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Abstract

Can minesite-drainage chemistries and flows be predicted reasonably well without any
models or underlying assumptions? At first, this question sounds nonsensical. However, machine
learning (ML), particularly artificial neural networks (ANN), can do this in some situations. Ripley
(2004) succinctly stated,

“To paraphrase provocatively, ‘machine learning is statistics minus any checking of models

29

and assumptions’.

Some partial success was achieved in the past two decades with ML of minesite drainage. However,
in 2020 and 2021, the National Research Council of Canada published landmark studies showing
that seasonal and long-term trends in both flow and aqueous acidity from full-scale waste rock could
be reasonably predicted with an ANN. Despite the complex processes affecting full-scale flow and
acidity, the predictions were based primarily on previous and current weeks of data on easily-
measured mean temperature and total precipitation, plus “time tags” of when the data were collected.

Despite the worldwide hype, ML has now evolved enough that it is suitable for simulating and
predicting minesite-drainage chemistries and flows.
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1. Introduction

Machine learning (ML) and the more generic category of artificial intelligence (Al) are often
the subjects of exaggeration and hype (e.g., Witten etal., 2011; Chollet, 2018), which occur in cycles
spanning many years. We are currently in one of the “upswings” of that hype.

There are many books and papers written about ML in its various forms; far too many to be listed
and summarized here. Nevertheless, here is one example of a simple explanation:
“Machine learning, in its simplest explanation, involves allowing a computer to vary its
responses and introducing a feedback loop for good and bad responses. This means that
machine learning algorithms are fundamentally different from the computer programs that
have come before them.” (Norman, 2018).

Since ML algorithms are fundamentally different from past computer programs, are they
automatically more reliable? Emphatically, no:
“The fundamental goal of machine learning is to generalize beyond the examples in the
training set ... The most common mistake among machine learning beginners is to test on
the training data and have the illusion of success. If the chosen classifier is then tested on
new data, it is often no better than random guessing.” (Domingos, 2012).

How is ML fundamentally different?
“To paraphrase provocatively, ‘machine learning is statistics minus any checking of models
and assumptions’.” (Ripley, 2004)

No models or assumptions?!

As explained below in this MDAG Case Study, I think another explanation for ML, relative to past
deterministic and stochastic modelling of minesite drainage, is: “let the ML algorithm substitute for
the calibration factors of selected models and assumptions™.
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2. Traditional Modelling of Minesite-Drainage Chemistry and Flow

As a general statement, the modelling of minesite-drainage chemistry and flow often follows
two basic steps:

(1) selecting a model that is thought to approximate a site and

(2) adjusting and calibrating that model until it matches inputted site data.

I have been involved with such modelling for 40 years, involving deterministic, stochastic, and
statistical models (e.g., Morin, 1983; Morin and Cherry, 1988; Morin and Hutt, 1995; Morin et al.,
2001; Betrie et al., 2012; Betrie et al., 2015a and 2015b; Morin, 2018; Liu et al., 2018a and 2018b
and 2019; Ma et al., 2019). Thus, I believe my opinion here on Machine Learning counts for
something. Many other people have also been involved in such modelling of minesite drainage over
the decades, as referenced in many previous MDAG Case Studies (e.g., Morin, 2017a, 2017b, and
2017c).

Many models have been successfully calibrated to, and applied to, many minesites around the world.
Is this evidence that the selected model was applicable to that specific site? Is it possible to calibrate
more than one model to a particular site even when they literally are not appropriate?

My favourite example is the shrinking-core model for pyrite oxidation, acid generation, and acid
rock drainage (ARD). This model has been used for, and successfully calibrated to, many studies
of minesite drainage for decades (e.g., Davis and Ritchie, 1986; Wunderly et al., 1996; Hecht et al.,
2002; Singh and Doulati Ardejani, 2003; Doulati Ardejani and Singh, 2004; Wang et al., 2019). The
basic concept is that, as pyrite oxidizes, a progressively thickening outer “rind” of reaction products
forms. As a result, the rate of pyrite oxidation decreases through time as the rind thickens and the
unreacted inner core of pyrite shrinks. This is due to the increasing distance that oxygen has to
diffuse through to reach the remaining pyrite and for the reaction products to diffuse outwards.

The major problem is that the shrinking-core model is wrong for most pyrite oxidation, despite many
publications and studies of minesite drainage showing its successful application. This is obvious
from the basic equation for pyrite equation, such as:
Pyrite + oxygen (from gas and/or water) + water (from liquid or vapour) =
Secondary minerals like ferric-iron oxyhydroxides and sulphates like gypsum + heat

When secondary minerals form, the solid-phase volume associated with each mole of Fe and S from
pyrite increases substantially by taking O, H, and perhaps other elements from the liquid and gaseous
phases. As a result, the reacted and oxidized rind “blows up like a balloon” and breaks away,
leaving unreacted pyrite directly exposed to air and water. Other researchers understand this (e.g.,
Jerz and Rimstidt, 2003).

If the rind is not completely removed, then the extremely slow rate of diffusion surely would not
apply to a fractured rind. Such abuse of diffusion in minesite-component studies was discussed in
MDAG Case Study 67 (Morin, 2021).
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Thus, the shrinking-core model is not appropriate for most pyrite oxidation. Yet, it reportedly
simulates site data well after calibration according to many publications and researchers.

Therefore, let’s take the stance that, upon calibration, we can potentially make more than one model
fit a particular site even when they do not reliably apply to that site. In this case, the quotation above
in Section 1 is worth repeating.
“To paraphrase provocatively, ‘machine learning is statistics minus any checking of models
and assumptions’.” (Ripley, 2004)
No models or assumptions!

To foreshadow the following sections, one popular type of ML is an Artificial Neural Network
(ANN). In simple words, an ANN includes various numbers of “layers” (Figure 2-1 is a simple
example of an ANN). The nodes in one layer are mathematically connected in multiple ways to
nodes in adjacent layers using algorithm-calculated “weighting factors™. Iteration through the ANN,
over and over again, can further adjust each weighting factor between each node in each layer. The
effort continues until the ANN is optimized and “trained”, but not “overtrained”, based on testing
and then validation with withheld data.

Another way I think of an ANN is an extreme multivariate analysis that goes far beyond what most
humans can envision and calculate by hand or spreadsheet. It is too complex to calculate the
weighting factor for one input variable, because there could be hundreds of nodes and hundreds of
individual weighting factors contributing to that one output variable.
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Figure 2-1. An example of a simple three-layer Artificial Neural
Network (ANN) from Betrie et al. (2014); the “X” nodes are the
input and the “Y” nodes are the output; “a” and “b” are the
individual weighting factors between each layer.
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For example, in Figure 2-1, there is no one single weighting factor to predict Output “Y1” from any
of the “X” inputs when each line is traced from “Y1” to the left through two layers. In other words,
there is no weighting factor that can be applied to Input X1 to get Output Y1, because (1) there are
several sets of weighting factors (“a” and ‘b”) that connect X1 and Y1 and (2) the other Inputs also
contribute to Y1. It is a complex approach that is not easily summarized or quantified, but that does
not mean it is false and unreliable. This complex approach has only become available because of
ongoing increases in computer speed and storage.
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3. Summary of Machine Learning of Minesite Drainage, Prior to 2020

Machine learning (ML) has been applied to some aspects of mining, like ore-zone detection
and delineation, for decades. However, ML applied to time series of minesite-drainage flow and
chemistry, water contamination, and ARD, has been more limited, but not absent. The following
prominent examples show how the application of ML to minesite drainage has evolved rapidly in
the last 20 years.

Based on 40 water analyses from “simple field tests”, Khandelwal and Singh (2005) used the ML
technique of artificial neural networks (ANN; see Figure 2-1 above) for comparison to multivariate
regression analysis. The ANN was trained with the 30 water analyses, and another 10 analyses were
held back for testing, “validation”, and prediction by the trained ANN. Input parameters were
aqueous pH, temperature, and aqueous hardness; output parameters were aqueous sulphate, chloride,
chemical oxygen demand, total dissolved solids, and total suspended solids.

Khandelwal and Singh (2005) reported the ANN predicted the 10 held-back analyses better than the
multivariate regression analyses, although the comparisons in their Figures 12 to 16 are difficult to
confirm. In any case, please note that the aqueous parameters of pH and hardness were used to
predict other aqueous parameters. Aqueous pH is itself an important parameter that often has to be
predicted and then affects predictions of other aqueous parameters. In other words, some of the
water chemistry had to be known at a particular time step to estimate the remainder at that same
point. Also, flow rates were not predicted, possibly because these analyses came from “simple field
tests” and not full-scale minesite components.

Gholami et al. (2011), Rooki et al. (2011), and Aryafar et al. (2012) used support vector machine
(SVM) and ANN for ML and compared the results to a general regression neural network. This
work was based on 44 analyses of river water downstream of the Sarcheshmeh Copper Mine in Iran.
The aqueous inputs from the river were pH, sulphate, and magnesium; predicted outputs were
aqueous copper, iron, manganese, and zinc which had good correlations with the input parameters.
SVM predicted the output concentrations better than the regression network, but ANN could be
optimized to provide good predictions. As with Khandelwal and Singh (2005), some current water
chemistry was needed as input in order to predict current aqueous concentrations of other elements.
Also, flow rates were not predicted.

The previous examples from 2005 and 2012 used a few dozen water analyses, with three input
parameters and four to five output parameters. Aqueous concentrations were taken from “simple
field test” or diluted river water. In these cases, even visual examinations with graphical scatterplots
can show correlations with relatively little effort.

In contrast, those visual and simple approaches are not always feasible with many hundreds to
thousands of water analyses containing up to a dozen parameters collected near full-scale minesite
components. These “big data” are where ML algorithms can perform well and can perform better
than simpler visual and regression approaches, which leads to the next examples.
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Betrie et al. (2013)' compared five linear ML techniques for predicting hundreds of aqueous copper
concentrations at Island Copper Mine in British Columbia, Canada. These five techniques were:
support vector machine with polynomial (SVM-Poly), support vector machine with radial base
function (SVM-RBF) kernels, multilayer artificial neural networks (ANN), model tree (M5P), and
K-nearest neighbors (K-NN). For each technique, 100 independent assessments of model errors
were made for each ML technique. These showed the best predictions were made in the preceding
order of the five techniques, with the first three providing similar error residuals.

Betrie et al. (2013) purposely avoided using strongly cross-correlated input parameters in the ML
techniques. The input parameters were current-time aqueous pH, conductivity, acidity, and previous-
time copper concentrations, and the output was current-time aqueous copper concentrations. Thus,
knowledge of past and current aqueous concentrations of some parameters was needed to predict
current aqueous copper. This was also pointed out in the previous examples as a weakness, because
very recent examples are coming up (Section 4) that do not require current chemistry and flow in
order to predict current chemistry and flow.

Betrie et al. (2013) made the following observations.
“However, the predicted results [would] likely improve if more parameters (e.g., flow rate,
internal gases concentrations, and temperature) are considered as more data become available
in the future.”

“These results indicate that the process of AMD generation is highly nonlinear and could not
be captured with techniques that build local linear models such as the M5P and K-NN
techniques.”

“These [SVM and ANN] techniques take considerable time for training model since they
have parameters to be optimized and the optimization is heuristically done.”

“Another limitation of ANN is that the function, which represents a given ANN model, is
presented by interconnection weights and threshold values and is not easily understandable
by decision-makers.”

Section 4 below will confirm these observations. It is correct that (1) additional or alternative
parameters are important, (2) minesite drainage is strongly nonlinear and thus complex, (3) ANN and
SVM techniques require considerable time to train and optimize, and (4) the complexity of a neural
network in an ANN is not easily explained or understood. The last one means that an ANN could
be considered a “black box model” that is not easily critiqued and trusted (see the end of Section 2
above). However, it is this ANN complexity that is apparently needed to predict complex and
nonlinear minesite-drainage chemistry and flow (Section 4).

Based on additional work after Betrie et al. (2013), Betrie et al. (2014)' showed that ANN performed
better than SVM techniques. This latter study focussed on adding probability-based uncertainty (sort

! Disclosure: I contributed to a minor portion of this work.
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of like error bars) to ML-based predictions. The input aqueous parameters were current-time
aqueous pH, alkalinity, sulphate, acidity, and flow to predict current-time aqueous copper, cadmium,
and zinc. Although flow did not show good correlations with aqueous chemistry, it was included
because the ANN technique could still find some connection.
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4. Machine Learning of Minesite Drainage, Starting in 2020

As explained above in Section 3, ML techniques were first applied in some detail to artificial
datasets or diluted-downriver datasets of minesite-drainage chemistry. Betrie etal. (2013 and 2014)
used hundreds of full-scale minesite-drainage analyses to show that Artificial Neural Networks
(ANN; see the end of Section 2 above) and Support Vector Machines (SVM) worked best for
predicting current aqueous concentrations based on the input of other current aqueous
concentrations. In other words, current chemistry could be predicted as long as some current
concentrations were already known; flow was not predicted.

Landmark publications were made in 2020 and 2021 by Canada’s National Research Council (Ma
et al., 2020a' and 2021"). For a full-scale waste-rock pile, these NRC publications showed that it
was possible to reasonably simulate and to predict with ML the variable and time-trending (1) flows
(Ma et al., 2020a) and (2) aqueous acidities (Ma et al., 2021).

Impressively, after training the ANN with past data, flows and acidities could be reasonably
predicted without past and current values of (1) aqueous concentrations like pH and (2) flow rates!
No longer was some current information on the predictive targets needed to predict the remaining
information.

Based on discussions above in Sections 1 and 2, traditional models for the prediction of minesite-
drainage aqueous concentrations and flows can be complicated, are site specific, may not be
applicable to a particular site, and yet can be calibrated to that site anyway. The quotation given
above was:
“To paraphrase provocatively, ‘machine learning is statistics minus any checking of models
and assumptions’.” (Ripley, 2004)
Ma et al. (2020a and 2021) made this quotation come true for minesite drainage. This initial work
will likely be built on and expanded in the future.

4.1 Drainage Flow Rates from Waste Rock

Flows of water into, through, and from full-scale waste-rock piles, containing many tens of millions
of rock, can be affected by features such as coarse sub-vertical channels that may be truncated or
continuous in places, fine-grained layers from weathered rock or truck traffic, variable precipitation,
variable air temperature, and many others. There are so many models for waste rock that I don’t
know where to start with references. Perhaps one start is all the references listed in Morin (2017a,
b, and c), and other starting points are Ma et al. (2019, 2020b, and submitted).

With all this complexity, Ma et al. (2020a) looked for the primary input parameters that would
simulate and then predict flow rates from an ~80-million-tonne, 140-hectare, very acidic waste-rock
pile at the Equity Silver Minesite in British Columbia, Canada. The two primary input parameters
were total precipitation (rain and snow) and mean air temperature. Average values of these two
input variables over various periods of time were tested, such as daily, over three days, over one
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week, and over six weeks. The focus was on Monitoring Station BD at Equity Silver with more than
2000 measurements of flow since 1998.

Because minesite-drainage chemistries and flows can display seasonality and long-term trends, Ma
et al. (2020a) “refined” the ANN by adding two additional inputs from the monitoring data: month
and year. These “time tags” turned out to be important because the ANN was then enabled to
simulate and predict seasonal variations and long-term trends in flow rates.

Again, despite the known complexity and time variations of flow through and from a full-scale
waste-rock pile, Ma et al. (2020a) limited input to precipitation, air temperature and time tags. No
existing model known to me would predict basal flows from full-scale waste rock based only on
these input parameters.

To start the training, only 70% of the ~2000 measured flows since 1998 were used to train the ANN;
15% were later used to test and improve the ANN; and the remaining 15% were used to determine
the predictive performance of the ANN. Additionally, the last year of flow data was held back to
further evaluate the predictive performance for flow by the ANN. Thus, there were two independent
tests of predictive performance.

The best predictive performance of the ANN for flow rate came from the weekly averages for the
preceding and current six weeks of (1) mean air temperature and (2) total precipitation. Daily mean
air temperature and precipitation can be measured quickly and cheaply at minesites (and often are),
whereas chemistry and flow are not. To be clear, the previous and current six, weekly averages of
mean air temperature and total precipitation with time tags, combined with the complex weighting
scheme of an ANN (see Figure 2-1 above), yielded reasonable predictions of (1) held-back
monitoring data and (2) one year of flows not included in the training, testing, and validation (e.g.,
Figure 4-1).

40
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Fig. 9 Comparison between real measurements and predictions from both ANNs

Figure 4-1. Comparisons of (1) measured data for flow rates not included in the training
and validation, (2) the ANN without time tags, and (3) the refined ANN with time
tags (from Ma et al., 2020a).
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Ma et al. (2020a) concluded:
“The proposed ANN approach is more advanced than many traditional mining-related
models as it requires no simplification and assumption for hydrogeological mechanisms in
waste rock piles before calculations. Even though the correlations are naturally sophisticated
in field conditions, they can be captured by the advanced ANN approach through training by
pairs of input and output data.”

As explained in Section 2 above, any and all models have to be adjusted and calibrated to the site
being studied. There is no type of generic model applicable unadjusted and uncalibrated to all
minesites. ANN is the same, with this ANN for Monitoring Station BD at Equity Silver probably
not directly applicable to other minesites.

4.2 Drainage Chemistry from Waste Rock

Ma et al. (2020a) recognized that aqueous chemistry of full-scale minesite drainage rarely correlates
well with full-scale flow rates. This led to the second, geochemical study of Ma et al. (2021) of the
same Equity Silver waste-rock pile.

The interacting physical, geochemical, and biological processes that create aqueous concentrations
in minesite drainage are far more complex than those affecting flow rates. Thus, there was more
uncertainty on whether an ANN could approximate any aqueous parameter. The primary target was
acidity, which is a composite of several aqueous parameters and complexes, and which reflects costs
of water treatment and environmental mitigation.

With a relatively large monitoring database, Ma et al. (2021) observed:
“Compared to the traditional approach, the advantage of analyzing the [monitoring] database
is that it generally requires much less simplification and fewer assumptions, because these
monitoring data already inherently contain the information of all the underlying
hydrogeochemical and biochemical mechanisms in the field.”

In this geochemical study by Ma et al. (2021):

- A long-short-term memory unit was added to the ANN that remembers values only over
certain time intervals.

- Liu et al. (2019) found that the snow season (November to April) and the rain season (April
to October) had notably different patterns in drainage chemistry, making it difficult
for traditional data analysis to define an annual correlation.

- The “time tags” were reduced to only the accumulating number of days to assist in
simulating and predicting long-term temporal trends.

- The two main input parameters of mean air temperature and total precipitation used for
flow were used again in this geochemical study, despite there being no good
correlation between flow and chemistry and despite no traditional geochemical model
focussing on total precipitation and air temperature (Section 2).
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In this geochemical study, 80% of the monitoring data was used for training and 20% used for
validation. Two years of subsequent data not included in the training and validation were used to

assess predictive performance.

For those two last years not included in the training and validation, the previous and current 10
weeks of non-geochemical mean temperature and total precipitation simulated reasonably well the
trends and values of aqueous acidity at the monitoring station (Figure 4-2). The close predictions
in Figure 4-2 are rarely surpassed by traditional modelling (Section 2). In fact, the match in Figure
4-2 generally substantially surpass that from traditional modelling that does not include seasonality

and long-term trends.
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Figure 4-2. Comparisons of (1) measured acidity for two years not included in the
training and validation, (2) the ANN without time tags, and (3) the refined ANN

with time tags (from Ma et al., 2021).

Ma et al. (2021) concluded,
“The advantage of this machine learning based approach generally requires no pre-defined

simplifications and assumptions for hydrogeochemical and biochemical mechanisms inside
full-scale waste rock piles.”
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5. Conclusion

This MDAG Case Study summarized “traditional” approaches for modelling of minesite-
drainage chemistries and flows based on deterministic, stochastic, or statistical equations. The
equations typically represent a user-chosen subset of the applicable, myriad, interacting physical,
geochemical, and biological processes at full-scale minesites.

These traditional models would be acceptable if the underlying model, equations, and assumptions
can be confirmed as reliably applying to a particular site. However, it appears likely that more than
one model can often be applied to a site through calibration. In fact, the shrinking-core model for
pyrite oxidation does not apply to most situations, despite decades of minesite-drainage models
reporting success in using it.

This leads to the question of whether minesite-drainage chemistries and flows can be predicted
reasonably well without any models or underlying assumptions? At first, this question sounds
nonsensical. However, machine learning (ML), particularly artificial neural networks (ANN), can
do this in some situations. Ripley (2004) succinctly stated,

“To paraphrase provocatively, ‘machine learning is statistics minus any checking of models

2 9

and assumptions’.

Between 2000 and 2019, progress was made on the ultimate goal of predicting minesite-drainage
chemistries using ML techniques. However, these studies showed that some current aqueous
concentrations were needed to predict other current concentrations, and flow was not predicted.

In 2020 and 2021, the National Research Council of Canada (NRC) published landmark studies
showing that seasonal and long-term trends in flows and aqueous acidity from full-scale waste rock
could be reasonably predicted with an ANN. Despite the complex processes affecting full-scale flow
and acidity, the predictions were based primarily on previous and current weeks of data on mean
temperature and total precipitation, plus “time tags” for when data were collected. Daily temperature
and precipitation are easily and cheaply measured at minesites, and often are, whereas flows and
aqueous chemistries are not, providing additional value to the NRC results.

This initial groundbreaking work by NRC Canada will likely be built on and expanded in the future.
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