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Reviewer 1’s comments 

https://doi.org/10.5194/egusphere-2024-4051-RC1  

 

RC1: 'Comment on egusphere-2024-4051', Anonymous Referee #1, 27 Feb 2025  

This manuscript proposes a set of metrics for probabilistic model validation and selection. This 

approach is applied to a synthetic example and a real case study, with a strong focus on mining 

applications. 

Overall the manuscript is well written, although it could be shortened and the vocabulary is sometimes 

confusing. Analysis 2 shows some valuable work on metric visualization, but the manuscript lacks a 

thorough theoretical base and, in the end, the analysis isn't designed in a way that can prove that the 

metrics - most of which being not new - improve our ability to validate and select models compared to 

the current best practices. Another objective was to compare kriging and Gaussian processes, but the 

analysis isn't robust enough to conclude anything there. I think there is potential to make valuable 

scientific contributions on model comparison and validation based on this application, but this will 

require a more careful reflection on the study's goals and how to best achieve them. 

[A1] The authors would like to thank this reviewer for their constructive comments and taking the 

time to provide such a thorough review. We realize from reading these comments that we have not 

been sufficiently clear when it comes to stating the motivations and principal objectives of this study. 

We are committed to reflect and improve on these and other areas in the revised manuscript to avoid 

misunderstanding (see further comments and how this is addressed in [A71]). 

Re: ―the manuscript lacks a thorough theoretical base…‖ 

[A1a] The authors noted that a significant portion of criticism relates to modelling process and formal 

mechanisms, not the methods or modalities used to assess or compare the modelling results. The latter 

is the submission category and criteria by which this manuscript should be judged according to the 

journal guidelines. It is important to correct this misconception, as it sets the tone and expectation that 

underline much of the feedback which currently focuses disproportionately on the theoretical 

foundations of models. The authors accept responsibility for the lack of clarity that have contributed to 

this confusion, and will seek to manage expectations better in the following response and the revised 

manuscript. We acknowledge that this reviewer has raised some legitimate points (for instance, 

enforcing consistent neighbourhood definitions in all models for use during probabilistic inference) 

that would be relevant to and actionable in a model evaluation paper. However, there is no need for 

models to be symmetrically configured in order to be compared in a methods-for-assessment paper. 

Re: ―the analysis isn't designed in a way that can prove that the metrics… improve our ability to 

validate and select models compared to the current best practices‖ 

[A1b] First and foremost, the methods are centred on three aspects, viz., characterising the global 

accuracy, spatial fidelity of ore grade models, and assessing whether the probabilistic predictions are 

sound (i.e. well calibrated with probabilities). These are the highest priorities. These aspects, which 

are usually not jointly investigated in mining literature, form the cornerstone of our investigation. 

They were examined using histogram, variogram and uncertainty-based measures. Although we 

observed the Wasserstein measure is more robust than other histogram-based measures such as 

Jensen-Shannon divergence, the exact choice is not critical to this framework, so long as each of the 

three categories is fairly represented. For instance, the Wasserstein measure can be replaced by the R
2
 

coefficient of determination if that is what users would prefer. The analysis is not designed to prove 

the suggested measures are superior to other alternatives because that was never the aim. At most, we 

would say they are fit-for-purpose. For instance, the variogram ratio statistic is a reasonable indicator 

for spatial fidelity (over-smoothing) which is something geologists particularly object to. 
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[A1c] We think the main contribution of this paper lies in the approach and value it adds to the 

analysis. One specific example is the image-based visualisation of measures [that reviewer 1 had also 

identified] which can help focus attention on identifying and examining situations where models have 

under-performed. The synchronicity scores can be used to produce maps to reveal locations where 

under- or over-estimation had occur. This is not something that the uncertainty-based statistics would 

normally provide. Last but not least, hypothesis testing was applied to suitable measures to compute 

confidence intervals and check for significant differences between models; a comparison was made 

between in-situ regression and future-bench prediction to quantify the increased difficulty of 

extrapolation. This can help inform geological complexity and sufficiency of data gathered in different 

geological domains. Demonstrating these benefits was the primary motivation behind this study.  

[A1d] In regard to the comparison of GP with kriging, the aim was to give meaning and substance to 

the assessments and subject the models to data with varying distributions. The main findings are that 

their performance were compatible based on the predictive distribution uncertainty-based measures, 

however, differences in the local neighbourhood definitions (cf. local approximate GP) can lead to 

differences in terms of spatial fidelity. Whether this constitutes something worthwhile or not is in the 

eyes of the beholder. We respect the reviewer‘s opinion if the present analysis is deemed not ―robust 

enough‖ to draw conclusion. Ultimately, this is probably beside the point, as the manuscript is being 

considered as a methods-for-assessment paper, as opposed to a model evaluation paper. According to 

the journal guidelines, the former is expected to ―describe new standard experiments for assessing 

model performance or novel ways of comparing model results with observational data.‖ It is not 

expected to settle some debate between models (pitting the semi-variogram approach against length-

scales optimisation by maximising the marginal likelihood). The subjects for comparison can indeed 

be any model and be arbitrarily configured. 

Major comments: 

I find the way you've introduced Gaussian processes (GPs), kriging, and Gaussian simulation 

confusing, with some comments being factually incorrect. To be clear, kriging and Gaussian processes 

are both based on the random function concept with Gaussian distributions, so they have the same 

theoretical basis, and Gaussian process and simple kriging estimate and use their parameters in the 

same way. This is made clear by Williams & Rasmussen (1995, 

https://proceedings.neurips.cc/paper_files/paper/1995/ file/7cce53cf90577442771720a370c3c723-

Paper.pdf): 

 

"Gaussian processes have also been used in the geostatistics field (e .g. Cressie, 1993), and are known 

there as "kriging"." 

 

And also by Rasmussen & Williams (2006, https://gaussianprocess.org/gpml/chapters/RW.pdf), which 

repeat that comment p.30, and introduce GP as a linear predictor p.17 (which corresponds to the usual 

way kriging is introduced in geostatistics and the way you've introduced it in the manuscript). 

The key practical difference between kriging and GPs is the inference of the hyper-parameters: 

 In the subsurface we often don't have enough data to robustly estimate a semivariogram 

model, so for kriging the process is done manually based on an experimental semivariogram. 

It's been proposed to fit the semivariogram model automatically to the experimental 

semivariogram (e.g., Pardo-Igúzquiza, 1999, https://doi.org/10.1016/S0098-3004(98)00128-

9), but some authors have discouraged it because of risk of biases. 

 In machine learning (where GPs have been formalized), the goal is to automate as much as 

possible, so hyperparameters are optimized based on the negative log likelihood. 

So when comparing kriging and GPs, you're not comparing two different approaches, you're 

comparing two different ways of inferring the hyper-parameters of the same approach (at least for 
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simple kriging, ordinary kriging with a local neighborhood is different, but equivalent techniques exist 

in the GP world, see Nearest Neighbor Gaussian Procceses). 

[A2] We concur. The comments on their relationship are not in dispute. The authors appreciate the 

reviewer is dissatisfied with how kriging and GP are presented. We tried to capture the theory from 

angles more familiar to the geostatistics and ML communities, following the examples of Oliver et al. 

(2015) and Williams and Rasmussen (2006). On the substantial points, we recognise that we have 

missed an opportunity to emphasise that kriging and GP indeed share the same conceptual 

foundations. To be fair though, the authors have re-read Sec. 2.1 and 2.2, and did not find anything 

that contradicts this. It seems the issue stems from Line 40 or there about. Whether we use the word 

―ways‖ or something else, we are in agreement that they are theoretically equivalent, but the 

computational approaches for inferring the hyper-parameters are different, as the reviewer has 

eloquently put it, one relies on fitting variograms while the other maximises the marginal likelihood. 

When different options (such as neighbourhood definitions) are used and the models are configured 

differently, we believe there is justification for treating them as different models. It is important not to 

lose sight of the fundamental objectives of this work, which is to present ways to compare model 

results with observational data, irrespective of what modelling processes are used. Any transparent 

model is better than a black-box. Even if the models share the same theoretical foundations and are 

merely configured differently, use inferior approximations or some bias had been introduced; none of 

these diminish the utility of the assessment methods. 

Then comes the question of transforming the data. As long as this transformation is linear (e.g., simple 

standardization), there's no problem. But when it is non-linear, back-transforming the mean prediction 

and any confidence interval from kriging/GP can lead to biases, so it shouldn't be done. There are 

specific techniques to deal with this (e.g., log-normal kriging), but a simple and generic way of doing 

this is multi-Gaussian kriging (see Deutsch & Journel, 1997, p.81-82, http://claytonvdeutsch.com/wp-

content/uploads/2019/03/GSLIB-Book-Second- Edition.pdf, although the original author is probably 

Verly I think), where kriging is applied on the transformed data, then we simulate multiple realizations 

and we back-transform them (so not directly back-transforming the kriging mean as you seem to do). 

This is equivalent to using SGS directly, and taking the mean of the realizations at each location. 

[A3] Thank you for the explanation. By in large, this is not an issue. All simulation approaches, 

particularly, experiments carrying the serials *K-SGS, GP-SGS and GP-CRF already follow this 

paradigm (i.e., apply kriging/GP to transformed data, simulate multiple realisations, back transform 

them, then compute the mean and variance of the realisations at each location). One exception is 

GP(L), where the moments of the transformed random variable is approximated using Taylor 

expansion (Hendeby and Gustafsson, 2017); an alternative would be via Monte Carlo simulation 

which we rather avoid. This is a pragmatic modelling decision for an isolated case, that along with 

numerous other assumptions/ approximations are present in real-world models. We accept the 

criticism that this approach is an approximation and might be less reliable, but the point of a ―methods 

for assessment‖ paper is not to restrict comparisons to only the most optimal or perfect models.  

Following up on simulation, Gaussian simulation is a way of sampling from the normal distributions 

of a Gaussian process while preserving the covariance function away from the data. It can be done in 

one generative step based on LU decomposition or based on a FFT when using a grid, or sequentially 

based on the chain rule of probability. This rule tells us that the fields generated in one step or 

sequentially are equivalent. What breaks this equivalency is when we use a neighborhood in the 

sequential predictions, which is often done in practice for efficiency. 

[A4] The authors take this comment as clarification. Based on this description, our ―GP(G)/CRF‖ 

models use Gaussian Process assuming a stationary/global mean and performs Gaussian simulation 

using LU (Cholesky) decomposition. All things being equal, ―SK/SGS‖ (simple kriging, followed by 

sequential Gaussian simulation) should produce more or less the same results, except, the models are 

configured differently as a point of interest. SK uses an isotropic variogram model, whereas GP uses 
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an anisotropic Matern 3/2 kernel with possibly different length scales along x, y and z. [This is a more 

realistic depiction of how we envisage the assessment methods will be used. Instead of enforcing 

uniformity between the models, practitioners will intentionally apply different settings or change 

model configurations and assess the impact of these decisions]. 

Continuing with our GP(L)+SGS models, they perform sequential Gaussian simulation by invoking 

the chain rule. Here, ―(L)‖ indicates using the local mean during inference, akin to the Nearest 

Neighbours GP approach which is often done for efficiency reason. Our results also show this 

provides more accurate regression of the underlying random process. 

The entire manuscript needs to be reshaped to properly account for theory. This includes not 

introducing kriging and GPs as two different methods, being clear on how hyper-parameters are 

inferred, and not testing cases that we know from theory are not optimal (e.g., using the back-

transformed mean of kriging/GP, using too few realizations) or the same (comparing one step 

generative method with a sequential approach, unless you use a restricted neighborhood in the 

sequential scheme, but then this needs to be detailed). The methods also need to be clearly explained 

(e.g., what you're doing in GP(L) isn't explained with enough details, what SK-SGS and OK-SGS 

mean isn't self-explanatory: are you first using SK or OK then sampling from the distributions using 

SGS or are you using directly sampling suing SGS with SK or OK? Those aren't quite the same). 

[A5] The authors will commit to clearing up on how the hyperparameters are inferred and emphasising 

that kriging and GP share the same conceptual foundations. As it stands, the former was described, 

although only briefly, in lines 111-115, 150-155. 

For reasons mentioned previously in [A1a, A1c]---that this paper is not principally about drawing 

conclusions on performance of different model techniques, rather it is about adding value to the 

analysis, for instance, the ability to draw attention to instances where models have under-performed, 

revealing locations where under-estimation had occurred---optimal model construction is not 

necessary for this study to stand. There is no reason to exclude a model because it is not theoretically 

optimal, this flies against the reality that pragmatic decisions are made and approximations are used in 

practice. 

There seems to be a suggestion that taking the ―back-transformed mean‖ is a pervasive problem, and 

that certain model configurations are redundant, neither of these is true. Just briefly, differences are 

introduced through the use of isotropic covariance functions (for kriging) and anisotropic kernels (for 

GP), as well as restricted and different neighbourhoods. 

The authors omitted this information and left this to the implementation (open-source code) as we 

initially felt these details would burden readers, given this paper was submitted as a methods-for-

assessment paper. In light of this reviewer‘s comments, we are comfortable adding these technical 

details (including a clearer description of the coupling of models with Gaussian simulation such as 

―GP(L)+SGS‖) in the revised manuscript. 

On that note, many references are not the original sources but more recent ones. Beside being unfair to 

the original authors, I strongly encourage you to have a proper look at the original studies of the 

methods you're using. 

[A6] The authors will check and amend references as appropriate in the revised manuscript. This also 

relates to [A22], [A32]. 

I also miss a proper literature study and discussion around what has been done on model validation 

and selection in statistics, geostatistics, and machine learning.  
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[A7] We will work on this as a matter of priority to strengthen the manuscript. In addition, we will add 

a proper section clarifying the application context and what we seek to achieve. 

You state in the abstract that "there are no established protocols for evaluating the uncertainty and 

predictive performance of univariate probabilistic models", which is a baseless, and even false, claim. 

A lot has been done on evaluating predictive performance, and scikit-learn has a whole documentation 

about it: 

 

https://scikit-learn.org/stable/modules/cross_validation.html#cross-validation-of-time-series-data 

[A8] In hindsight, this was a case of unfortunate wording. It boils down to how ―established protocols‖ 

is construed. In the writer‘s mind, established protocols refer to industry standards (such as ISO/IET), 

official guidelines or procedures observed and/or practised by the mining industry. There is no 

denying that researchers have contributed many ideas on this front, but these have not been 

systematically tested or matured to the point where there is common consensus on what is fit-for-

purpose for large-scale application. This is an objective fact, at least in the mining geology sector. As 

humans, we often evaluate situations based on our own experience and perspective. This feedback is a 

reminder that there can be multiple interpretations and sometimes multiple valid perspectives. 

Cross- validation is also the standard method for validation in geostatistics, and is used in Deutsch 

(1997), which you refer to multiple time in your work. In statistics, you can have a look at the work of 

Aki Vehtari, who has done many studies on validation, including of GPs. Validation of uncertainty is 

less often done in practice indeed, but that doesn't mean that no work has been done on it. 

[A9] The authors have contemplated cross-validation but found it to be unsuitable for the following 

reasons. First, the data is quite sparse. There are barely enough samples (training data points) gathered 

for certain geological domains. Partitioning the data would further weaken the analysis. Second, in a 

k-fold validation set up, the unseen data set aside for testing also belongs to the same region as the 

training data. This evaluates its in-situ regression performance (essentially, interpolation ability) 

whereas the main focus of this work is on extrapolation performance, where the model is required to 

inference into new territories (e.g. to surrounding areas, an adjacent bench or the bench-below). 

Using the hold-out method, we already compiled results in Sec. 5.3 that illustrate in-situ regression 

performance. This task is less demanding compared to future-bench prediction, thus a k-fold 

validation (hypothetically speaking) that uses the same pool of data would similarly yield optimistic 

results and not truly reflect model extrapolation performance. 

In the end, I remained unconvinced that the proposed FLAGSHIP approach improves our ability to 

validate probabilistic models. The key problem here is that you don't have any baseline to compare to, 

so you can't prove that your method improves anything. 

[A10] To reiterate, the main contribution of this paper lies in the approach and dimensions it adds to 

the analysis. The analysis is not designed to prove the suggested measures are superior to other 

alternatives because that was never the aim. Their purpose is to shed light on the global accuracy, 

spatial fidelity and calibration properties of probabilistic models. Currently, there is no common 

consensus in the field of mining geology on what procedures should be employed. This paper shows 

the proposed measures are fit-for-purpose, can be used to evaluate a large number of 

models/configurations simultaneously across space and time. A useful property is that these statistical 

measures (FLAGSHIP for short) are standardised, interpretable and amenable to significance testing. 

They are generally bounded between 0 and 1. Interpretable because measures like fidelity and 

goodness indicate respectively, how well the variogram (spatial variability) is reproduced compared to 

the hold-out data/reference, and how well calibrated the predictive distributions are with probabilities. 

These interpretations do not change with location or the target variable; in contrast, this is not the case 

for RMSE, it would be misleading to aggregate and average over different geological domains or 

target variables (e.g. Cu and Zn) or compare model performance based on RMSE at different sites. 
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These attributes are by no means unique, for instance, R
2
 would probably be a suitable replacement for 

the Jensen-Shannon histogram measure. The point remains that the measures we looked at would 

facilitate such enquiries, i.e., cross-site or cross-species predictive performance comparison, with 

respect to all three aspects of such models: to evaluate global accuracy, spatial fidelity and how 

reasonable the uncertainty estimates are. 

Returning to the journal‘s requirements, a methods-for-assessment paper is expected to describe new 

standard experiments for assessing model performance or novel ways of comparing model results with 

observational data. These criteria were addressed in a number of ways. In Sec. 5.2, image-based 

visualisation of the FLAGSHIP measures was proposed as a way of focusing attention on identifying 

and examining situations where models have under-performed, highlighting the sensitivity of certain 

histogram distance measures to limited test data, and issues such as drifts in the target distribution. In 

Sec. 5.1.6 (Figs. 20-21), the synchronicity measure, a quantity computed en route to evaluating the 

goodness of the predictive distributions, enabled us to highlight areas of under- and over-estimation 

which can reflect modelling deficiencies due to mismatched assumptions or misconfiguration. These 

observations may lead to modification of the sampling regime, steering future drilling campaigns to 

capture more meaningful data in uncertain zones. In Sec. 5.2.7–5.2.8, we computed confidence 

intervals and performed hypothesis testing. This could be a general procedure for establishing if there 

are significant differences and the extent of these differences between competing models. In Sec. 5.3, 

we considered the increased difficulty of the extrapolation task relative to in-situ regression in the 

context of grade modelling in open-pit mining. 

I think a simple strategy with a cross-validation (based on group k-fold to assess extrapolation to 

different domains and intervals), and as metrics R2 to assess predictive performance and expected 

calibration error for uncertainty (what Deutsch (1997) calls precision basically) would be enough. 

Those two metrics can also be easily visualized in a similar manner (like in your figure 19), which 

helps with interpretation and decision making. The log likelihood or negative log probability might be 

worth testing as a complement. But using too many metrics (including some that can be biased, as you 

mention in the conclusion) is just counterproductive. 

[A11] Group k-fold validation is unsuitable for assessing bench-below prediction performance as 

mentioned earlier in [A9]. There is no barrier to using the R
2
 coefficient. In our view, the two metrics 

this reviewer proposes would provide only an incomplete and limited view of model performance. For 

instance, it may not reveal over-smoothing and the locations where the field is under- or over-

estimated. 

Specific comments: 

Abstract 

Line 2: I'm not sure that "valued" is the right term there, maybe "useful" or "essential" would be more 

appropriate. 

[A12] This will be changed to ―useful‖ as suggested. 

Line 4: That is a bold statement that statisticians won't enjoy reading. Regarding predictive 

performance it's just wrong, a lot of work on this has been done on this in statistics and data science, 

and cross-validation is mentioned in the classical geostatistics textbooks as well (see Deutsch & 

Journel, 1997, p.94, http://claytonvdeutsch.com/wp-content/uploads/2019/03/GSLIB-Book-Second- 

Edition.pdf). Regarding uncertainty it is more debatable in the sense that it is less often done in 

practice, but techniques based on cross-validation also exist for this. 
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[A13] This issue relates to how ―established protocols‖ is interpreted and understood by the reader. As 

explained in [A8], the authors certainly meant no disrespect. To avoid causing any offence, it might be 

best changing this to ―[established] industry standards‖.  

Line 10: The "with or without sequential or correlated random field simulation" isn't really clear at this 

stage. I suggest to rephrase this sentence. 

[A14] We will take up your suggestion when the manuscript is revised. 

Line 11: Fidelity to what? What's goodness? How is it different from accuracy or precision? What is 

synchronicity? How is histogram an evaluation metric? This feels like a somewhat random list of 

concepts to get a nice acronym, but what it actually means (and whether it is any useful) remains 

unclear. 

[A15] We should clarify as part of the third objective that the ―spatial fidelity of models‖ is measured 

relative to the variogram of the ground-truth/test data. The aspects mentioned by this reviewer 

(goodness, accuracy etc.) all relate to the model predictive distributions as stated in the text. It is 

normal for readers to be asking curious questions, such as the concept of synchronicity and how 

goodness differs from precision, but it would be unusual for an abstract to delve into such details. 

These questions are answered in Sec. 3 where the measures are described, accompanied by 

mathematical definitions. To ease the feeling of ―randomness‖, we can bring forward ―FLAGSHIP 

statistics…‖ and tie these measures with the aim of satisfying the three objectives to assess the quality 

of the predictive distributions, to make these sentences more connected. 

Line 14: Data diversity isn't a property of the experiments in this case, it's a property of the datasets 

used in the experiments. If you use a single dataset with a single data type, then the data diversity is 

pretty poor. But the abstract isn't clear on that. 

[A16] The authors mostly agree. However, we do not think there is much to be gained by drawing this 

distinction. The experiments are not offered as a predictive service that runs independent of the data. 

To the contrary, the ability to assess and differentiate models depends to a large degree on how much 

the models are challenged by the data. Data diversity is therefore a key consideration of these 

experiments. If the data is too homogeneous; the assessment will likely not reveal any meaningful 

difference between the models. 

1. Introduction 

Line 27: A single realization isn't enough to quantify uncertainty, you need several ones. 

[A17] Will modify as ―random realisations‖ 

Line 28: "It requires geostatistical simulation of each hydrostratigraphic layer using boundary points 

specified by geologists." I'm not sure what you mean by that here, nor how it is helpful to understand 

what you are trying to do. 

[A18] It is difficult to capture the finer details of a research proposal in a sentence. In engineering 

geology, boundary points or contact points are understood to be geological interpretations that identify 

interfaces between different layers such as sandstone and clay. 

Line 32: This is the first paragraph of your introduction, yet you start by mentioning studies that are 

not relevant to your own work? Your goal here is to catch readers' interest, so better go straight to why 

your specific work is important. 
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[A19] Fair enough. The original thinking was to clarify what is meant by probabilistic models by 

citing some examples. Then, narrow the focus to ore grade prediction. We will think about how to 

restructure this and elevate the importance of the objectives for this study. 

Line 31: Three studies are a little light for an "intense interest", which only started in the 2020s it 

seems. 

[A20] For the very reason you mentioned above, we did not think it was a good idea to cite a lengthy 

list of works without much explanation, or dedicate more space to describing them, just to clarify what 

constitutes probabilistic models. We needed to quickly get to the point. The word ―intense‖ can be 

dropped to address this. 

Line 34: "Rapid development"? Interest around probabilistic modeling for the subsurface started in the 

1950s, so this statement combined with citations from the 2020s leaves me puzzled. I hope you realize 

the long history behind probabilistic modeling, both in statistics and geostatistics. 

[A21] This may have been misconstrued. Recent development extends well beyond classical methods. 

There are emerging works on Bayesian sparse learning approaches, and compressive sensing (which 

has roughly a 20 year history if we draw the line under basis pursuit); some in unpublished domains. 

These directions have not been explored nearly as much in geoscience until recent years. A suitable fix 

would be using ―recent development‖. 

Line 36: It would be much better to cite the original studies on kriging here (so Matheron's work, 

although Krige's work could also be cited). 

[A22] This will be done in the revised manuscript. 

Line 40: GPs aren't an alternative to kriging, they are the same approach (the only difference comes 

from what is considered a hyperparameter and how they are estimated). 

[A23] This has been noted. GP shares the same conceptual foundation as kriging, but their 

computational approaches are different owing to how their hyperparameters are estimated. 

Lines 41-42: Kriging doesn't require a sequential scheme for predictions, this is just a way to alleviate 

the extra computational cost that comes with more data and larger grids. And a similar scheme has 

been proposed with GPs (see Nearest Neighbor Gaussian Procceses). Sampling from the posterior 

distributions (i.e., simulation) is required by both kriging and GPs in case of non-linear transformation 

(something that is very clear in geostatistics, less so in machine learning unfortunately). And GPs 

suffer from the exact same limitations as kriging regarding the non-reproduction of the covariance 

function (again, they are the same method). 

[A24] Thank you for this comment. This part will be revised to ensure it is factually accurate. The 

general points we made are consistent with Bai and Tahmasebi (2022) and Ortiz (2020). Without 

simulation (sampling from the posterior distribution), the predicted mean tends to overestimate small 

values and underestimates large values; this causes oversmoothing which may be attributed to a deficit 

in variance, or non-reproduction of the histogram and covariance function. Another issue is that 

simulation is required to obtain credible uncertainty estimates that are not dominated by sample 

spacing. Putting computational cost aside, these issues can be mitigated by SGSim (Deutsch and 

Journel, 1997). Reading your last comment, we appreciate that GPs suffer the same limitations as 

kriging when all things are equal. However, when the respective models are configured differently and 

different settings are used (such as the shape of the neighbourhood search and how points are selected 

to form the local mean), differences can emerge. While these differences might be regarded as a 

nuisance and discouraged for a model evaluation paper, these may be acceptable and even encouraged 

for a methods-for-assessment paper, as these variations reflect how modellers might explore different 
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options in practice. The authors will seek to make clear in the revision that this is not fundamentally 

about a contest between kriging and GP, it is about ways of assessing models which happened to share 

the same theoretical foundations here, but are practically different in terms of how they are computed 

and configured. 

Line 47: At this stage the motivation and goals of the paper are becoming blurry. It would be better to 

reorganize the introduction to bring the different goals together. 

Line 49: The focus on mining is important and should be better highlighted in the introduction and 

abstract. 

Line 63: This is the third time that this objective is mentioned as such in the introduction, which 

highlights an issue with the flow of ideas and the logic of the introduction. 

[A25] Thank you for the advice. On the last three comments, we will give serious thoughts on how 

these contents can be better organised, and bringing the mining aspect to the fore. 

Lines 66: RMSE is just a validation metric. Considering errors as independent or dependent isn't 

related to the validation metric, it's a modeling decision. And both kriging and GPs assume that errors 

are independent. If validation shows correlation in the errors, then either there is an issue with the 

prior model (i.e., the covariance function) or kriging/GP isn't appropriate for the dataset at hand. 

[A26] When models are assessed, one consideration is whether the prediction errors are correlated. It 

seems odd to say independent or dependent errors is a modelling decision, as no model sets out 

deliberately to produce spatially correlated errors. Perhaps the reviewer is thinking of universal 

kriging, where a global trend model is first fitted to the data, so that the regression errors would 

hopefully amount to white noise. As this paper is concerned with assessment methods rather than 

modelling mechanisms, there is a need to deal with (not dismiss) misbehaving models, and identify 

where they produce correlated error clusters. 

In mining, it is not uncommon for correlated errors to appear in the residuals due to domain 

delineation errors, unexpected spatial discontinuities, rapid change in the geology, limited data for the 

models to learn from (which may result in poor estimates of the hyperparameters), or even drifts in the 

target distribution due to the non-stationary nature of the random process when the available data is 

extrapolated over large distances.  

Line 67: What is the link between errors being dependent and uncertainty quantification? And to any 

limitations of RMSE as a metric? This whole paragraph is really unclear. 

[A27] Fair point. There is no direct relationship between dependent errors and uncertainty 

quantification. But uncertainty quantification is only one aspect of model assessment. Liemohn et al. 

(2021) has argued for instance that RMSE by itself may not be enough in judging model performance. 

It should be accompanied by measures that examine spatial correlation. Why? If the predicted field 

does not exhibit similar spatial correlation as the reference field, their difference (residual signal) 

would likely deviate from IID (white noise). A white spectrum has uniform noise power and it implies 

the errors are uncorrelated. A non-white spectrum implies the errors are correlated and there is spatial 

structure to the noise. RMSE cannot tell us if the errors are systematic (structured) or random. The 

spatial fidelity measure, however imperfect, at least goes some way toward capturing spatial 

correlation as it derives from variogram ratios. It may reveal differences that are transparent to the 

RMSE. 

2. Geostatistical modelling 
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Line 81: That's a fundamental viewpoint of random processes, not necessarily of probabilistic models. 

[A28] Will revise as appropriate. 

Line 112: What past experience? This sounds oddly unscientific, why not do hyperparameter tuning 

based on a cross-validation, as is standard in machine learning (and should be standard in geostatistics 

but unfortunately isn't always done)? 

[A29] Melkumyan and Ramos (2011) investigated this in the context of multi-task GP (covariance 

functions). 

Line 130: Indeed, so why introducing kriging and GPs as two different techniques? 

[A30] As mentioned in [A2], we tried to capture the theory from two equivalent perspectives using 

notations familiar to the geostatistics and ML communities, following the examples of Oliver et al. 

(2015) and Williams and Rasmussen (2006). We will be making changes to emphasise the points 

raised in your first major comment. 

Line 162: It's important to mention there that Gaussian simulation is required to preserve the spatial 

structure of the covariance function (at least away from the data, as the covariance function is part of 

the prior and will get updated by the data) but not sequential Gaussian simulation. The former can be 

done through LU decomposition, which implies building a very large covariance matrix, so the later 

alleviates computational costs by using the chain rule of probability and building instead multiple 

smaller covariance matrices. And Gaussian simulation refers to a set of techniques to sample from a 

Gaussian process, so it isn't independent from kriging in that sense. 

[A31] Will mention this when Sec. 2.3–2.4 are revised. 

Line 163: It would be much better to refers to the original study introducing SGS (I suppose that might 

be Gomez-Hernandez & Journel, 1993, Joint Sequential Simulation of MultiGaussian Fields). 

[A32] Will expand citations. 

Line 180: That definition was already given, since random process, random field, and random function 

refer to the same thing essentially. 

[A33] True. Saying they are the same would probably take just as much space though. 

Line 190: At this stage we have no explanation of what SK-SGS and OK-SGS mean, so they require 

further explanations of what they mean and why picking those options specifically. 

[A34] Thanks. Will add further explanation and mention some of the key differences in terms of how 

the models were configured. As mentioned in [A5], these details were omitted and deferred to the 

source code as the modelling process is not the primary focus for papers submitted in the methods-for-

assessment category [A1d]. 

Line 190: How do you condition the mean on the local neighborhood in the GP? The previous sections 

were quite generic, and in the end give little detail as to what you do exactly. 

[A35] There is a fair argument for making these details clearer, if not only to make the technical 

description more complete, it can help readers become more aware of the configuration settings that 

make the models practically different. These details will be added. 
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Line 192: Why using an isotropic covariance function for kriging and an anisotropic one for the GP? 

This creates a bias in your experiments, especially for your goal of comparing the performance of 

kriging and GPs. 

[A36] As the authors have acknowledged in [A1a], this is a legitimate criticism that would be valid 

within the jurisdiction of a model evaluation paper. This being a methods-for-assessment paper, the 

goal of adding value and extra dimensions to results comparison [A1c] overrides other objectives. In 

particular, there is no need to enforce uniformity, requiring models to be symmetrically configured or 

bias-free in order to be eligible for comparison. Consistent with this understanding, the models can be 

arbitrarily configured without defeating the purpose of the analysis [A1d]. There is no reason to 

exclude a model because it is not theoretically optimal [A5]. On the contrary, pragmatic decisions and 

various approximations are made in practice, thus a realistic scenario we envisaged in which the 

assessment methods would be used, would likely involve suboptimal (imperfect) models, where 

modellers intentionally apply different settings or change model configurations to assess the impact of 

those decisions on different facets of model performance [A4]. 

Lines 196-199: This is the wrong procedure when dealing with transformed data, you should sample 

from the predicted distributions (using SGS for instance), back-transform the realizations, then take 

the mean. Otherwise your predictions will be biased (see Deutsch & Journel, 1997, p.81-82, 

http://claytonvdeutsch.com/wp-content/uploads/2019/03/GSLIB-Book-Second- Edition.pdf). 

Addressed in [A3]. 

3. Geostatistical measures 

Line 202: Before defining the metrics used for validation, it would be better to define the validation 

strategy: how do you assess the generalization error and the uncertainty quantification? Do you use a 

holdout validation? A cross-validation? Or do you just do some form of residual analysis? It seems 

that you're doing a mix, but that's not so clear. 

[A37] We are thinking of bringing forward mentions of ( ̂  ̂   ) and discuss these specifically in the 

context of ―future-bench‖ prediction and how the experiments are set up. Assessment of model 

performance on unseen data is accomplished essentially using holdout data. Training is done 

(hyperparameters are learned for each geological domain) using blasthole assay samples (causal data 

available) from each domain. For testing, separate grid values collected from the ―future-bench‖ (this 

could be in the surrounding or adjacent area to the current bench, or from the bench below which the 

modeller does not have access to at the time) is withheld for validation. This latter source of 

information serves as the ground truth. For reasons given in [A9], k-fold cross-validation is not used. 

Line 208: How are the groundtruth histograms define? In a real case we won't have a ground truth, so 

how can we translate your method to real cases? 

[A38] Groundtruth histograms describe the distribution of grade values in the test data, these values 

are defined at the same locations where prediction (probabilistic inference) is required. Assessing 

model extrapolation performance---in the sense of predicting into a future bench---must be done 

retrospectively, since this new territory could be underground thus laid hidden before it gets exposed 

following excavation. In an open-pit mining work flow, different pits are being worked on 

concurrently, and the ―hold-out‖ data is always plentiful, as assay samples are taken routinely from a 

portion of drilled production blastholes before blasting and excavation take place. The sanctioned 

values determined for the current bench (after assaying, integration with expert knowledge and model 

refinement are done) serves as test data for the previous bench. This cycle repeats when sanctioned 

values become available for the next bench, it will be used to assess the bench-below predictive 

performance of the model trained using data from the current bench. The knowledge gained (such as 

probability calibration error as measured by the goodness of the predictive distribution, and any 
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surprises such as clusters of large correlated errors) could inform mine planning, and justify changes to 

measurement density in geologically complex and uncertain areas. Often, the extracted ore material is 

stockpiled and there is a significant lag time between various mining processes. Provided there is 

adequate tracking, there is an opportunity to re-characterise the grade and uncertainty in a stockpile 

before it is transported or mixed with other material downstream. Outside of the mining scenario, the 

reference (pseudo-ground truth) would have to come from test data set aside for cross-validation. It is 

possible to observe generalisation performance, albeit in a weaker (more limited) sense, as the test 

data derives from the same region as the training data. Basically, this evaluates the model‘s in-situ 

regression performance. This was demonstrated in Sec. 5.3 of the manuscript in the manner of hold-

out validation. 

Line 209: Why just with the mean predictions? Why not with the full distributions? 

[A39] This is what the uncertainty-based measures described in Sec. 3.3 are for. 

Lines 210-211: You need to explain exactly why you picked those approaches, and more importantly 

why you picked four approaches doing essentially the same thing and not just one. What extra insight 

do we get by using all those? 

[A40] The quoted passage ―the four chosen measures are motivated by hypothesis testing, information 

theory, set theory and the Monge-Kantorovich optimal transportation / distribution morphing problem‖ 

recognises there are different ways of approaching histogram measures depending on one‘s 

background. If the authors had chosen just one measure, others might object and accuse us of cherry-

picking. Subsequent analysis (Fig. 17) shows these are highly correlated (interchangeable for the most 

part), however, the Wasserstein EM histogram distance (see Sec. 5.2.1 and Fig.22) tends to be more 

robust. For a methods-for-assessment paper, these findings are important. Just as well, we decided to 

investigate several approaches and not eliminate some options too early. 

Line 242: It's a loss of spatial fidelity only if you assume that a covariance function (or semivariogram 

model) can be robustly estimated from the data. 

Line 246: The range and nugget would be more appropriate parameters to assess a reduction in spatial 

variability. So why using the sill? 

[A41] There are caveats and possible alternatives to just about any proposed measure. Applying the 

logic in the previous remark, the range and nugget may be considered only if they can be robustly 

estimated. As a general notion, equation (21) considers the variogram ratio over all distances, d. It is 

not the sill that this ratio is confined to. In particular, the median ratio is used in (22). Depending on 

the choice of the variogram model, the nugget value can be quite variable. It also represents an 

intrinsic component of variability inherent in the geology that is irreducible. This is something that any 

model would struggle to predict, and not particularly indicative of the average loss in spatial 

variability over all distances, d. 

Equation 22: Is r_model(d) defined anywhere? What is that spatial fidelity supposed to be measuring? 

And what's its theoretical justification? 

[A42] r_model(d) is defined in eq. (21). Spatial fidelity measures the reduction in spatial variability in 

the model predictions relative to the test data based on variograms. We plan on making this clearer in 

the next revision. As stated in line 242, this proposed measure stems from the widespread use of semi-

variograms in geostatistics, which itself is an expression of the covariance between two points. It is 

basically equivalent to the autocorrelation function which measures the decay in signal power with 

increasing distance. 
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Line 256: There we touched upon how to use those metrics in practice, but this is too little too late. We 

need clearer explanations on the overall validation methodology and its theoretical justification. 

[A43] This material will be reorganised, with extra explanations added on the overall model 

assessment strategy in line with [A38], including the objectives as explained in [A1b, A1c]. 

Line 260: Better to stay consistent with the notation than creating an unnecessary source of potential 

confusion. 

[A44] There should be no confusion. We are merely using ( ̂  ̂   ) instead of 

( ̂       ̂              . We believe this has been used consistently throughout. 

Line 305: Why not use the negative log probability of the target under the mode as a metric that can 

also capture the accuracy of the mean prediction (see Rasmussen & Williams, 2006, p.23, 

https://gaussianprocess.org/gpml/chapters/RW.pdf)? 

[A45] Indeed, the negative log probability of the target under the model,                = 
 

 
   (    

 ) 
      ̅      

 

   
 , as a loss measure is a viable alternative to our synchronicity utility measure (S) 

defined in (24) for evaluating the predictive distribution given the predictive mean and variance. There 

are couple of reasons for choosing the latter: (1) S is bounded; (2) it may be used to derive other 

uncertainty-based measures, to compute the goodness of the estimated distribution (G) for instance. 

Line 314: What happens when you don't have a ground truth and a small, potentially biased validation 

set? 

[A46] This was partially addressed in [A38]. These challenges are not unique to a specific assessment 

method. For the application we envisaged, ground truth is plentiful in an open-pit mining environment 

subject to time lag, however, the reference points (test data) do not come in equal amounts across all 

geological domains. If this is what is meant by bias, under-sampling is real. So, it is instructive to 

examine model performance on all (or at least multiple) domains. If by bias, you mean the withheld 

data also comes from the same spatial region as the training data, and therefore may not indicate 

model predictive performance into new territories, then yes, the assessment will be more limited 

(mainly restricted to in-situ regression performance), if test data from the bench-below is not available 

to assess forward prediction capability. 

Line 333: "Model 1 is simulated using a uniform distribution": What does that mean exactly? 

[A47] In Fig. 3, the smooth curve represents the true target value,  µ0(x ). As explained in line 332-

334, ―in blue and black, we have two noisy [synthetic] models. They differ in terms of how much their 

mean predictions gravitate toward the actual mean, µ0(x ). Model 1 is simulated using a uniform 

distribution, so its estimated means are more spread out. Model 2 is simulated from a normal 

distribution, so its mean predictions,  ̂ (x ) tend to be concentrated around µ0(x ) but its tail values 

extend further out.‖  In other words, for model 1,  ̂     is drawn from a uniform distribution specified 

by µ0(x ) + U([-b/2, b/2]). For model 2,  ̂     is drawn from a Gaussian, specified by µ0(x ) + bias + 

const  N(0,1). 

Figure 3: The figures are hard to read unless one zoom in a lot. It would be better if the font size of the 

figure was closer to the font size of the text. Also shouldn't there be an uncertainty estimate? 

[A48] We will endeavour to increase the font size for legibility. In this synthetic example, as 

mentioned in line 330-331, each vertical bar signifies ± ̂. This length is somewhat arbitrary; its 

purpose is to emphasize that we have a predictive distribution. The current choice, [ ̂− ̂,  ̂+ ̂], 

corresponds to [Q(1−p)/2,Q(1+p)/2] where p0.68. 
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Line 340: So here you're doing a residual analysis, is that correct? That doesn't tell you anything about 

generalization error and about the ability of the models to extrapolate though, and the ability of your 

metrics to reflect that. 

[A49] Here we are evaluating the predictive distributions using uncertainty-based measures. Since the 

predictive mean and variance values are contrived (they are synthesised rather than a product of some 

real modelling process), generalisation performance and the ability to extrapolate are irrelevant. The 

point is to show if we have a biased (insert other adjectives), conservative, or over-confident model, 

that captures more or fewer true target values in a given probability interval---which we can quite 

easily see based on the proportion of overlap of the bars with the target function (smooth curve), we 

can check these behaviours and see they are reflected in these measures. The aim is to show the 

numbers (e.g., interval tightness and precision/goodness of the predictive distribution) are in accord 

with intuition. 

Table 2: Having so many non-standard metrics is just counterproductive in my opinion, because 

figuring out what each one means gets complicated, so comparing the models gets complicated. 

Having just two or maybe three well-chosen metrics would be much more efficient. 

[A50] We appreciate this comment and understand where this reviewer is coming from. Where our 

views probably differ is that we are less interested in establishing the superiority of models per se, and 

more interested in the methods for assessing models, which is the expectation for our submission 

category after all. This gives greater scope for considering the accuracy, precision, goodness metrics 

described by Deutsch et al. In the end, using a subset of these might be sufficient, we won‘t know if 

we don‘t find out. As mentioned earlier, in relation to the histogram distances, the Wasserstein EM 

distance is shown to be more robust than several alternatives such as the Jensen-Shannon divergence. 

Returning to the uncertainty measures, the synchronicity measure has the added advantage of showing 

over- and under-estimation and can be rendered as maps. This is useful in grade model spatial 

comparison. 

4. Experiments 

line 374: So here you're looking at extrapolation, although the previous synthetic example wasn't. 

Being consistent between the synthetic case study where we have a ground truth for comparison and 

the real case study would make the analysis of the proposed method more robust.  

[A51] In the synthetic example, the estimated values were contrived. The attention was purely on 

( ̂  ̂   ) and the uncertainty-based statistics. It would not have mattered whether it represents 

extrapolation or not, as no actual training data was used by the fictitious models. The uncertainty-

based statistics are used consistently across the board in all subsequent experiments. The only 

difference is that the ground truths (hold-out test data,   (x*)) are given at inference locations x* that 

require non-trivial extrapolation in the real experiments (typically projecting into adjacent benches or 

the bench below), whereas in the synthetic example, we have perfect knowledge of   (x*)---the target 

values on a smooth curve. 

Line 383: I would add a link to the repository here. 

[A52] An URL to the repository was included in the initial submission. The authors were subsequently 

asked by editorial staff to remove it to comply with journal regulations. 

5. Results 

[A53] As a general comment, we intend to revise Sec. 5.1 Analysis 1 with a view of simplifying or 

removing some of the illustrations that are deemed obvious. 
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Line 412: That part is incredibly confusing, because it states basic properties of simulations (the more 

simulations, the closer to the kriging/GP predictions), but also suggest that fewer simulations get you 

closer to the ground truth, which is wrong, this is just an artifact from using too few simulations. 

[A54] This criticism relates to observations and remarks that pertain to Fig. 7. We do not believe this 

is a fair or accurate representation of what the text is actually saying. The principal reasons for 

conducting conditional simulations according to (Deutsch and Journel, 1997, p.4) are to (1) obtain 

uncertainty estimates of the field at unsampled locations altogether in space; (2) address the issue of 

oversmoothing seen in kriging/GP (Olea and Pawlowsky, 1996); and (3) reproduce the histogram and 

restore spatial correlation between samples and inference grid points (Ortiz, 2020). Our first comment 

in relation to the smoothing seen in SK and GP(G) is a reflection of (2). Our second comment that 

―simulations can improve the spatial fidelity of the predictions‖ in the sense that the spatial variability 

matches more closely with the groundtruth is merely a restatement of (3). 

If we take ―closeness to the groundtruth‖ to mean global accuracy as measured by histogram distance, 

then certainly we expect this error to fall in line with baseline GP for sequential simulations upon 

convergence since it honours the data and the disturbances have zero mean (this can be seen in the first 

column of Table 15). If we consider the spatial fidelity of the predictions in the sense defined in (3), 

then sequential simulations does improve local accuracy and help replicate the spatial variability 

observed in the test data (groundtruth). The second column of Table 15 provides evidence of this. We 

do not dispute that the simulated results would contain significant fluctuations which this reviewer 

refers to as artefacts if one relies on using a few random realisations. As the accuracy column in Table 

15 shows, this does not make good sense (help ensure the uncertainty estimates are sound). Any 

suggestion of the benefits is limited to the extent that sequential simulation injects correlated noise that 

helps minimise over-smoothing inherent in kriging/GP, and the effects can be seen early even after a 

few simulations. 

J.M. Ortiz, Introduction to sequential Gaussian simulation, Queen‘s University, Annual Report, 

Queen‘s University, Ontario, Canada, 2020. URL: 

https://qspace.library.queensu.ca/server/api/core/bitstreams/3f7458da-0662-46be-822b-

974c4094ea46/content 

Figures 7 & 9: The problem here is that the first row is the wrong way of proceeding, while the bottom 

row is the right way. But this is nothing new, it's basic geostatistical knowledge (see Deutsch & 

Journel, 1997, p.81-82, http://claytonvdeutsch.com/wp-content/uploads/2019/03/GSLIB-Book-

Second- Edition.pdf). I suppose "from_32" means from 32 realizations, but in general you need a few 

hundred realizations to have a robust estimate of the mean, and a few thousand for the standard 

deviation. 

[A55a] We appreciate this reviewer is well versed in geostatistics. As authors, we have a 

responsibility to cater for the needs of a wider audience. Following the mathematically heavy sections, 

these figures illustrate the predictive distribution in a mining geology context, and help readers 

comprehend spatial variability and over-smoothing, and visualise differences between different 

models/configurations. 

[A55b] We respect this reviewer‘s comment. We would rather refrain from casting judgment, as it is 

unhelpful for understanding the rationale of this work [A1a-A1d]. For a methods-of-assessment paper, 

there is no reason to exclude a model simply because it is suboptimal.  Seen in their true light, the 

differences that exist between models may reflect pragmatic decisions, hyper-parameters tuning, 

various approximations, or model settings that modellers might apply intentionally in practice to 

investigate the impact of those decisions on different facets of model performance [A36]. If a few 

hundred/thousands of realisations is needed to obtain a very reliable estimate of the target standard 

deviation, it would be a fair question to ask can we get a reasonable (probabilistic sound) estimate with 

fewer realisations? The configuration changes between models are made in this spirit to reflect what 
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might happen in a real-world model assessment scenario, and such variations (not strictly limited to 

number of realisations) is what the vertical axis in many of the plots (in Fig. 22-26) truly represent. 

Figures 8 & 10: I'm not sure what is the point of those figures, they illustrate a very basic property of 

simulations. 

Answered in [A55] above. 

Line 421: Estimation of the variance in GP is the same as in kriging, so it isn't based on the observed 

values either. Yet there is a difference between the uncertainty quantification from kriging and from 

the GP, why is that? 

[A56] This most likely is due to different neighbourhood definitions used in kriging and GP, 

respectively. The former (based on the code we inherited) uses isotropic covariance functions and 

spherical nearest neighbour search, whereas the latter uses a kernel with separate length scale 

parameters for each axis and an ellipsoid search. 

Line 425: Any heterogeneity you see there comes from the insufficient number of realizations that 

you're using. It's a bias, not a feature. 

[A57] Graininess is an artefact when the number of realisations is small. This is a distraction if 

anything. The substantial point we try to make is that the kriging variance measures only the 

uncertainty prevailing at a given location u; it does not provide any indication about the joint 

uncertainty prevailing at several locations (Deutsche and Journel, 1997, p.19). 

To elaborate, the kriging/GP variance, being independent of data values, largely reflects the geometric 

data configuration, not the local estimation accuracy (Journel, 1986). Conditional simulation 

effectively trades off minimum estimation variance for the reproduction of the covariance to restore 

spatial variability. Under the multivariate Gaussian assumption, the simple kriging mean and variance 

convey the same information as the posterior ccdf (cumulative distribution function conditioned on an 

information set of neighbouring data). This univariate ccdf ―measures only the uncertainty prevailing 

at a given location u; it does not provide any indication about the joint uncertainty prevailing at 

several locations‖ (Deutsch and Journel, 1997, p.19). The significance is that we can make 

probabilistic inference for block averages not exceeding a threshold within some spatial support (B) 

using simulation/stochastic images, but this cannot be derived from the set of univariate ccdfs by 

considering multiple points {uj} in B. 

Line 434: At this stage it remains unclear to me what does it mean to couple SGS or CRF with a GP. 

Are you sampling from the GP distributions using SGS or CRF? 

[A58] Our approach is consistent with (Deutsch and Journel, 1997, p.126). For each random 

realisation s, we generate a sequence of simulated values    
                 by sampling from a 

univariate ccdf                 using the posterior mean and variance estimates from kriging/GP 

for Z(ui). The conditional implies using n data points plus (i-1) previously simulated values. In 

practice, a spatial neighbourhood is imposed to mitigate computation cost. These details will be made 

clear in the revised manuscript as hinted in [A5]. 

Table 4: This is quite hard to understand in the end. Some kind of bar plot would already be an 

improvement. 

[A59] We will reassess the need for a bar graph. Overall, readers are not expected to scrutinise 

individual numbers, as the histogram distances are already sorted in the ‗rank‘ column. For guidance, 

the main point is summarised in line 432-433: although the trend varies somewhat depending on the 
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domain, a common observation is a general improvement in the histogram rank (reduction in 

histogram distances) when simulation (SGS/CRF) is used. 

Line 447: How did you infer the semivariogram model parameters though? That needs to be explained 

in the method section. 

[A60] As indicated in eq. (21), variograms are computed for the model and reference using the 

posterior mean function evaluated at the predicted locations {x*} and the unseen test data (groundtruth 

for the future-bench), respectively. The SciKit package skgstat.Variogram is used to fit the semi-

variograms. The variogram model and parameters are user configurable, and the Matheron estimator 

and Matern model are used by default. 

Line 460: This is a basic property of kriging and GPs. You will observe the same for the simulations if 

only you simulate enough realizations. The only difference will be that you'll do the back-

transformation correctly, which should impact the results, although I'm not sure to what degree. 

[A61] We agree that this is what conditional simulations are meant to do. In regard to the second part 

on back-transformation, we believe this has been discussed in [A3]. 

Line 469: A key question is do you need to do so? Reproducing semivariogram models per se isn't 

particularly valuable, since a model can be wrong anyway. Assessing generalization error is much 

more valuable. 

[A62] In mining geology modelling, global accuracy (e.g. kriging reproduction of global trend) is not 

the only aspect that people would care about. Geologists are particularly sensitive to texture (i.e. 

patterns of local variability) in model appraisal; hence a characterisation of how well spatial variability 

is preserved (using variograms to measure spatial correlation) matters a lot. By design, all our 

experiments consider the generalisation error (e.g. comparing the histogram distance between the 

predicted values and test data). Thus, we can detect over-fitting. A more important question is what 

constitutes the test data. If it comes from the same region as the training data, we are assessing in-situ 

regression performance. This is not the best indication of forward inference capability where a model 

is required to predict into future benches, so this is where the test data should be sourced [A38]. 

Line 475: What do you mean by "32 iterations"? I've assumed realizations so far, but now I'm 

confused. If it's indeed realizations, then you shouldn't cherry pick a number of realizations because 

you get a better value on your metrics: more realizations mean a more accurate approximation of the 

full predicted distribution, that predicted distribution might be wrong, but that issue won't be solved by 

sampling less. 

[A63] We generated 128 realisations and considered the prefix-set based on the first 32 realisations. 

As a methods-for-assessment paper, we are not casting judgement on whether one way is better or 

worse than another, or dictating what people should do. All model enquiries are valid. If a modeller 

wants to limit their simulation to s=NS  realisations, and find out how well spatial variability is 

reproduced with respect to the test data, they can observe how spatial fidelity (F) varies with s, 

without inspecting stochastic images manually. Here, F is computed for the ensemble average of the 

first s realisations for a given s as all instances are treated as equal. 

Correction: lines 472 and 474 should be referencing Table 5 not Table 6. 

Table 6: This is also tricky to decipher. In the end figure 19 is much easier to interpret. 

[A64] Will reassess usefulness of the table and the comments around it in the next revision. 
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Line 505 and figures 20 & 21: I don't see what's so special about the synchronicity. In the end you 

could get the same insights from a map of mean error. 

[A65] The mean error is fine for single analysis, if the evaluation is restricted to a specific variable at a 

specific site. If the interest expands to multiple target variables (e.g. applying the same modelling 

technique to predict Cu, Zn etc.) and at several different locations, it would be not be meaningful to 

average across them, or compare a mean error of -0.5 for A vs -0.05 for B. Plus, the synchronicity is 

computed (for free) en route to evaluating uncertainty-based measures, such as the goodness of a 

predictive distribution. So, it indicates the local bias and has a consistent probabilistic interpretation 

that depends on the prediction-interval. 

Figure 22: I would put the two subfigures in a single column and increase their size, including font 

size. Otherwise readability is quite low. It took me some time to figure out what the labels on the 

horizontal axis meant, I would suggest to move the axis labels to the left-hand side of the axis, with 

"inference period" above "domain label". 

[A66] Layout is more a matter for the publication office. Regarding font size, the text is probably as 

large as it can be to fit within the space available. Regarding moving x-label to the left-hand side, the 

concern is that it will get confused with the y-labels, but I will consult with my co-authors. Most 

readers can magnify figures at will from a PDF.  

Figure 23: I get what you want to achieve with the dotted cells, but they stand out so much that they 

attract attention too much, whereas you want people to still focus on the values of your metrics. 

Maybe filling out the cells in light grey would work better? 

[A67] Time permitting, this will be changed as suggested in the revised manuscript. 

Line 677: A reasonable number of realizations is as high as possible, since your approximation of the 

full distribution improves with the number of realizations. 

[A68] That would be ideal, but in many instances impractical. A more pertinent question is ―can we 

get a reasonable (probabilistic sound) estimate with fewer realisations?‖ 

Line 680: If you didn't use a neighborhood in the SGS, then this is just what theory predicts, hence 

why it has received little attention. 

Noted 

Line 694: This is why people in statistics and machine learning usually use R2. What Deutsch called 

accuracy and precision is the same as the expected calibration error in machine learning. While you're 

right that this isn't as used as it should be, this isn't something new.  

Noted 

What I'm missing at this point is actual proof that your proposed FLAGSHIP gives us more insight 

than those standard metrics. 

[A69] As discussed in [A10], proving these measures are better than others is not the goal of this 

study. We are not suggesting a replacement, merely a suite of measures that would be fit-for-purpose 

for large scale studies. In the field of mining geology, we have not seen probabilistic models being 

evaluated simultaneously with respect to global accuracy, spatial variability and calibration errors (in 

the ML sense) in a systematic and automated way. The FLAGSHIP measures help shed light on these 

aspects, but we acknowledge alternatives such as R
2
 exist. Beyond summation statistics, the 
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synchronicity measure can produce maps to identify local bias which is prevalent in grade modelling 

for reasons mentioned in [A26] and the image-based visualisation can help focus attention on 

situations where models misbehave. These require the measures to be standardised and interpretable 

independent of modelling conditions. 

Line 703: The medical literature has shown that hypothesis testing isn't as robust as we'd like to think, 

and p-hacking is real. In the end plotting the mean value of your metric and the standard error for each 

model, and looking at overlap between the standard errors of different models, is a simpler but no-less 

robust way of assessing the value of each model. 

[A70] Yes, we agree. That‘s why we included a t-test CI to show the overlap in Table 13. 

6. Discussion 

Table 16: It's still not clear how your procedure relates to the best practices in statistics, machine 

learning/data science, and geostatistics. The absence of any literature on those in the entire manuscript 

is really problematic. From that perspective, the discussion isn't really a discussion (there's no 

comparison to what has been suggested in the literature, nor discussions on the strength and limitations 

of your approach and of your study, nor perspectives for improvement or future work) but more a 

conclusion. I'm also missing a discussion on kriging vs GP, although that was mentioned as an 

objective of this work. 

[A71] We believe a lot of the confusion stems from not having a section that provides a focused 

discussion of the motivation, objectives and application context upfront. The open-ended nature of the 

manuscript had drawn a lot of criticisms that could have been avoided. Based on this reviewer‘s 

opening remarks, the authors have reflected on the goals of this study and how best to achieve them. In 

the revised manuscript, we have reframed this paper and emphasised the actual purpose of this work. 

The first objective is to develop an approach that supports highly automated model assessment at 

scale, focusing on three aspects and using standardised measures that can be meaningfully compared 

across domains and target variables. The second objective is to provide a more complete 

understanding on different facets of model performance—this includes identifying situations where 

models misbehave, visualising error clusters, and testing for statistical significance between models. 

Both the introduction and discussion sections have been rewritten to make this study more coherent 

and cognisant of other possibilities mentioned in the literature. The section on kriging/GP has been 

rewritten to rectify issues this reviewer has identified. It is worth reiterating that the real focus is on 

the methods of assessment, not establishing which model (implementation or configuration) is best. 

We have eliminated any such suggestion in the revised manuscript so that readers can see this study in 

its true light. –– Return to section [A1] 

7. Conclusions 

Line 735: That's highly debatable. Personally, I find that your approach has too many metrics, which 

blurs the analysis and leads to less clarity. 

Lines 736-737: Then why using those metrics? How are they helping to get clarity if they can be 

biased and another, single metric can do better? 

[A72] We feel there is a misapprehension of what this paper is about. The ultimate goal is not to 

establish which model works best by taking the shortest path, rather the interest is in using different 

measures, modalities and adding extra dimensions to the analysis to compile a more complete view of 

model performance, irrespective of what the modelling processes are used. Examining several 

methods for assessment is actually the point, we won‘t know, for instance, which histogram distance 

(or global accuracy) measure is more robust if we don‘t find out. 
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Lines 745-746: You're mixing things up here, the sequential scheme won't improve anything, the final 

predictions will be the same (which is exactly what the chain rule is saying). 

[A73] We thank the reviewer for the observation and agree that a large number of simulations will 

recover the overall statistics in the case of a global kriging/GP. However, in the case of a local 

kriging/GP (where the estimation at each point depends only on its own neighbourhood) the non-

linearities arising from the local neighbourhood will result in the SGS and GP(L) having different 

statistics over a large number of simulations. We are happy to produce an example to demonstrate this 

point if the reviewer considers it beneficial. 

Line 759: You would need a more robust analysis to make such a general conclusion. You can only 

say it's true for your particular case study and setting. 

[A74] Agree. This will be revised. 


