximation pro
vides a measure of interpretation uncertainty suited to be included in
general resource estimation workflows and public reporting to either
show that more work is required on a model or to provide a quantitative
measure of uncertainty for the current model if it is accepted and used
for further work.
For this gold project pXRF measurement provides similar assessment
of interpretation uncertainty as ICP, which shows that pXRF can be used
cost effectively in early stage projects to assess quality of spatial domains
as well as providing early multielement data to support geological
interpretation. The ability to quantitatively assess spatial domains in
early stage projects will allow improved communication of all project
uncertainties in public reporting and project planning.
Further work is required to investigate if the Bayesian approximation
methodology and pXRF measurements are suitable in other commodities
and mineral settings.
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