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A B S T R A C T   

Sustainability of mining projects is linked to informed investment decisions based on public reporting of 
exploration and mineral resource estimation results. In Australia, guidelines for public reporting are established 
by the Joint Ore Reserves Committee reporting code through the JORC Code (2012). Although assessment of 
uncertainty in the results reported is a requirement, this is often communicated in a qualitative manner and 
subjectively evaluated. This can become a liability if not communicated effectively, particularly in early stages of 
mining projects when spatial domains of geological interpretation and mineralization envelopes influence reli-
ability of resource estimates. 

This review describes methodologies for quantitative uncertainty assessment and communication, and ex-
plores how they could be applied in public reporting practice. The complexity, cost and additional work of doing 
a quantitative assessment could hinder a straightforward implementation. This could be overcome if mining 
companies budget for quantitative uncertainty assessment and associated professional development. A 
compulsory requirement for inclusion of uncertainty assessments in public reporting or use of standardized 
subjective language would improve industry practice.   

1. Introduction 

Mining investment in Australia is an important component of the 
country’s national economic growth, with metal prices influencing 
market trends and results. Investment in mining projects involves 
financial risk, particularly at early stages when not much is known about 
an ore deposit. Although potentially risky, expectations around high 
returns attract interest. To help with informing investment decisions, 
mining and exploration companies are obliged to prepare public reports 
that must follow the guidelines of the Joint Ore Reserves Committee 
2012 reporting code, commonly known as the JORC code (JORC, 2012). 
These guidelines set the minimum standards for public reporting of re-
sults of exploration and mineral resource estimates (through stock ex-
changes and other means), and ore reserve estimation (JORC, 2012). A 
significant part of how these standards are applied involves assessing 
and communicating the level of confidence or uncertainty in the data 
used, geological understanding and interpretation, and mineral re-
sources estimates (MRE) reported. 

These uncertainties, communicated in either qualitative or quanti-
tative terms, are often tabulated as evidence to support the classification 
of the mineral resource into differing confidence levels, namely Inferred, 
Indicated or Measured (Coombes, 2016). Ultimately, the classification 
influences the economic value of a mining project. 

JORC, 2012 does not stipulate how uncertainty assessment is to be 
carried out. The Competent Person ensures that appropriate methods 
and techniques are employed. This is particularly important when 
reporting uncertainty for the Resource Estimation Phase (Fig. 1), 
particularly in the early stage mining projects, where data sampling is 
sparse (Dowd, 1997) and there is no production data to allow validation. 

In this paper we use the term spatial domain to refer generically to 
any grouping of data points bounded within a 3D shape. A wireframe or 
attribute coded block model may provide the 3D bounded shape. The 
geological models discussed are a spatial domain 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 
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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. 

Resource estimation is the outcome of a process that starts with data 
collection and then progresses through to geological interpretation of 
the deposit and creating an interpretation of the deposit geology, which 
may include geological models. The process includes exploratory data 
analysis of numerical and geological data. The next step in the process is 
to produce MEEs. Sterk et al. (2019) proposed a framework for spatial 
domaining practice of MEEs, which is iterative and uses both numerical 
and geological data to build, validate and update the spatial domains, 
with geology as the main control. The step of creating spatial domains 
that define MEEs is critical and often determines the quality of all sub-
sequent steps and phases in the mining cycle workflow (Fig. 1) 
(Coombes, 2008; Stephenson and Vann, 2001). 

Conceptual uncertainty in geological models is associated with the 
geologist applying training and experience to develop an interpretation 
using geological concepts with the available data. Bond et al. (2007) 
investigated the impact of conceptual uncertainty in geological models 
and stressed the importance of assessing this uncertainty to ensure that 
possible alternatives to a deterministic model are considered and areas 
of uncertainty are identified. This supports the findings by Deraisme and 
Field (2006) that uncertainty in geological models should be considered 
part of the Resource Estimation Phase. 

Loss of production due to stopping operation, changing mine plans, 
or reduction in production rate has been attributed in some cases to 
uncertainty in the Resource Estimation Phase (Berry and McCarthy, 
2006; Li et al., 2008). Further, Witter et al. (2019) found that uncer-
tainty associated with geological interpretation was greater and 
contributed more than the uncertainties in data acquisition and pro-
cessing. Although this conclusion was for geothermal models, the 
interpretation is similar for mining projects and suggests that uncer-
tainty in geological interpretation and resultant MEEs require more 
attention. Uncertainties from data acquisition can also contribute to 
overall uncertainty potentially increasing as incorrect interpretations 
are created. 

The review by McCarthy (2014) of feasibility study performance in 
mineral projects (produced in the Planning and Development Phase, 
Fig. 1) found a 50% failure rate with 17% of that failure attributed to 
issues associated with geological interpretation for resource or reserve 
estimation. A survey of completed projects showed that more accurate 
geological models could save between 5 and 70% of development costs 
(Vallee, 2000). Sterk et al. (2019) list 6 recent projects between 2013 
and 2016 that failed or have been downgraded due to flawed spatial 
domains. 

Glacken and Trueman (2014) stated it is important that uncertainty 

in the geology and MEEs is reported and quantified to be communicated 
to stakeholders. A survey of National Instrument 43-101 (CSA, 2011) 
Public Reports has shown that quantitative rather than qualitative 
measures of uncertainty are starting to be presented in the Canadian 
context for resource classification, but their use is still limited (Silva and 
Boisvert, 2014). 

We analyzed 142 JORC, 2012 reports released on the ASX (Austra-
lian Stock Exchange) during 2019 and found that no reports used 
quantitative assessments of the uncertainty of geological models. 
Further, 73% of reports used 19 different terms to communicate quali-
tative confidence, only 6% of reports addressed the MEE separately from 
the geological model, and 43% of reports addressed the possibility of 
alternative geological models. 

It is not clearly understood why quantitative methods of uncertainty 
assessment of geological models are not yet used in public reporting of 
mining projects. In research and other geology-based industries (oil 
exploration, for example), quantitative methods of uncertainty assess-
ment of geological models are available and widely used. 

Early geological mapping and interpretation in the exploration phase 
is subjective, as are some of the assumptions made during the Resource 
Estimation phase. It is then difficult to use a numerical method to assess 
quantitative uncertainty or provide evidence for qualitative uncertainty 
of the models. Additionally, there are no current frameworks or work-
flows for carrying out this assessment in early stage projects. 

The benefits of quantitative uncertainty assessment of geological 
models allow for comprehensive assessment of total project uncertainty. 
Hence, this paper reviews current quantitative methods of uncertainty 
assessment that can be used in early stages of mineral projects, and how 
this can be communicated in the context of the JORC, 2012 reporting 
standard. Although this review focuses on current Australian mining 
reporting, uncertainty assessment and its communication are broader 
issues across the industry and in other jurisdictions covered by other 
codes such as the NAT Inst 43–101 (CSA, 2011). Examples from JORC, 
2012 reports submitted to the ASX (ASX, 2019) illustrate current prac-
tice for uncertainty assessment. 

2. Empirical analysis of ASX JORC 2012 reports 

2.1. Methodology 

Mineral Resource and Reserves reported to ASX during the 12 
months at the time of manuscript preparation (December 2018 until and 
including November 2019) were accessed from the ASX and reviewed. It 
was assumed that the most recent reports would reflect current industry 
practice. 180 reports were randomly selected and reviewed. Of those 
only 142 had sufficient information or included Section 3 of the JORC, 
2012 Table 1 to draw information on the geological interpretation or 

Fig. 1. Mining lifecycle, with focus on early-stage steps, and definition of the Resource Estimation Phase workflow (Coombes, 2008).  
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MEE quality assessment, which is the focus of this study. If no Table 1 
was included, due to reporting under multiple jurisdictions, the report 
was included if it included sufficient information in regards to how the 
geological models were addressed. 

In some cases, the reports referred to previous resource Table 1 
public reports reported in earlier years and did not detail actual work 
carried out. Due to time constraints these reports were excluded and the 
earlier reports not followed up. The information collected included the 
following from Table 1 Criteria (JORC, 2012): 

Geological interpretation  

• The method of communicating “Confidence in (or conversely, the 
uncertainty of) the geological interpretation of the mineral deposit”.  

• Collection of words used to communicate the confidence.  
• “Nature of the data used”.  
• “The effect, if any, of alternative interpretations on Mineral Resource 

estimation”.  
• If implicit modeling was used, or some other method like Categorical 

Indicator Kriging (CIK), to create the mineralization spatial domain.  
• If a Geological model had been created as well as a MEE.  
• If some quantitative assessment of the quality of the interpretation 

(either geological or mineral estimation envelope) had been 
undertaken. 

Estimation and modeling techniques  

• “The nature of the estimation technique(s)”. 

Classification  

• “The basis for the classification of the Mineral Resources into varying 
confidence categories”. 

Discussion of relative accuracy/ confidence  

• “application of statistical or geostatistical procedures to quantify the 
relative accuracy of the resource within stated confidence limits”. 

Additional information  

• Date of report.  
• Minerals reported.  
• Location of the project. 
• If the report was a group report relating to different styles and lo-

cations of projects.  
• If in any Section 1 through 3 criteria in the Table 1, had some 

quantitative assessment of error or uncertainty provided.  
• If the report included a Table 1 in the release (some releases were 

joint releases to other stock exchanges and referenced other code- 
compliant reports or referred to earlier Table 1 reports during the 
2019 period, but still containing enough information to gather in-
formation relevant to this study).  

• If systematic multivariate laboratory analysis was available.  
• Evidence presented to support either the ‘geological interpretation’ or 

‘Discussion of relative accuracy/ confidence’ criteria, for example, 
simulation, results of reconciliations either qualitative or quantita-
tive, drill spacing, expert opinion, mapping of surface or under-
ground workings and simplicity or complexity of geology. 

Data collected were summarized as a table for empirical analysis. In 
some cases, results were further summarized or grouped depending on 
the feature. The final summary table is available as Supplementary 
Material. 

2.2. Results 

Results were based only on what is documented in the announce-
ment or in Table 1 included in the public report. It is assumed that not all 
background work is included in the announcement, and that the author 
of the final release may not be the author (Competent Person) of the 
background documentation or Table 1, therefore there may be a loss of 
information in the final public release. This omission could be due to 
lack of confidence of the Competent Person preparing the report in 
regards to selecting what is or is not relevant and of interest to share-
holders, or to poor communication between the project team and a 
consultant or corporate person being responsible for the preparation of 
the report and Table 1. 

2.2.1. Geological interpretation 
The majority of reports analyzed combined the spatial domain (MEE) 

assessment in the geological interpretation assessment category. The 
authors believe that this is due to the dependence between geology and 
the spatial domain defining the MEE and lack of sufficient knowledge to 
differentiate the two models. 27% of the reports did not address the 
question or statement of quality. Table 1 lists the qualitative words or 
phrases used to describe the confidence or quality in the interpretation 
for the 73% of reports that did address the question. Most reports used 
qualitative terms that gave clarity to the assessment. Most reports pro-
vided evidence to back up the quality statements particularly when a 
project had historical or current mining with detailed mapping of 
exposed surfaces or reconciliation of mining material to estimated ma-
terial. In this case, associating this evidence with the project or simple 
geology was enough to support quality. This evidence was mostly pre-
sented in qualitative terms, with only 2 reports stating the actual 
reconciliation values. Some reports cited the ‘resource classification’ as 
the only evidence. However, there were cases of a circular argument 
where the resource classification supported the quality of the geological 
model, and later on, it was the quality of the geological model that 
supported the same classification. 

Both quantified reconciliation and statistical differences between 
modeled and actual mineralized shapes could be used to show the nu-
merical confidence or error in models. One report stated that the 
reconciliation, which had good grade correlation but poor tonnage 
correlation, supported the geological interpretation. Since the geolog-
ical interpretation deals with volumes and the grade estimation is not 
directly linked to the volumes (although the selected grade cut off can 
affect the volume due to different block cut offs during mining deliv-
ering the same average grade but at a different tonnage), the poor 
reconciliation of tonnage should have been flagged as a possible issue 
with the geological interpretation, either shape, morphology, size or the 
specific gravity used to convert the material from a volume to a tonnage. 

6% of reports explicitly assessed the domain’s univariate statistics to 
show that a single grade population was present or defined by the MEE 
and suitable for linear estimation using ordinary kriging. 

97% of reports addressed the data that was used to create either the 

Table 1 
List of words and phrases used to qualitatively communicate the quality 
of the geological assessment.  

high robust 

acceptable satisfactory 
adequate significant 
assumed variable 
clear moderate 
confirms probably 
consistent reasonable 
elevated low 
good  
reflected in classification  
well documented and understood   
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geological interpretation or the MEE spatial domain. Of these, 13% used 
grade boundaries only to define interpretation, 84% used a combination 
of grade and geological features relevant to the style of deposit and 
mineralization, and the final 3% did not provide any information on 
what the interpretation was based. 41% of reports clearly defined that 
an actual geological interpretation was modeled separately to the MEE 
in either 2D or 3D. It is assumed that some form of conceptual model of 
the geology guided the other 59% of MEEs. 

All reports were checked to see if any quantitative measures of un-
certainty, confidence, or errors were provided for any criteria. 18% 
provided at least one measure, most commonly the measurement error 
provided by Global Positioning (GPS) units when recording location 
coordinates in Section 1 of the JORC, 2012 Table 1. 

A key part of assessing geological interpretation and thus the MEE is 
consideration of alternative interpretations. In the past, it has been 
difficult to produce multiple models due to time and cost, for the same 
reasons that the methodology suggested by Lark et al. (2013) , of using 
many geologists to create different models of uncertainty, is too costly. 
However, current implicit modeling and calculated geology provide a 
more efficient method of generating alternative models from conceptual 
models, as opposed to realizations limited by parameters provided from 
the initial model (see Section 5). 

Table 2 lists how the selected reports considered alterative in-
terpretations. 56% did not address the question. 1% considered it a 
possibility but did not assess the alternative in any way. 23%, the ma-
jority being projects with either historical or current mining, had 
considered the alternative and determined that, based on the evidence 
provided by mining or by close-spaced drilling, if an alternative did 
exist, it is not likely to affect the result of the MRE. 20% of reports 
modeled and, in some way, assessed the alternative interpretation. Of 
these, 6% of reports presented a new MRE since the alternative inter-
pretation was considered to be more accurate. 

Table 3 shows the methodology used to construct the 3D wireframes 
to define geological interpretations and MEEs. Despite the inclusion of 
some form of implicit modeling modules in all mining software (at an 
additional cost), the manual expert-driven explicit modeling may still be 
the most used methodology. It should be noted that there is still resis-
tance to the implicit model tools due to some early issues with models. 
The main benefit is speed, although it requires quality data and quality 
geological guidance for the tools to work and provide appropriate out-
comes (Kentwell, 2019; Reid, 2017). Only 22% of reports indicated 
applying a method other than explicit modeling but this number could 
be low due to poor communication in the report. Categorical Indicator 
Kriging (CIK) was used, almost equally with implicit methods, as a 
probabilistic way of determining if a block or cell in the mineral resource 
estimate is a particular rock unit or mineralized. The description of work 
undertaken as part of the implicitly modeled reports shows that expert 
opinion still provided significant guidance to the interpretation. 

2.2.2. Grade estimation 
The methodology predominant for grade estimation was Ordinary 

Kriging (OK) followed by Multiple Indicator Kriging (MIK), as shown in 
Table 4. Combined Inverse Distance Weighted methods (IDW, ID2, or 
ID3) equaled the number of MIK reports. The reports using IDW methods 
referred to older projects with a long mining history with reconciliation 
evidence supporting the use of the methodology. Of the MIK reports, one 
consulting group accounted for over 80% of the reports using that 

methodology. 17% of reports used some mixed mode of estimation, with 
one method perceived as of lesser quality and thus reflected in the 
classification. Simple Kriging (SK) was the least used method. 5% of 
reports failed to include information about the grade estimation method 
used. These empirical results show that statistical methods using linear 
estimators are still the most used method in MRE. 

2.2.3. Classification 
The basis of classification for each MRE was variable and based on 

the project, the mineralization style, the experience of the Competent 
Person, and the methodology used to estimate the grade of interest. The 
main method used was some combination of data quality, estimation 
quality statistics, drill spacing, and geological continuity (as shown in 
Table 5). Projects that were all inferred, i.e., the lowest classification 
possible, often did not specify the reasons supporting the classification. 
Drill spacing alone was used to support classification in 8% of the pro-
jects. The search pass method (Silva and Boisvert, 2014) accounts for 8% 
of the projects; however, caution is advised with this method when 
linking search ranges with variogram ranges (Dunham, 2017a). Geo-
metric criteria, such as drill hole spacing or density supported by 
probabilistic analysis is recommend by Deutsch et al. (2007) and Wilde 
(2010). 

3. Uncertainty assessment in the JORC 2012 context 

In terms of public reporting of mining projects, the use of quantita-
tive measures of uncertainty could reduce miscommunication and hence 
aid investment decisions. With the current ASX/Australian public 
reporting standards (JORC, 2012), uncertainty assessment is essential to 
effectively communicate the risks and challenges of a mineral project. 
JORC, 2012 standards make it compulsory to report uncertainty, pref-
erably in quantitative terms, although qualitative assessments are 
accepted (JORC, 2012, clause.23). The reality of public reporting is that 
uncertainty assessment is mostly qualitative, not standardized, and often 
based on subjective assessments. Dowd (2018) concludes that reporting 
codes should incorporate a working framework that includes 

Table 2 
Assessment of alternative interpretations.  

None, or considered not likely to affect result 23% 

Not addressed 56% 
Possible but not assessed 1% 
Yes, the resource is a result of assessing the alternative 6% 
Yes, tested in some way and discarded 14%  

Table 3 
Methodology to create MEE 3D Wireframes.  

CIK 8% 

Mixed 2% 
Not Specified or explicit 78% 
Implicit 12%  

Table 4 
Methodology used to estimate economic grades.  

CIK/OK 7% 

ID2 6% 
ID3 2% 
MIK 8% 
Not addressed 5% 
OK 61% 
OK/ID2 6% 
OK/MIK 4% 
SK 1%  

Table 5 
Classification methodology.  

All inferred 7% 

Drill spacing 15% 
Drill spacing, estimation quality, data quality, continuity 59% 
Estimation quality 3% 
Not addressed 8% 
Search Pass 8%  
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quantification and propagation of all uncertainty. A study conducted by 
Noppé (2016) to support a consistent reporting framework found that 
the methods and qualitative definitions used in reporting are applied 
variably in mining reports. Rossi and Deutsch (2013) recommend the 
addition of quantitative uncertainty models in addition to any qualita-
tive reporting code requirements as minimum for good practice. 

Table 1 in JORC, 2012 lays out the requirements that the author of 
the report needs to address on an ‘if not, why not’ basis. The following 
criteria from section 3 specifically relate to reporting uncertainty for the 
geological model: 

Geological interpretation - Confidence in (or conversely, the uncer-
tainty of) the geological interpretation of the mineral deposit. Nature of the 
data used and of any assumptions made. The effect, if any, of alternative 
interpretations on Mineral Resource estimation. The use of geology in guiding 
and controlling Mineral Resource estimation. The factors affecting continuity 
both of grade and geology. (JORC, 2012; Section 3) 

For the first part of the criteria, (Confidence in (or conversely, the 
uncertainty of) the geological interpretation of the mineral deposit (JORC, 
2012; Section 3)), a subjective and qualitative uncertainty measure is 
frequently provided for the geological interpretation. This normally 
includes a discussion about the amount of data available to create the 
model, its sampling spacing, comparison to surface mapping and 
geophysical data, and if it supports the geological continuity of the 
conceptual model. It is also common to compare with deposits of similar 
style. If geological continuity is not supported by sample density and 
spacing this suggests that more sampling is required. 

For the third part of the criteria, (The effect, if any, of alternative in-
terpretations on Mineral Resource estimation (JORC, 2012; Section 3)), it is 
very common for the report to simply state something along the lines of 
“there are no alternative interpretations” or “alternative interpretations 
have very little impact on the final resource numbers”. It is unclear if 
alternative model(s) were assessed. This means that, at the end of the 
resource estimation phase, only one geological model is available to 
inform the MEE. By providing only one model it is implied that the 
geology model is the best one. By assessing an alternative model, the 
difference or uncertainty should support the supposition that the geol-
ogy model used is the best and risk associated with this stage of the 
process can be assessed. 

The following criteria from section 3 specifies which aspects should 
be contemplated for uncertainty reporting for MEEs: 

Estimation and modeling techniques - The nature and appropriateness 
of the estimation technique(s) applied and key assumptions, including 
treatment of extreme grade values, domaining, interpolation parameters and 
maximum distance of extrapolation from data points. If a computer assisted 
estimation method was chosen include a description of computer software 
and parameters used. (JORC, 2012; Section 3) 

To address this criterium, the Competent Person of the report needs 
to comment on the domaining (or spatial domaining) used to constrain 
the MEE. This should include a discussion of the methods for grouping 
the drill-hole intercepts before the wireframe development, the ratio-
nale, and geological reasoning used as well as the associated uncer-
tainty. However, our review of 2019 JORC reports concluded that the 
uncertainties associated with the MEEs were rarely treated as a separate 
matter. It was rather part of the discussion about the geological models 
included in the previous ‘Geological Interpretation’ criteria. Comments 
directed at the MEEs were normally related to how well it separates 
homogenous grade distributions and were reported in a qualitative 
matter. 

Finally, reporting should also include a final uncertainty assessment 
to classify the resource estimate into Inferred, Indicated, or Measured 
based on the previous uncertainty evaluation done for the geological 
model and MEE. Section 3 also defines the criteria for this step: 

Classification - The basis for the classification of the Mineral Resources 
into varying confidence categories. Whether appropriate account has been 
taken of all relevant factors (i.e. relative confidence in tonnage/grade esti-
mations, reliability of input data, confidence in continuity of geology and 

metal values, quality, quantity and distribution of the data). Whether the 
result appropriately reflects the Competent Person’s view of the deposit. 
(JORC, 2012; Section 3) 

The classification criteria, applied to the validation step in the 
Resource Estimation phase, should consider uncertainty in the geolog-
ical interpretation and resulting MEEs along with other metrics such as 
those produced when estimating grades, quality and provenance of the 
data used, and geological continuity. It is common for the Competent 
Person to list the items considered when determining the classification, 
to highlight sources of uncertainty, and to provide a qualitative state-
ment detailing how the classification might have been impacted or not 
impacted by the uncertainties reported. This is based on the author’s 
opinion or other mitigating factors such as downgrading a classification 
category due to historical laboratory data not having suitable quality 
control/quality assurance testing. 

4. Geological models and mineralization estimation envelopes 

Geological models (geological domains) are constructed and updated 
throughout the Exploration Phase and finalized during the Geological 
Interpretation Phase (Fig. 1). The geological model is usually presented 
as either 2D cross-sections (normal to the strike or orientation of ore 
body), long sections (parallel to the strike of the orientation of the ore 
body), or plan views (sections parallel to the elevation). These are often 
supported by schematic sections detailing the geological geometries, the 
history and interaction of structures (faults and folds), and the ore 
genesis model. Fig. 2 is an example of a 2D cross-section presenting a 
geological model, its interpretation, and the significant economic drill- 
hole intercepts. 

Geological models are often a key part of the early Exploration Phase 
together with planning the drill-holes’ locations. Throughout the proj-
ect, the model often becomes a “static” component, supported by 
collected data but also by the conceptual model devised by the geology 
team. During the Exploration Phase, interpretations are commonly 
based on 2D models and can be easily updated with new data due to the 
ease of use and inclusion of drill-hole section tools in mining software. 

The geological model in itself provides an interpretation of the 
existing geology but to determine where and how much resource can be 
extracted, it is necessary to constrain the geological domain to 
economically relevant MEEs. These are 3D wireframes used to limit the 
extent of the estimation to geologically sensible locations, preserve the 
morphology of the geological interpretation of the mineralization as 
well as group the data into homogeneous units to ensure stationarity 
(Sterk et al., 2019). So, while the geological interpretation is used to 
guide the MEE, other data (for example, economic grades, states of ox-
idations, structural packages, deleterious minerals, and alteration) are 
used to inform its final shape and subgrouping. 

In practice, there is often a shortcut process where the geological 
model is taken into consideration in the generation of the MEE(s) in the 
thought process of the geologists so that the MEE(s) and geological 
model become morphed into one object. Modeling of the MEE includes 
starting with 2D polylines stacked in 3D space as a guide (either digi-
tized or extracted from digital drawings) or merely having 2D sections of 
the geological model guiding the experts as they generate the MEE 
model. The output model might be sliced along 2D sections and 
compared to the 2D geological cross-sections, thus encapsulating expert 
opinion into the final 3D MEE model. Fig. 3 is an example of a 3D MEE 
used to constrain the estimation of the grades based on the geological 
model in Fig. 2. 

However, common practice is not always best practice. In reality, 
there is a lack of best practice examples or literature when creating 
spatial domains. Sterk et al. (2019) strongly advocate for change in this 
regard and proposed recommendations and rules for good domaining 
practice. As discussed by Sterk et al. (2019), it is important to appreciate 
the difference between geological domains and estimation domains, as 
geological domains often lack the resolution to group the data to 
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establish stationarity and, conversely, a MEE created from a grade shell 
only may not reflect geological reality. 

Data from varied sources such as economic grade(s), pathfinder 
multi-element, elemental data related to alteration, and subjective 

qualitative and quantitative geological characteristics are used to 
manually construct (explicit modeling) or used by specialized software 
to automatically construct (implicit modeling) MEEs usually repre-
sented as a 3D wireframe. This 3D wireframe can be created using 

Fig. 2. Example of 2D representation of Geological Model with significant Drill-hole intercepts (Jones, 2019).  
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specific mining software. Implicit modeling software uses either dual 
kriging (Galli et al., 1984) or discrete surface interpolation (Mallet, 
1992). However, recent research has applied geostatistical clustering 
(Fouedjio et al., 2018) and edge contact definition from automated 
boundary detection to improve the spatial domaining of drill-hole data 
(Hill and Uvarova, 2018). 

Prior to 3D wireframe interpretation (in the Preparation step during 
the Resource Estimation Phase, Fig. 1), intersections are assigned or 
classified into a MEE. These points or intervals are then used to guide the 
explicit and implicit wireframing. Geological continuity and underlying 
geological geometry should inform the model (Stegman, 2001), with the 
aim of stationarity within the estimation MEE (i.e., to guarantee that 
samples drawn from a population are representative of that population; 
(Dunham, 2017b). Some software allows the use of variable orientations 
of search ellipses for each cell, so this aspect of the MEE being the same is 
not always relevant if all other features of the samples are representative 
of the population. The homogenous data domaining is important for 
linear estimation often used during the grade estimation step, such as 
geostatistical estimation using ordinary kriging. 

Fig. 4 shows spatial domain uncertainties normally associated with 
the creation of geological models and MEEs in mining projects. 

Given the process to create both these outputs, sources of uncertainty 
include errors in analytical measurements (measurement uncertainty), 

creation of conceptual models using expert opinion (conceptual uncer-
tainty), interpretation of the geological setting from data (interpretation 
uncertainty), the slope and curvature of the wireframes constraining the 
spatial domain (geometric uncertainty), and using a model to create the 
spatial domains and the positioning of the final 3D shape due to the 
possible data combinations (spatial uncertainty). 

Whether the model is explicit or implicit, there are also uncertainties 
to consider due to the classification of the drill-hole interval to a spatial 
domain as well as the nature and relevance of grade, structural, litho-
logical, and chemical boundaries (Hill and Uvarova, 2018; Stegman, 
2001). 

Current implicit modeling software applications do not assess un-
certainty except for the Geovariances product Minestis, which provides 
an assessment of geometric uncertainty through co-kriging (Renard 
et al., 2013), and the Maptek product ‘Machine Learning’ which has the 
option to create realizations of implicit models for spatial uncertainty 
assessment (Sullivan et al., 2019). 

In both explicit and implicit modeling, where only grade or element 
based data (with no geological support) is used to define MEEs, care 
must be taken. In some cases this is unavoidable, as the structural ge-
ology may not be able to be observed due to scale or was destroyed by 
the sample or drilling method, or there was lack of continuity between 
geologists qualitatively logging the drill core. Stegman (2001) presented 
a process at the Peak gold mine where grade boundaries could only be 
used to create MEEs if the grade model was supported by modeling 
different grade boundaries, and then performed a sensitivity analysis of 
the resultant grade/tonnage curves to assist in selecting the most 
appropriate grade boundary. 

Sterk et al. (2019) caution against the use of grade boundaries if they 
are based purely on economic factors since the distribution of the 
element of interest is never determined by economic factors. When a 
grade boundary is used, Sterk et al. (2019) propose an evaluation 
framework of the cutoff grade that includes; ensuring the boundary 
honors geology, verification against structural data, testing for statio-
narity and statistical evaluation of background and enrichment 
populations. 

5. Current methods for assessing uncertainty in geological 
models and mineralization estimation envelopes 

Currently, uncertainty assessment in JORC, 2012 reporting is mostly 
qualitative, and uncertainty of both geological model and MEEs is 
merged into one qualitative discussion (especially if no explicit or im-
plicit geological model is produced in the early stages of the mining 

Fig. 3. Example of 3D representation of a MEE based on the 2D geological 
model in Fig. 2 (Jones, 2019). The MEE has been colored to show the grade 
distribution in the estimated blocks. 
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cycle). Before the development of the MEE, uncertainty is usually 
expressed in terms of data quality (analytical measurement errors), 
quantity, and whether the current data spacing supports continuity of 
interpreted geological features. On the other hand, common industry 
practice for uncertainty assessment of the MEE is communicated quali-
tatively, expressing how effective the model supports a homogenous 
grade population and defines the interpreted geology, and uses 3D 
visualization to ensure it makes ‘geological’ sense (Coombes, 2016). 
This qualitative method to assess uncertainty becomes problematic 
when separate mineralization events overprint each other. 

Although quantitative uncertainty assessments are not common 
practice in mining projects, there are methods available to express un-
certainty as a number that can further be interpreted with the resource 
estimate to provide a realistic measure of project viability. As most 
geological and MEE models are static (i.e. only one model is presented 
and used throughout the project), quantitative methods that rely on 
some form of simulation or probabilistic methodology should be used, 
especially for assessing interpretation uncertainty of the MEE. These 
methods are a way of predicting a set of values based on current or 
collected data, through the use of an appropriate function. For 
computing probabilistic uncertainty as well as the prediction interval 
range, the Monte Carlo method is often used due to fast processing times 
(Pownuk, 2018). Bayesian approximation methodologies also allow the 
assessment of uncertainty of model parameters (for example, variogram 
parameters: range, sill, and nugget) (Savoy et al., 2017), using Monte 
Carlo Markov Chain and Gibbs sampling that sample from a posterior 
distribution function (Gelman, 2013; Kruschke, 2015; Rahman et al., 
2016; Scheidt, 2018). These methods are applied in the uncertainty 
assessment methodologies reviewed below using distance to data, sta-
tistical difference between multiple models, resampling and Bayesian 
methods, and geostatistical-based approaches. These methodologies 
could be applied directly or could be adapted to quantify uncertainty in 
geological models and MEEs, in early-stage mining projects. 

5.1. Distance to data 

Distance to data methodologies work on the assumption that data 
quantity and distance to the model inform the uncertainty of the inter-
pretation of the geological or MEE model. Thus interpretations based on 
fewer points at far distances are more uncertain than interpretations 
using more and closer points. Siler et al. (2016) and Siler et al. (2018) 
used a method of assessing uncertainty of a geological model that 
computes the distance of a point in the model to existing drill-hole data, 
as well as accounting for the amount of available data. With this method, 
they were able to visually represent areas of low and high uncertainty 
with an expectation that the model closer to data would be better con-
strained, and hence would produce less uncertainty in the 
interpretation. 

Most mining packages that provide implicit modeling tools as well as 
advanced wireframing tools, provide methods for determining model 
distance to sampled data as well as the Euclidean distance between 
points within a wireframe. The Leapfrog 3D (Seequent, 2020) implicit 
modeling package offers this option as an easy-to-use out of the box 
routine, whereas more traditional mining software might need some 
lateral thinking and manual set up of different routines to be able to 
frequently assess uncertainty in this way. 

Another method that could be used for interpretation uncertainty 
assessment is the one proposed by Scheidt and Caers (2009). These 
authors used the statistical distance between multiple realizations, 
quantified using kernel K-means clustering, to parameterize the uncer-
tainty between geostatistical realizations, and to visualize the uncer-
tainty space. This method could be applied to spatial domains by 
converting 3D wireframes to numerical integer models. 

Software options for statistical distance methods (such as gmfd 
(Martino et al., 2019) or spatstat (Baddeley, 2008)) are available in R (R 
Core Team. R, 2018) and can be easily integrated to work with current 

mining software applications or their outputs. 
Distance to data methodologies provide a low-cost labor and CPU 

option for early-stage projects from early exploration when first 
geological models are being interpreted up until late-stage projects 
where production data is available. 

5.2. Statistical difference of multiple models 

A comparison of multiple static models (such as geological models) is 
another way that conceptual and interpretation uncertainty can be 
assessed. One example is the method by Lark et al. (2013) that quantifies 
the inaccuracies between models created and interpreted by different 
geologists. In this work, the geologists created five different explicit 
models using the same dataset, and the differences between the outputs 
were measured in terms of error between the model and drill-hole data. 
In a geothermal context, (Witter et al., 2018, 2016) compared 3D gravity 
data against previously constructed 3D geological models. Whilst un-
certainty was not quantified, the method was used to reduce uncertainty 
by identifying areas of the geological model to be updated from the 
geophysical model. This is an approach that could be used to extend the 
current qualitative practice of assessing geological continuity against 
geophysical data to assess qualitative uncertainty. This is a cost-effective 
method in terms of CPU and software usage, and it can be applied in 
early-stage projects when 3D geological interpretations are created. But 
it may be slow in processing times and implies high labor costs to create 
the models explicitly. Where a project has competing geological in-
terpretations and the models already exist, these methods can be used to 
show how uncertainty has been assessed and form the basis of the evi-
dence underpinning the quantitative discussion in the JORC report. 

5.3. Resampling and Bayesian methods 

One of the challenges in early projects is that often there is not 
enough relevant data in the area of interest. If drilling has occurred, 
thousands of drill-hole samples may be available but only tens or hun-
dreds of samples are in the relevant mineralized spatial domain. While 
the other samples are useful for characterizing the waste or non- 
mineralized material there might not be enough samples to charac-
terize the spatial domain. This makes the use of geostatistical methods 
problematic where lack of data makes the creation of robust variograms 
not possible. To address this issue, Journel and Bitanov (2004) explored 
the use of spatial bootstrapping in the early stages of petroleum projects, 
where drill-hole data are scarce. This method supports the creation of 
simulations honoring existing conceptual models and the original (few) 
data by using different spatial models (variograms) to reproduce its 
variability. These simulations are then resampled to create a larger 
dataset with enough data to produce robust variograms, which are then 
used to create new simulations. In this case, spatial uncertainty can be 
assessed by evaluating, for example, the variance and interquartile 
range of the set of simulations. In early-stage projects, spatial boot-
strapping would provide the means to generate extra data, aid in sample 
program optimization as well as assist in reducing exploration by 
determining when uncertainty reduction through more sampling has 
diminishing returns. 

An alternative to this bootstrap method is the use of Dirichlet dis-
tributions (Haas and Formery, 2002) and conditional probabilities, 
which can be extended to the use of the multinomial function in the 
Bayesian approximation method. Uncertainty assessment based on 
Bayesian methods is suitable when there is no data or a small amount of 
data due to their ability to incorporate expert opinion. The Bayesian 
method can briefly be described as a conditional probability approach 
(Bárdossy and Fodor, 2005; Rahman, 2008) by combining the prior 
probability with relevant data to create a posterior probability (Finke 
et al., 2008; Rahman and Upadhyay, 2015). The prior distribution or 
prior model of uncertainty allows for an assumption of uncertainty 
where there is little or no data. This can be based on other models 
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through expert opinion and can be updated once data are collected and 
starts to inform the model. Sampling from the posterior distribution in 
the Bayesian method not only predicts an outcome based on current or 
observed values but also provides an assessment of uncertainty. The 
uncertainty given visually by the prior and posterior distribution and 
captured as an interval range is calculated using Monte Carlo Markov 
Chain and Gibbs sampling from a posterior distribution function (Gel-
man, 2013; Kruschke, 2015; Pownuk, 2018; Scheidt, 2018). Specific 
geological examples are provided in Caers (2011) and Contreras et al. 
(2018). 

In particular, the Bayesian approximation method can generate re-
alizations of sample points by sampling from the prior distribution. 
Unlike spatial bootstrapping, it does not create additional data points at 
new locations, rather it uses the existing data to generate realizations or 
predicted values of the resource at each drill-hole, conditioned to the 
geological model and expert opinion. By generating different re-
alizations of each data point in the drill-hole, additional wireframe in-
terpretations can be created and compared, using either explicit or 
implicit interpretation methods. Sampling from the realizations also 
provides a technique for assessment of interpretation uncertainty by 
assigning sample point to different spatial domains. 

Bayesian approximation is particularly useful when multi-element 
data are available for mining projects to characterize separate geolog-
ical and MEE zones. 

In some mineral systems multi-element data can be used to calculate 
lithology, alteration, structures and rock types likely to host minerali-
zation to improve the definition of geological models and MEEs 
(Fouedjio et al., 2018; Hill et al., 2014a, 2015). Laboratory multi- 
element data may not be economically feasible during early-stage pro-
jects but it can be quickly and cheaply measured using a portable X-ray 
fluorescence (pXRF) device (Gazley et al., 2017; Sterk et al., 2018). 

pXRF data used in conjunction with Bayesian approximation 
methods enable uncertainty assessment of sparse to large datasets 
(McManus et al., 2020). This approach can be used in early-stage pro-
jects to improve the characterization of MEEs where laboratory (ICP) 
multivariate data are not available or is cost-prohibitive, or in the case of 
MEEs that have been created only from grades. 

Recent research has investigated the use of pXRF with Bayesian 
approximation to quantify uncertainty in weed risk assessment (Caton 
et al., 2018), nuclear energy projects (Griffin et al., 2019), agricultural 
remote sensing applications (Chen et al., 2018), and forensic science 
(Buddhachat et al., 2017). In the mining context, it has been used to 
assess interpretation uncertainty in spatial domains of MEEs using both 
pXRF and categorical data (McManus et al., 2020) with a workflow 
presented in (McManus et al., 2019). 

If there is enough data available (including lab, pXRF, geological 
mapping, geological measurements, structural observations) there are 
other Bayesian methods appropriate to use such as the Weights of Evi-
dence modeling technique. This Bayesian approach statistically analyzes 
datasets through assigning a prior probability and combing the datasets 
to generate posterior probability maps from which to generate pre-
dictions (Bonham-Carter, 1994). Training data sets are used to assess the 
quality of the prediction as well as assess spatial correlations and the 
weights assigned to each dataset. Uncertainty due to weight variances 
and missing data can be assessed and mapped as well as uncertainties in 
the contrast (difference in positive and negative correlation of training 
data to data) (Peters et al., 2017) for each dataset. The method has 
mostly been used in 2-D Prospectivity models in GIS but has recently be 
applied at the deposit scale to improve or test resource estimation do-
mains and predict areas for future borehole targets (Hill et al., 2014b, 
Nielsen et al., 2019). Kreuzer et al. (2008) provide a framework for 
including Monte Carlo simulation with the probabilistic mineral systems 
model to assess risk in projects. A similar methodology could be applied 
with Monte Carlo simulation and the mineral potential modelling 
technique. The work of Nielsen et al. (2019) is important as it used the 
mineral potential modelling to assess the quality of the mineral 

estimation envelopes used in the resource estimation. This not only al-
lows a statistical difference assessment of uncertainty but also the use of 
posterior distributions to inform an assessment of uncertainty. The 
framework also presents a methodology to systematically assign quan-
titative measures of uncertainty to the datasets used to define the min-
eral estimation envelope that provide explicit definitions of how the 
envelopes were created, what data was used to derive them, and the 
weights of evidence assigned to each component. The method is data 
driven and therefore requires multiple datasets to be effective besides 
being labor intensive with low computing processing required. 

5.4. Geostatistical based approaches 

Depending on the economic element or grade variability, population 
statistics, mineralization style, and structure and alteration features of a 
mining project, early-stage data may be enough for generating robust 
variograms (for example, in iron ore and base metal projects with 
normal grade distributions). If this is the case, then geostatistical 
methods based on stochastic simulation can be used to assess uncer-
tainty in early-stage mining projects. 

Grade or economic element simulations can be used to assess spatial 
uncertainty as well as variability in the grade-tonnage curve that may 
affect economic extraction. Commonly used methods include Sequential 
Indicator Simulation or Conditional Simulation methodologies 
(Coombes et al., 2000). Two JORC, 2012 compliant reports analyzed in 
the context of this review made use of stochastic simulation to assess the 
quality of the grade estimation. In both cases, the projects had sufficient 
data to produce robust variograms. 

Silva and Boisvert (2014) proposed using grade simulation as a 
method to classify mineral resource estimates to provide confidence in 
the economic grade estimation, and Dimitrakopoulos (1998) used grade 
simulation to quantify grade variability to assist with open pit design 
and planning. In the past, it was assumed that the simulation of the 
grade would also capture geological uncertainty (Kent et al., 2007). 
However, this may well be based on the assumption that the geological 
model is final as expressed in Eidsvik and Ellefmo (2013). 

Geostatistical methods based on stochastic simulation help quantify 
spatial uncertainty in the resource estimate and location but not the 
interpretation or conceptual uncertainty of the geological model used to 
create the spatial domain. Therefore, these methods are suitable for 
early-stage projects in the later part of the Resource Estimate Phase or in 
the Reserve Estimate Phase where there is enough data to construct 
robust variograms. More work is needed to determine how much of the 
geological uncertainty can be accounted for in just assessing the spatial 
uncertainty of the grade alone, considering that the grade is usually 
estimated within the bounds of the fixed MEE 3D wireframe. 

Other geostatistical approaches suitable to quantify conceptual and 
interpretation uncertainty include multiple point statistics (MPS) using a 
training image, which might be appropriate depending on the deposit 
morphology and mineralization style (Deraisme and Field, 2006; Yarus 
et al., 2012). MPS is based on the work of Strebelle (2002), where a 
training image of the most likely model is used to condition the simu-
lation and preserve the heterogenetic patterns more accurately than 
other simulation methods. To be applied to mining projects, this meth-
odology would require a geological model or MEE defined as a 3D 
wireframe to be used as the training image during the Geological 
Interpretation or Resource Estimation Phase. Jones et al. (2013) used 
this methodology to provide alternative MEEs in which to carry out 
grade simulation. Mariethoz et al. (2010) used iterative spatial resam-
pling using a general transition kernel from a Gaussian MPS training 
image to retain the spatial fabrics in a sedimentary facies model. Mus-
tapha and Dimitrakopoulos (2010) compared the suitability of MPS with 
stochastic simulation and highlighted its ability to preserve complex 
geological boundaries that were not well preserved with other geo-
statistical simulation methods. They also presented a new methodology 
based on high order spatial cumulants where the training image was 
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only used to fill in gaps where data was not able to provide information 
on the complex geological relationships. The MPS algorithm is not 
available as a tool in mining software or commercial software, but it is 
freely available from GitHub (Strebelle and Cavelius, 2014). Applying 
this method might require high CPU usage and its ease-of-use is low as it 
requires programming skills and specialized geostatistical knowledge 
beyond using just default parameters that may be provided in software. 

6. Communication of uncertainty in public reporting 

Quantitative uncertainty reporting reduces misunderstanding of 
text-based qualitative assessment (Lindley et al., 2014; Reiner, 2018; 
Reiner et al., 1999). Moreover, decision making (Eidsvik and Ellefmo, 
2013) and uncertainty communication (BIPM and IFCC, 2008) can be 
improved when using quantitative reporting. Witter et al. (2019) stress 
that geological models hide uncertainty as they are often presented as a 
static model. So it is important to communicate that even if the model is 
represented as static, there is indeed an associated range of uncertainty. 
Suslick and Schiozer (2004) suggest presenting uncertainty as bands 
similar to confidence intervals. Ross (2004) states that uncertainty is the 
inability to estimate a value correctly, and so when communicating that 
uncertainty, it is possible to represent it by a continuous distribution 
such as a probability density function, provided that it is clear that any 
probability value used to communicate uncertainty is for a range of 
estimates and not a discrete outcome. 

Bond (2015) states that uncertainty should also be visually 
communicated (for example, using overlays, fuzziness, textures and 
pseudo color gradients draped over 2D and 3D objects), to make it clear 
that it exists. Wellmann and Regenauer-Lieb (2012) use color mapping 
of information entropy to visually communicate geological model 
uncertainty. 

There have been many proposals in the last 15 years to ensure that all 
uncertainties and risks in mining projects are disclosed in reporting at 
the resources stage as well as to ensure that all downstream activities (i. 
e., reserve estimation, scoping studies, feasibility studies and financial 
studies) account for those uncertainties. Dominy et al. (2002) proposed 
the concept of a Risk Matrix, a table that includes all relevant risks, 
scored with a value from 1 to 6 showing the magnitude of risk, to ensure 
all uncertainties and risks of a resource estimate were properly 
communicated. Eidsvik and Ellefmo (2013) attempted to link total un-
certainty of a project to the JORC, 2012 classification resource estima-
tion classification categories (Inferred, Indicated and Measured), in their 
investigation of Value of Information in assessing the quality of data 
acquisition strategies for future exploration. Noppé (2016) proposed a 
resource reporting framework that ensures all project uncertainties are 
communicated. This proposed framework contextualizes the project 
reported results using three axes: a vertical axis presenting quantity and 
quality through JORC, 2012 code definitions; a horizontal axis pre-
senting project development stage through Valmin Code 2015 (VALMIN, 
2015), and a bottom axis representing expected technical–economic 
assessment to support the current stage of the project. 

7. Discussion 

Uncertainty assessment of geological models and MEEs is still not 
effectively communicated or attempted to be communicated in the 
context of JORC, 2012 reporting. Geological interpretation and subse-
quent model creation is a subjective process. During the resource phase, 
the communication of ore-forming processes must be communicated to 
the resource team to ensure that the simplified models used during 
resource estimation retain the critical geology. Assessing the quality of 
these models is complicated due to the subjective expert-driven models. 
It is not clear why uncertainty is not quantified (and even ignored and 
replaced by a qualitative assessment in current reporting practice) as 
methods exist that are both free to use or available as module add-ons to 
mining software to carry out quantitative assessment. Gleeson (2015) 

suggests that mineral resource estimation practitioners are the most 
conservative people in the mining industry and are not comfortable with 
the uptake of new technologies or methodologies. 

The JORC, 2012 code is an ‘if not, why not’ reporting protocol which 
means all questions must be answered and, if there is no answer or 
something has not been done, then a ‘why not’ statement must be pro-
vided to explain. The analysis of 142 JORC, 2012 reports released on the 
ASX during 2019 revealed that critical criteria related to project 
viability were not addressed at all or not addressed in an explicit 
quantitative or explicit qualitative manner. That is, it failed the ‘if not, 
why not’ protocol. The percentage of reports that failed to address the 
following JORC, 2012 critical criteria were: Information about the 
Estimation method (7%), Information about the quality of MEE (94%), 
Assessment of the Geological interpretation (23%), Assessment of 
alternative interpretation (79%), and Classification methodology (8%). 

The analysis of the JORC, 2012 reports found that none of the 
Competent Person attempted a quantitative assessment of uncertainty, 
only qualitative evaluations were provided. The wording of those as-
sessments was clear, despite 19 different phrases being used (Table 1). 
However, very little attempt was made to address specifically the MEE 
used for the estimation. A 3D image or 2D cross-section showing the 3D 
model with uncertainty would be a clear way of communicating the 
uncertainty. Much of geological information is communicated visually 
as 2D or 3D images, and this method of communication would also assist 
in clarity for end-users. As many of the reports failed to address the 
quality of the spatial domains used for the MEE estimation but addressed 
the quality of the geological model, it may be that this is a particular area 
where there is a need for further education. It is important to make it 
clear to resource practitioners that there is a difference between the 
geological and the estimation spatial domains, and both need to be 
assessed for quality separately. 

Fonseca et al. (2014) further highlight an issue with the Global 
Reporting Initiative (GRI) regarding communicating environmental in-
formation of mineral resource projects. The framework requires risk and 
uncertainty assessment of all aspects of reports, and mining companies’ 
reports were found to be vague in describing their strategies and 
governance approaches to the underlying geological models and MEEs, 
so the issue is far reaching. Any methodology that can improve the 
understanding and quantification of geological models and MEEs un-
certainty can improve GRI reporting as well as stock exchange linked 
reporting standards such as JORC, 2012. 

It is important to communicate uncertainty at the early stage of the 
project, especially as it is assumed that the geological model produced 
and reported initially is perceived as fixed and correct by many end- 
users. By communicating uncertainties when providing geological 
models and MEEs, investors and shareholders are more aware that un-
certainties do exist, and that these may need to be converted into risk 
which should lead to reduced environmental and economic impacts, 
especially after the feasibility stage when there may be significant 
capital expenditures. Exploration and scoping study budgets could also 
be reduced by optimizing sampling programs determined by early-stage 
uncertainty assessments. 

If the confidence or uncertainty assessment is to be done qualita-
tively, then care must be taken with the terms used to convey that 
message. In the 2019 report analysis, many of the words used for the 
geological interpretation quality seem similar but without consistency of 
terms compared to what is done for mineral resource classification. End 
users may not be able to fully gauge or compare a project’s quality with 
another project. For a public reader, what are the nuances or differences 
between resources that are ‘High’, ‘Robust’, ‘Acceptable’, ‘Clear’, 
‘Consistent’, ‘Elevated’ or ‘Good’? Are they the same or one better than 
the other, from an investment perspective? This is the key outcome from 
Lindley et al. (2014) that found that even with a limited set of qualitative 
terms there was still miscommunication and misunderstanding between 
medical professionals, and between professionals and patients. Bles et al. 
(2019) provide a table of decreasing precision in communicating 
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uncertainty where some form of quantitative uncertainty scores the 
highest (1 through 3), a predefined categorization is a 4, a qualifying 
verbal statement (such as the list of 19 phrases) is a 5 whilst a 8 is no 
mention of uncertainty and a 9 is the denial of uncertainty. Currently, 
one of the impediments to propagating a whole of project risk or un-
certainty assessment is that without communicating either geological 
model or MEE uncertainty, end users have and will continue to assume 
there is no risk or uncertainty in the spatial domains. 

This supports the need for improved education about JORC, 2012 
reporting and review. Sterk (2016) highlighted this issue specifically 
regarding Section 1 of Table 1 for which JORC, 2012 reports either do 
not answer the question or provide irrelevant information. The lack of 
systematic review of JORC, 2012 reports was also noted. In the analysis 
done for this review, the Competent Person of the most coherent and 
clear Table 1 in a JORC, 2012 report has 25 years’ experience in mining 
exploration, estimation, reconciliation, and production, which supports 
the findings in Coombes (2013) advocating change from the current 
JORC, 2012 requirement of self-governing of competence and five years’ 
practice in a relevant commodity, to a new competency development 
model based on two dimensions: (1) practice-based exposure and (2) 
degree of context reasoning associated with practice. For the practice of 
resource geology, exposure is measured through the completion of at 
least 15 resource estimates over two commodities with five reconcilia-
tion studies over at least 10 years that includes at least five years’ 
experience in resource estimation (the ‘15–2-5′ criteria) (Coombes, 
2013). This practice of exposure should ensure that the Competent 
Person overseeing the resource estimation has enough geological 
exposure to understand geological controls and the mineral setting, the 
linkages of the geological models and their impact on mining. The 
Philippine mining code has addressed the issue of competence by having 
a registration system where prospective Competent Persons submit their 
resume and work history for peer review, and must maintain their 
standing on an annual basis (PMRC, 2020). 

Uncertainty assessments in JORC, 2012 reports should contemplate 
having more than one geological model and MEE (defining the estima-
tion wireframes) to provide alternative interpretations to inform 
resource estimation. By having two or three models, this also allows the 
differences between the models to be assessed and hence provides a 
quantitative measure of interpretation and spatial uncertainty. It also 
communicates to end users at the mine planning stage that there are 
model uncertainties in the geological model and the MEE model. If the 
geological interpretation is correct, then the difference between the 
alternative models should be small or negligible and provide evidence to 
the statement. The proposed estimation domain framework proposed in 
Sterk et al. (2019) would ensure the creation of additional models as 
they advocate for an iterative process of domain creation, validation, 
and update. This would allow, at the minimum, an assessment of un-
certainty reduction during the process. As shown in recent work by 
Gursuren (2018), different realizations of geological models can be used 
to evaluate impacts on financial models. Competing interpretations 
were modeled through to completion of the financial study stage to 
enable the assessment of the economic variation when using different 
models, which provided the ability to truly answer the question in 
regards to the differences between alternative models being significant 
or not. 

There are economic and time constraints to incorporate uncertainty 
assessments when addressing JORC, 2012 Table 1 Section 3 concerning 
geological models and MEE quality. But with the improvement and 
increased availability of implicit modeling tools to create different 
model realizations, it should be easier for mining companies to budget 
for the creation of more than one geological model. Companies involved 
in mining and exploration should ensure their budgets are sufficient to 
allow quality public reporting that address and communicate unam-
biguously the confidence and uncertainties at all stages and phases of 
their project. This should be no different in making sure their budgets 
adequately cover environmental responsibilities and government license 

compliance reporting. It is the authors’ experience that many companies 
that use implicit modeling tools do so for the speed and ability to quickly 
update models, but still rarely use the software resources to create more 
than one model. This is perhaps something that requires education and 
enforcement of reporting standards to facilitate change. 

8. Conclusion 

There is still a long way to go to improve uncertainty assessment and 
communication of geological models and MEEs in the JORC, 2012 
context. This can be best addressed through professional development 
initiatives and the availability of cost-effective software and process 
workflows. Research should also be undertaken to investigate methods 
of assessing uncertainty between geological maps produced during the 
Exploration phase and the geological models produced during the 
Resource Estimation phase. The evidence that no quantitative assess-
ment was attempted in the reports analyzed for this work is likely due to 
the burden of time and costs seen from doing uncertainty assessment by 
management (although further research by a survey should be under-
taken to understand the reasons for not assessing uncertainty). Free 
software as R packages for carrying out the methodologies outlined in 
this paper is already available so it can only be assumed that either the 
complexity or additional work of using such tools is the impediment, or 
there is a lack of specific case studies. That could be overcome if mining 
companies start including quantitative uncertainty assessment and 
associated professional development in their budgets. A compulsory 
requirement for quantitative uncertainty assessments to be included in 
public reporting along with more case studies demonstrating a frame-
work would also help improve industry practice or, at least, the devel-
opment of a list of terms and definitions linked to probabilities to be used 
for communicating confidence and uncertainty for JORC Table 1 
criteria. The proposed framework for spatial domains, both geological 
and MEE, by Sterk et al. (2019) is a step in the right direction that ad-
dresses the lack of education and documented best practice in creating 
and assessing the quality of the spatial domains in industry practice. 

Future research that could assist with implementing quantitative 
uncertainty assessment and communication in a JORC, 2012 mineral 
estimation context, includes, for example:  

1. The comparison of low-cost pXRF multivariate data to higher-cost 
laboratory multivariate data for use in Bayesian approximation 
methodology to see how well the lower quality data assists in 
providing an assessment of uncertainty MEE interpretations in early- 
stage mineral, and how well the assumption of stationarity is upheld 
in resource projects to reduce the cost of such assessments where 
only limited laboratory data of economic elements are available.  

2. The comparison of the Bayesian approximation methodology using 
categorical geological logging for classification uncertainty against 
methods of geological uncertainty using SIS and MPS (both of which 
are more suitable for projects with dense sampling and close to 
transitioning to the mine planning phased).  

3. Investigation and comparison of grade simulation to see how much 
of the geological uncertainty is really captured compared to direct 
methods of geological uncertainty using categorical data and SIS or 
MPS.  

4. Provide more case studies in a variety of geological settings using 
methods outlined in this paper to provide guidance and workflows 
on providing quantitative uncertainty assessments on expert driven 
subjective interpretations.  

5. A study of all current codes with minimum requirements to act as a 
competent or qualified person and a similar empirical study of re-
ports to compare against the results in this paper will be useful in 
highlighting trends under different codes. 
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