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Abstract
Pit lakes are commonly studied using advanced geochemical models. However, quantitative post-audits of these studies to 
assess the degree of agreement with observations are rare. This study used a quantitative evaluator (error variance parameter; 
Δ) to compare predicted and observed geochemistry of nine pit lakes across three continents and five ore-deposit types. The 
compiled modeling studies applied a variety of methods to incorporate geochemical (sulfide oxidation and mineral precipita-
tion) and hydrologic processes (groundwater flow and hydrodynamics). Several common ions (Ca, Mg, SO4) and pH were 
shown to compare well with observations. In contrast, comparisons of model simulations and observations for trace metals 
and metalloids such as Fe and As were less congruent. The discrepancies for these and other species is potentially linked to 
inappropriate application of equilibrium thermodynamics and temporal model discretization. Model complexity was also 
shown to be related to the reproducibility of observed geochemistry. Quantitative analysis using Δ in a wider range of studies 
may increase understanding of prevalent geochemical processes invoked in pit-lake modeling.

Keywords  Model evaluation · Geochemical modeling · Quantitative error analysis · Mineral equilibrium · Thermodynamics

Introduction

Pit lakes are becoming more common as open-pit mining 
is more widely used and more pits are developed below the 
water table. These mining operations are often overseen by 
a state and/or federal regulatory body. Of primary impor-
tance to these regulatory bodies is the degree to which future 
pit-lake water quality can be reliably predicted. In addition, 
pit-lake modeling is also commonly applied as a purely sci-
entific endeavor aimed at improving our understanding of 
fundamental hydrologic, limnologic, and biogeochemical 
processes (Castendyk et al. 2015a, b, and references therein).

A common question asked by regulatory agencies is the 
degree of certainty associated with a specific pit-lake model. 
This question has substantial bearing on the future of a min-
ing project and the protection of environmental resources 
in the area of a proposed mine. Unfortunately, answering 

this question is difficult as many models of future pit lakes 
do not have any realistic comparison point, since dewatered 
pits often take many tens of years to hydrologically recover, 
and predictions can require centuries to reach geochemical 
pseudo-equilibrium. Because of this, the degree to which 
pit-lake geochemistry can be predicted is, in many cases, 
unknown. Also, although numerous pit lakes have been geo-
chemically investigated (e.g. Sánchez-España et al. 2008; 
Shevenell et al. 1999; Tucci and Gammons 2015), the results 
of many such studies are not publicly available. It is also 
desirable to evaluate predictive applicability over time in a 
given lake, as opposed to one snapshot in time.

The purpose of this study was to compile a subset of pre-
dictive geochemical models from the literature and quanti-
tatively evaluate the similarities and differences between the 
predicted and observed water quality in each pit lake. One of 
the most important considerations in evaluating model pre-
dictions is who sets the evaluation criteria, and what these 
criteria are (Nordstrom 2012). A logical starting point for 
pit-lake modeling evaluation criteria is how well pit-lake 
water quality has been predicted in the past. Although Eary 
and Schafer (2009) approached this subject, no quantitative 
framework was described. In this analysis, a quantitative 
framework is suggested and applied to the question: can 

 *	 Connor P. Newman 
	 connor.newman1988@gmail.com

1	 Nevada Division of Environmental Protection, 901 S. 
Stewart St., Suite 4001, Carson City, NV 89701, USA

2	 Present Address: US Geological Survey, Denver Federal 
Center, Bldg. 53, MS‑415, Denver, CO 80225, USA

http://orcid.org/0000-0002-6978-3440
http://crossmark.crossref.org/dialog/?doi=10.1007/s10230-019-00634-0&domain=pdf


631Mine Water and the Environment (2020) 39:630–646	

1 3

pit-lake geochemistry be predicted with any useful consist-
ency given a reasonable conceptual model and appropriate 
modeling procedures? The method applies the error variance 
parameter (Δ), a quantitative evaluator for coherently cor-
roborating the predictive quality of geochemical models of 
pit lakes. This paper also presents a summary of Δ values 
for various major (e.g. Ca, SO4) and minor (e.g. Al, As, Fe) 
constituents for a variety of models from a subset of studies 
in the literature.

Compilation of Pit‑Lake Models

A wide range of pit-lake predictive models were used for this 
analysis, including models prepared for regulatory permit-
ting purposes as well as fundamental scientific research. A 
variety of different ore deposit types and commodities were 
incorporated. Most of these modeling endeavors involved 
a temporal prediction component, allowing evaluation of 
predictions over time in a given pit lake. A summary of the 
models is provided in Table 1, and a short description of each 
follows. The different modeling approaches and assumptions 
are also discussed, referencing to how each study incorpo-
rates (or does not incorporate) important hydrologic, geo-
chemical, limnologic, and ecological processes.

Most of the compiled studies are in arid regions (Table 1). 
While this may not accurately reflect the distribution of pit 
lakes worldwide, the compilation was limited to published 
and publicly available studies that included a predictive 
aspect of future geochemistry [i.e. studies that included 
detailed geochemical analysis but no predictive element 
such as Tucci and Gammons (2015) were excluded from the 
compilation]. The distribution of pit lakes assessed herein 
simply reflects the availability of published literature avail-
able on this topic. The compilation is limited by the available 
literature, but this does not necessarily limit the applicabil-
ity of the conclusions described herein because the overall 
chemistry of the pit lakes spans a wide range, as discussed 
below. Also, although most studies were conducted in areas 
of high potential evapotranspiration (PET), there is con-
siderable variability in the estimated annual precipitation 
(Table 1). Therefore, this compilation includes environments 
in which catchment hydrology may play an important role in 
pit-lake chemogenesis.

In terms of their chemical composition, few of the stud-
ies contain enough details to allow full metal or major-ion 
chemistry to be evaluated (i.e. by Ficklin or Piper diagrams). 
However, pH was reported in each study, and comparing 
the range of pH values indicates the general similarity of 
pit-lake chemistry included to well-known pit lakes such as 
those of the Iberian Pyrite Belt or the Berkeley pit lake. Of 
the nine pit lakes in the study, four have been acidic at some 
period in their history (Copper Flat, Getchell, Bӓrwalde, and 

Kepwari; Table 1). This distribution of acidic vs. circumneu-
tral pit lakes seems to reasonably reflect the literature, given 
that there are regions dominated by both acidic (Sánchez-
España et al. 2008) and circumneutral lakes (Shevenell et al. 
1999; Ramteke et al. 2016).

Five pit lakes are included from the state of Nevada, USA, 
which is one of the most active regions in the US for open-
pit metal mining (Kramer et al. 2018). These pit lakes are 
predominantly formed in mines extracting Carlin-type gold 
deposits, with the exception of the Dexter mine, which is 
hosted in an epithermal gold deposit (Castor et al. 2003). Pit 
lakes throughout much of Nevada display generally circum-
neutral pH and moderate contaminant concentrations (with 
some notable exceptions), primarily due to interaction of 
acid-forming minerals with carbonaceous rocks (Shevenell 
et al. 1999). Of the five pit lakes in Nevada, three currently 
exist: the Getchell mine has been dewatered and the Post/
Betze pit lake does not yet exist. The Getchell mine previ-
ously hosted two pit lakes; the North (Tempel et al. 2000) 
and the Main (Davis et al. 2006). The composition of mod-
eling and observed waters for Post/Betze used herein are 
from batch testing (Eary and Schafer 2009; Schafer et al. 
2006), and therefore offered an opportunity to compare a 
simple geochemical model and laboratory testing methods. 
For the modeling of the existing Cove pit lake (Hanna et al. 
2016; Itasca 2016), various models were created using dif-
ferent assumptions of influent groundwater composition, and 
with ferrihydrite suppressed. The purpose of the different 
simulations was to evaluate the impact of predicted mineral 
precipitation on final chemistry. For this analysis, the base-
case model allowing ferrihydrite precipitation was used.

The Harvard pit lake is an alkaline lake in California’s 
historical Mother Lode gold district. The lake has elevated 
As concentrations and the composition indicates partial con-
trol by the dissolution of efflorescent sulfate salts present 
on the pit highwalls (Savage et al. 2009). The Copper Flat 
pit lake (located in New Mexico, USA) also hosts prevalent 
evaporative salts and displays a wide composition range, 
from slightly acidic with elevated metal concentrations to 
circumneutral with relatively low metal concentrations (SRK 
2017). Several variations of modeling are summarized in 
SRK (2017), each using different assumptions and proce-
dures. The results of the “unreclaimed pit lake model” were 
used for this analysis because this set of model assumptions 
is most applicable to the previously observed water quality. 
Both the Harvard and Copper Flat pit lakes have been pre-
sent since the late 1980s/early 1990s.

The Kepwari pit lake is located in western Australia, 
southeast of Perth. This pit lake is unique in that several 
iterations of modeling have been completed with periods 
of observations between (Oldham et al. 2009; Salmon et al. 
2017). Therefore, this pit lake offers the rare opportunity 
to evaluate how multiple modeling endeavors compare to 
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observations. For this quantitative analysis, predictions for 
the period 2007–2011 were extracted from Oldham et al. 
(2009) and compared to monitoring data for the same time 
period from Salmon et  al. (2017). Modeling results of 
Salmon et al. (2017) were also compared to observations 
for the time period 2007–2011.

Lake Bӓrwalde is located in the Lausitz mining district 
of eastern Germany. Surrounded by many other pit lakes 
hosted in previous coal mines, the pit lake is hydrologically 
complex as it is influenced by the nearby river as well as 
localized groundwater outflow (Werner et al. 2006). The lake 
has had an acidic pH throughout its entire observed history, 
although acidity has been decreasing in more recent mod-
eling and observations (Werner 2009).

The models for all pit lakes considered in this analysis 
display a wide range in complexity and mathematical meth-
odology. All studies used a method to simulate geochemical 
equilibrium (Table 1), with the most commonly used mod-
eling code being PHREEQC (Parkhurst and Appelo 2013). 
Other codes used included EQ3/6 (Wolery and Jarek 2003) 
and MINTEQA2 (Allison et al. 1991). A number of different 
thermodynamic databases were applied. It is important to 
note that these databases may have different data for given 
species (Nordstrom and Archer 2003), potentially causing 
discrepancies between studies. In addition to thermodynamic 
constraints, several studies indicated that kinetic constraints 
were applied. These constraints generally only applied to 
dissolution reactions (e.g. Newman 2014; Tempel et al. 
2000), and other studies that mentioned kinetics generally 
described their application in vague terms. The only study 
that rigorously incorporated kinetic constraints on mineral 
dissolution and precipitation was Salmon et al. (2017).

The approach used in each study to simulate sulfide oxi-
dation (commonly assumed to be the major source of solute-
loading to mine-impacted waters; e.g. Kempton et al. 2009) 
varied substantially. Several studies used the Davis–Ritchie 
“shrinking core” approach (Davis and Ritchie 1986, 1987; 
Davis et al. 1986) wherein sulfide oxidation in the field is 
simulated through calibration to a geochemical proxy (com-
monly kinetic testing results). Other studies used reaction 
path or mechanistic approaches wherein sulfide (and other) 
minerals were allowed to dissolve based on their labora-
tory dissolution rates. An alternative to these mechanistic 
approaches is to assign a specific fracture density and depth 
to the weathered highwall, as was done by SRK (2017). 
While this method allows for a “reactive mass” to be calcu-
lated, it does not address the geochemical reactions occur-
ring in the pit, as suggested by Kempton et al. (2009). This 
approach is also not site-specific (unless measurements 
have been made of the weathered depth of the highwall), 
and therefore introduces additional uncertainty. Finally, sev-
eral studies instituted no methodology to simulate sulfide 
oxidation. These studies may therefore have neglected one Ta
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of the most important processes governing the generation 
of solutes in mine-impacted waters (Kempton et al. 2009; 
Nordstrom 2011).

The area in which the compiled studies showed the most 
variability was in the application of mineral and gas equilib-
ria (Table 1). Several studies included large lists of minerals 
that were allowed to precipitate from the pit lake(s) on pre-
dicted saturation, while other studies included only one or 
two minerals and gases. For example, Salmon et al. (2017) 
included only gibbsite and ferrihydrite (Fe[OH]3) as mineral 
phases in their predictions. This contrasts with Tempel et al. 
(2000), Hanna et al. (2016), and SRK (2017) who respec-
tively included 13, 15, and 40 phases in their modeling. It is 
important to note that a number of efflorescent salt phases 
have been observed near the Copper Flat pit lake, so many 
of the phases included in the SRK (2017) model may be 
quite reasonable. Although numerous phases included in 
the various studies in Table 1 have been hypothesized to be 
equilibrium constraints in pit lakes (Eary 1999; Eary and 
Castendyk 2013), direct evidence as to their abundance in 
most of these specific pit lakes is lacking. Nordstrom (2009) 
specifically notes that equilibrium assumptions may not 
always be appropriate in mine-impacted waters. Most of 
the studies applied gas equilibria for atmospheric O2 and 
CO2. Related to mineral equilibrium, many of the studies 
included sorption processes as a possible control on aque-
ous concentrations, typically by applying the diffuse double-
layer model (DLM; Dzombak and Morel 1990). Finally, with 
respect to reactions and reaction rates, only a subset of the 
models included any quantification of biogeochemical reac-
tions and their impact on water quality. Lack of inclusion of 
biogeochemical processes may impact model results because 
the reaction-rate changing effects of biota (Nordstrom 2011) 
would not be accounted for. Variability in the application of 
mineral equilibrium, sorption processes, and biogeochemi-
cal reactions may lead to substantial differences between the 
compiled models.

Nearly all of the investigations evaluated limnologic 
aspects in some manner, although not strictly quantitatively. 
Only those studies that quantitatively addressed hydrody-
namics are noted with the applicable modeling code in 
Table 1. Others simulated the epilimnion and hypolimnion 
separately and then mixed the composition of each layer 
as appropriate (Newman 2014; Savage et al. 2009; Tempel 
et al. 2000). Hanna et al. (2016) and SRK (2017) qualita-
tively evaluated limnology of the existing pit lakes and con-
cluded that the respective lakes likely experience complete 
turnover annually. These studies therefore assumed that the 
respective pit lakes could be simulated as a single layer lake.

Approaches for predicting the water balance of pit lakes 
include analytical methods (e.g. Marinelli and Niccoli 2000; 
Vandersluis et al. 1995) or numerical modeling codes (e.g. 
MODFLOW, FEFLOW). Analytical methods are typically 

more easily implemented but may not produce sufficiently 
detailed or accurate results (depending on the goals of the 
study). Contrastingly, numerical modeling approaches may 
be more accurate, but are data intensive. The models com-
piled for this study are nearly equally split between numeri-
cal and analytical groundwater flow modeling approaches. 
In addition to subsurface hydrogeologic processes, many 
of the studies included runoff from highwall surfaces in 
their modeling. Effects of solute transport from rainstorms 
could be important in some instances, e.g. the Copper Flat 
pit lake where secondary mineral salts are abundant (SRK 
2017). Aside from highwall runoff, only Salmon et al. (2017) 
implemented other catchment-hydrology specific boundary 
conditions. This was necessary because the Kepwari pit lake 
experiences both inflow from and outflow to a river.

The temporal resolution of the various predictions (hydro-
logic, limnologic, geochemical) for each model also varied 
substantially (Table 1). This temporal frequency, referred to 
as the time-step length, ranged from hourly (Salmon et al. 
2017) to 25 years (SRK 2017). Several studies, however, did 
not specifically describe temporal resolution during discus-
sion of model construction. As will be discussed further in 
this paper, temporal resolution may have important implica-
tions for model performance.

A different subset of geochemical parameters was 
included in predictions for each model. Because of this, not 
all parameters have the same number of possible quantita-
tive evaluations. All values for both simulated and observed 
geochemistry used in this study were extracted from the ref-
erences in Table 1 or the International Network for Acid Pre-
vention (INAP) pit lakes database (Johnson and Castendyk 
2012). In some instances, multiple publications were avail-
able for a particular pit lake (e.g. Lake Bӓrwalde; Werner 
2009; Werner et al. 2006). In these instances, the values used 
in quantitative analysis presented herein were extracted from 
the most complete and easily transferrable record (except in 
the case of the Kepwari pit lake, where both studies were 
used, as explained above).

This compilation is not meant to be exhaustive of all 
ore deposit types and mining regions around the world. 
Instead, it is meant to include a subsample of pit-lake stud-
ies prepared by academia and consulting scientists from five 
regions of the world and in five different mining environ-
ments. Although it would be useful to include examples 
from some of the world’s most well-known and geochemi-
cally extreme pit lakes (e.g. Berkeley, Iberian Pyrite Belt, 
etc.), to the author’s knowledge no publicly available sources 
of both temporal predictions and observations exist for these 
lakes.

In total, the studies considered in this review included 
predictions of 26 geochemical species (pH, alkalinity, Ag, 
Al, As, Ba, B, Cd, Ca, Cl, Cr, Cu, F, Fe, K, Pb, Mg, Mn, 
Na, Ni, Sb, Se, Si, SO4, Tl, and Zn) totaling 642 possible 
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comparisons between observed and predicted concentra-
tions. Most of these species had only one or two potential 
comparisons (i.e. no temporal evaluation was possible). 
However, nine species were included with enough regular-
ity to facilitate a statistical evaluation of their corroboration 
(pH, alkalinity, Al, As, Ca, Fe, Mg, Mn, and SO4). These 
constituents are also some of those that are commonly 
important for geochemical modeling studies.

Quantitative Framework for Geochemical Model 
Assessment

Although a variety of consulting and academic studies have 
produced predictive geochemical models of existing pit 
lakes, currently there is no calibration measure in geochemi-
cal modeling that is used as ubiquitously as those employed 
in the evaluation of groundwater flow models, such as root 
mean squared error (RMSE) or mean absolute error (MAE; 
Anderson et al. 2015). While the mathematical formula-
tion of these calibration measures does not preclude their 
application to the results of geochemical modeling, their 
practicality is limited primarily by the number of constitu-
ents included in geochemical models and because each of 
the previously mentioned calibration measures has a unique 
ideal usage. Salmon et al. (2017) apply RMSE and normal-
ized MAE (NMAE) to their modeling results, but report 
them only for Al, Fe, and pH. Hanna et al. (2016) provide 
a qualitative error analysis, but no quantitation is included. 
Likewise, Kuipers et al. (2006) summarize a post-audit of 
models related to mining impacts (some of which included 
pit lakes), but, again, no quantitation was performed. More 
general applications of quantitative analyses are described 
by Bennett et al. (2013) and Alewell and Manderscheid 
(1998). While potentially useful, none of the approaches 
suggested by those authors have been widely applied to pit-
lake modeling.

Aside from a lack of existing quantitative framework, the 
validation of geochemical models is inherently difficult, as 
discussed by Nordstrom (2012). Expression of a model’s 
validation or accuracy (geochemical, hydrodynamic, etc.) is 
a misstatement of the applicability of the model. All models 
contain uncertainties that are both quantifiable and unquanti-
fiable (i.e. conceptual uncertainties; Bredehoeft 2003, 2005). 
Stating that a model is accurate implies that the processes 
implemented by the mathematical code were consistent with 
observations and mechanistic processes, that no important 
processes were excluded, and that all of the processes simu-
lated in the model actually occur in reality, and vice versa. 
It is often very difficult to determine a priori the applicabil-
ity of these conceptual models. As described by Nordstrom 
(2012), better terminology would be to state that the models 
are either corroborated or uncorroborated for a given set of 
assumptions and observations.

Although there are issues involved in evaluating the accu-
racy of pit-lake geochemical modeling (Nordstrom 2012), 
a more quantitative evaluation of model predictions would 
possibly enhance understanding of geochemical processes 
occurring in pit lakes. The error variance parameter, first 
suggested here, to evaluate geochemical model predictions 
is Δ, described by Eq. (1):

where [C]Mod represents the modeled dissolved concentra-
tion of constituent C and [C]Obs represents the observed 
dissolved concentration of constituent C. The quantity Δ 
is therefore 1 for an exact match between modeled and 
observed concentrations, less than 1 for simulated concentra-
tions that are less than observed, and greater than 1 for simu-
lated concentrations that are greater than observed. Because 
the units of quantities in Δ cancel, either mmol L−1 or mg 
L−1 are acceptable for usage, and Δ itself is unitless. The use 
of Δ to evaluate geochemical modeling results may allow 
increased quantitative comparison of simulations and obser-
vations throughout the literature if applied in more studies. 
One of the primary goals of this study was to establish a 
baseline of Δ values from the published literature, so that 
future investigators can improve on these baseline values.

Results and Discussion

Major Ions

Most of the dissolved solutes in observed pit-lake chemistry 
are the major ions Ca, Mg, HCO3, and SO4, which are likely 
predominantly derived from dissolution of minerals in the 
highwalls of the open pits (Castendyk et al. 2015a; Savage 
et al. 2009; Shevenell et al. 1999). Of these constituents, 
Ca and SO4 are commonly important from a geochemical 
process standpoint as these are the components of gypsum 
(CaSO4·2H2O), one of the most common secondary minerals 
associated with mine sites (Nordstrom 2011) and an often-
applied solubility control in pit-lake models (Eary 1999).

Figure 1 is a plot of observed vs. predicted SO4 (Fig. 1a) 
and Ca (Fig. 1b) concentrations for all sites in the compila-
tion with applicable data. Most of the studies included in the 
analysis were able to predict both SO4 and Ca concentrations 
reasonably well, with several notable exceptions. Predictions 
for the Copper Flat pit lake (SRK 2017) illustrate a propen-
sity for under-prediction of SO4 concentrations (Fig. 1a), 
potentially indicating that not all sulfide-oxidation reactions 
occurring in the pit lake over time were implemented in the 
model. Of all the compiled models, Copper Flat was the 
only to use a simple geometric approach to simulate sulfide-
linked solute release (Table 1). Had a more site-specific 

(1)Δ = 10

[

(CMod−CObs)
CObs

]
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method been used, it is possible that SO4 concentrations 
would have shown better corroboration. Elevated SO4 con-
centrations, up to ≈ 7000 mg L−1, could also be related to 
the dissolution of acid-storing efflorescent sulfate salts near 
the pit lake during rain events [as noted by SRK 2017 to be 
present near the pit lake]. Although the modeling approach 
incorporated highwall runoff, the method used may not have 
had the correct temporal resolution to simulate rapid geo-
chemical responses to dissolution of efflorescent salts. A 
similar pattern of under-prediction of SO4 is observed in the 
simulations of the Getchell Main pit lake (Davis et al. 2006), 
although to a lesser extent.

When comparing Ca concentrations, all models showed 
good reproducibility, aside from Tempel et al. (2000) for the 
Getchell North pit lake, where Ca was substantially under-
predicted. (Itasca also displays minor under-prediction in the 
Cove pit lake and is discussed separately.) The likely cause 
of this discrepancy in Tempel et al. (2000) is the exclusion 
of gypsum from the dissolved minerals in the modeling pro-
cedure (Table 1). Observed water quality indicates that gyp-
sum was close to saturation in the North pit lake at Getchell. 
The contrasting degrees of corroboration of SO4 and Ca in 
the results of Tempel et al. (2000) illustrates that although 
both constituents are key components in one of the most 
common secondary minerals associated with mine sites 
(gypsum), corroboration of these species is not necessar-
ily completely linked. In this instance, Tempel et al. (2000) 
included a likely mineralogic source for both species (pyrite, 
arsenopyrite, realgar, orpiment for SO4 and calcite for Ca), 
but the sequential reaction steps used did not produce rea-
sonable reconstructions for both constituents. Had gypsum 
been included, corroboration of Ca concentrations may have 
been achieved. The potential influence of gypsum solubility 
on the error apparent in SO4 concentrations in Fig. 1a for 
SRK (2017) cannot be evaluated without further informa-
tion, as Ca concentrations were not presented in a temporal 
format conducive to analysis in this study. SRK (2017) did 
note the presence of a number of efflorescent sulfate salts 
near the pit lake and these may have had an important impact 
on pit-lake water quality in terms of both Ca and SO4 (e.g. 
Bowell and Parshley 2005).

Calculation of Δ for SO4, Ca, and pH over time for the 
Cove pit lake (Hanna et al. 2016; Itasca 2016) and Cop-
per Flat pit lake (SRK 2017) was used to evaluate how 
model corroboration varies temporally. As shown in Fig. 2, 
modeling of the Cove pit lake initially overestimated the 
SO4 (Fig. 2a) and Ca (Fig. 2b) concentrations, followed 
by consistently under-predicting the Ca concentration for 
the remainder of the modeled time period (although to a 
lesser quantitative degree). These trends likely have dif-
ferent causes. Modeling of the Cove pit lake used the 
Davis–Ritchie approach to simulate sulfide oxidation 
(Table 1; Davis and Ritchie 1986, 1987; Davis et al. 1986). 

The initial over-prediction could indicate that the sulfide-
oxidation modeling over-estimated the mass of solutes (spe-
cifically SO4) liberated by sulfide oxidation, which were 
then “flushed” in the simulation to the pit lake during initial 
infilling. However, this is somewhat speculative as the mod-
eling overall was highly parameterized and thus sensitive 
to a variety of inputs. The Δ values less than 1 throughout 
the remainder of the simulation for Ca may be linked to 
several processes: (1) the simulated water balance of the 
model, (2) simulated groundwater solute concentrations, or 
(3) the inclusion of calcite as an equilibrium phase. The lat-
ter option is likely not the major cause of the discrepancy 
because sampling of precipitates from the water column 
indicated the presence of calcite, and calcite was predicted 
to precipitate by the geochemical model (Itasca 2016). Using 
slightly greater influent Ca concentrations in groundwater 
(which adds mass to the pit lake) resulted in slightly better 
matches with observations, but did not explain the entirety 
of the discrepancy (results not shown here). The model may 

Fig. 1   Comparison of predicted and observed concentrations of SO4 
(a) and Ca (b)
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therefore have used an inaccurate water balance (calculated 
in this instance using MODFLOW) and diluted Ca more 
than actually occurs. The discrepancies are likely not linked 
to gypsum solubility, as the mineral is undersaturated in all 
simulations and observations in the pit lake (based on equi-
librium calculations).

Evaluation of corroboration of SO4 concentrations over 
time in the Copper Flat pit lake (SRK 2017) display a differ-
ent behavior than the Cove pit lake, in that SO4 concentra-
tions in Copper Flat are under-predicted throughout nearly 
the entire prediction interval. A similar pattern is reflected 
in pH (Fig. 2c), with pH being consistently over-predicted 
(which represents an under-prediction of acidity). Predic-
tion of these geochemical components is intimately related 

because of the relationship of acidity (and thus pH) with 
sulfide minerals (and thus SO4). Concurrent under-predic-
tion of acidity and SO4 indicates that some acid-producing 
reaction that is occurring in the pit lake has been excluded 
by the model.

Also evident in the evaluation of Δ through time for the 
Copper Flat pit lake is that corroboration varies widely, with 
modeled pH corroborating well with observations in some, 
but not all, time periods. The variations in corroboration 
may be related to the temporal discretization of the model. 
As summarized in Table 1, modeling used variable time-step 
lengths from 0.5 to 25 years. These may not have incor-
porated fine enough temporal detail in the water balance 

Fig. 2   Calculated Δ values through time for SO4 (a), Ca (b), and pH (c) in the Cove pit lake (Itasca 2016) and Copper Flat pit lake (SRK 2017). 
Note logarithmic scale for panel (a). The dotted line denotes Δ = 1
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and mineral equilibrium reactions to be able to sufficiently 
approximate the pit-lake system.

Simulated and observed pH are illustrated in Fig. 3, which 
includes more studies than the comparison for Ca and SO4 
because nearly every pit-lake model includes pH as one of 
the parameters of interest. As evident from Fig. 3, many pit-
lake studies were able to replicate pH reasonably well across 
a full range of pH values, ranging from acidic to circumneu-
tral. Notably, however, pH was substantially over-predicted 
in several studies but was not substantially under-predicted 
in any study. Three linear, roughly horizontal clusters of 
comparisons (Fig. 3) corresponding to Getchell Main pit 
lake (Davis et al. 2006), Copper Flat pit lake (SRK 2017), 
and Twin Creeks pit lake (Kempton et al. 1997), indicate that 
pH was generally over-predicted (i.e. the hydrogen acidity of 
the lake was under-predicted), although the difference was 
relatively minor for Kempton et al. (1997). For Davis et al. 
(2006) and SRK (2017) the linear nature of these features 
is likely due to the temporal resolution of the simulations. 
Davis et al. (2006) only present the long-term pseudo-steady 
state predicted chemistry of the pit lake at the Getchell mine; 
therefore, the temporal variation of constituent concentra-
tions is not accounted for. The original modeling presented 
by Davis et al. (2006) was summarized in consulting reports, 
but these reports were not available for this analysis. It is 
possible that these consulting reports contained simula-
tions with a finer temporal resolution that would result in 
closer corroboration. For SRK (2017), the model uses a 
variable timestep approach, wherein the composition was 
simulated at finer resolution (0.5–3 years) during early fill-
ing, and coarser resolution (25 years) during later filling. It 
is clear that pH corroborates well in both SRK (2017) and 
Davis et al. (2006) at some time intervals, but not at others. 
This illustrates that the time-step length is important in geo-
chemical modeling of pit lakes. Lack of corroboration for 
pH in SRK (2017) could also be caused by sulfide oxidation 
processes or efflorescent sulfate salt dissolution not being 
captured, as discussed above with reference to SO4 and Ca.

It is interesting to note the relatively close approximation 
of Oldham et al. (2009) and Salmon et al. (2017), as these 
authors did not calibrate to observed conditions but instead 
conducted highly parameterized modeling that included 
hydrodynamics, ecology, and geochemistry. Both Oldham 
et al. (2009) and Salmon et al. (2017) tested various input 
scenarios for mineral equilibrium (either allowing gibbsite/
ferrihydrite precipitation or not), which resulted in a vari-
ety of models. All of these are shown in Fig. 3, which cre-
ates the patterns visible in the apparent linear features for 
Oldham et al. (2009) and Salmon et al. (2017). Also note-
worthy when discussing the correspondence of predictions 
for the Kepwari pit lake is that both modeling endeavors 
used very simple mineralogic constraints (Table 1). It is 

apparent that, for pH, these simple constraints allowed for 
close corroboration.

Trace Metals and Metalloids

Of primary interest in many pit-lake modeling studies is 
the behavior of trace elements such as Al, As, and Fe. For 
Al and As, these elements may be toxic to humans or other 
life forms. While Fe is less toxic, it is often of primary 
concern because of the geochemical controls Fe has on 
many other trace elements through co-precipitation and 
sorption. Figure 4 illustrates the degree of corroboration 
for Al, As, and Fe for all studies with applicable simula-
tions and observations.

Although Al was included in only a subset of models, it 
appears to have been simulated with reasonable reproduc-
ibility in all cases but Tempel et al. (2000), where Al was 
underestimated by several orders of magnitude. The likely 
cause of this is the slow dissolution rates of the alumino-
silicate minerals included in the simulations (which were 
the only source of Al; Table 1). Simulating another Al 
source mineral may have resulted in better corroboration.

The comparison of As concentrations (Fig. 4b) includes 
more studies (likely due to the toxicity of As and focused 
study of this constituent in mining environments). This 
comparison indicates that As concentrations are generally 
well corroborated, although some spread exists. The same 
linear feature is evident in the predictions of Davis et al. 
(2006) as was previously discussed in reference to pH and 
SO4. The degree of corroboration of As predictions from 
a number of studies may be somewhat surprising when 
observing the poorer corroboration for Fe (Fig. 4c), given 
the high-degree of correlation assumed by many authors 
for these constituents due to As-sorption on Fe-oxyhydrox-
ides (e.g. Davis et al. 2006; Kempton et al. 1997; Tempel 

Fig. 3   Comparison of predicted and observed pH
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et al. 2000). Additional discussion is provided below on 
this topic.

Contrary to the corroboration of As predictions, Fe 
is not well corroborated except in studies by Newman 
(2014), Salmon et al. (2017), and in one event by Tem-
pel et al. (2000). Concentrations of Fe were consistently 
under-predicted in the other studies. One likely cause 
for the discrepancy is the equilibrium manner in which 
mineral precipitation is often treated. As noted by Eary 
(1999), observed Fe concentrations are commonly greater 
than expected when compared to ferrihydrite solubility in 
circumneutral pit lakes, although ferrihydrite appears to be 
a good approximation for the upper limit of Fe solubility 
in acidic pit lakes. All of the studies included in Fig. 4c 
included Fe-oxyhydroxide in equilibrium calculations. 
Newman (2014) was able to calibrate the model of the 
Dexter pit lake to observed conditions for Fe by allow-
ing mineral precipitation, then re-dissolving a portion of 
the precipitated mineral mass to reproduce observations 
(except in two events where corroboration remained poor, 
as illustrated in Fig. 4c). Salmon et al. (2017) allowed fer-
rihydrite to precipitate in one model, and it appears that 
the coupled nature of the modeling allowed for reasonable 
masses of the mineral to precipitate, as opposed to remov-
ing nearly all Fe mass from solution as in the other studies. 
The under-prediction of Fe by the other studies indicates 
that these models may have overestimated the amount of 
Fe precipitated from solution.

It is important to note that the comparison for some 
trace elements likely suffers due to the colloidal nature of 
many precipitates in the field. Nordstrom (2011) describes 
evidence from equilibrium calculations and electropoten-
tial measurements that indicates a substantial proportion 
of precipitated Fe-hydroxides may pass through field-fil-
tration units. It is also possible that fine colloidal precipi-
tates of Al and Si could pass through filters in much the 
same manner. If this were the case, trace-element mass 
that had precipitated would be assigned as dissolved in the 
observations, and any computations comparing dissolved 
concentrations predicted by geochemical models would 
be biased. The degree to which this process could impact 
the comparisons herein is not known, because the requisite 
data was not typically provided in each study. For a more 
robust comparison to be made, the sampling methods of 
each study would need to be fully explained including if 
filters were used in the field and their pore size (if appli-
cable). Additionally, full water-quality analyses would 
need to be provided such that saturation indices could be 
calculated for each water sample. These saturation indices 
would then need to be compared to corresponding model 
outputs to assess discrepancies. Very few of the studies 
in this compilation included the requisite data to allow a 

Fig. 4   Comparison of predicted and observed Al (a), As (b), and Fe 
(c)
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comparison to take place; therefore, the impact of filtration 
(or lack thereof) on the comparisons is not known.

An excellent example of the temporal variation of Δ val-
ues for Al and As is illustrated in Fig. 5. Comparison of Al 
predictions and observations for various different model set-
ups in Fig. 5a for Salmon et al. (2017) show that the degree 
of corroboration for metals with hypothesized equilibrium 
controls are sensitive to the mineral assemblages included 
in modeling. The Al predictions with no mineral equilib-
rium and ferrihydrite-only equilibrium did not differ from 
one another and showed Δ < 1 (under-prediction). When 
gibbsite was included as an equilibrium phase, however, 
predictions corroborated much better. In this instance, the 
gibbsite was simulated as dissolving. When completing min-
eral equilibrium calculations such as this, it is important to 
note that thermodynamic data may vary between databases, 
and that the specific phase included could impact solubil-
ity (i.e. amorphous Al(OH)3 vs. microcrystalline gibbsite; 
Nordstrom 2011). The comparison for As through time for 
the Harvard pit lake (Fig. 5b; Savage et al. 2009) indicates 
the degree to which limnology plays a role in controlling 
concentrations. Epilimnion As concentrations corroborated 
well, while As concentrations in the hypolimnion were more 
commonly under-predicted (Δ < 1). These results indicate 
that an As source may have been under-represented in the 
hypolimnion.

Summary of Predictive Corroboration

As described previously, nine constituents included enough 
potential comparisons to allow statistical analysis of their 
corroboration (Fig. 6). For this analysis, all Δ values greater 
than 10,000 (i.e. > 4 orders of magnitude of over-prediction) 
were removed to facilitate comparison. This filtering resulted 
in 29 of the 642 total Δ values not being displayed in Fig. 6, 
most of which were As (24 of the 29 filtered values).

Figure 6 shows that pH, As, SO4, Ca, Mg, and alkalinity 
display median Δ values close to 1, meaning that these con-
stituents generally corroborated well. It is clear that nearly 
a quarter of the As comparisons were filtered out for being 
grossly over-predicted (24 of 101 total As comparisons), 
and thus this analysis suffers for As. The distribution of Δ 
values around the median (represented by the 25th and 75th 
percentiles at the edges of the boxes) illustrates the propen-
sity for these constituents to be under- or over-predicted. 
Alkalinity, Ca, and Mg show a nearly equal distribution, 
indicating predictions did not have a tendency to systemati-
cally under- or over-represent observations. Contrastingly, 
pH has a slightly upper-skewed distribution, indicating that 
pH was more over-predicted than under-predicted, as noted 
above and displayed in Fig. 3. This result suggests that on 
the whole, acidic pit lakes may be more difficult to predict a 

priori. The opposite was true for As and SO4, with slightly 
downward-skewed distributions.

In contrast to the previous group of species that were 
well-corroborated, analysis of Δ values in Fig. 6 for Al, Fe, 
and Mn indicate that all had median Δ values less than 1, 
representing under-prediction. This is somewhat surpris-
ing considering the visual comparison shown on Fig. 4a 
for Al. This seeming contradiction illustrates the benefit of 
the quantitative comparison using Δ as opposed to a simple 
qualitative comparison of observed and simulated values 
(especially given that visual comparisons may be difficult 
due to the logarithmic scale required for most constituents). 
As discussed previously, Fe was commonly underestimated 
by the modeling considered in this review, likely due to 
overly simple equilibrium constraints being applied or due 
to filtration effects. The reason Mn was under-predicted may 
be similar to that for Fe, as some studies included Mn-oxy-
hydroxides in modeling (Eary and Schafer 2009; Newman 
2014). However, Mn shows a wider spread in Δ values, and 
poor corroboration for this constituent may be due to other 

Fig. 5   Calculated Δ values through time for Al (a) in the Kepwari pit 
lake (Salmon et al. 2017) and As (b) in the Harvard pit lake (Savage 
et al. 2009). The dotted horizontal line denotes Δ = 1
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aspects of the modeling, such as water balance or sorption. 
Both Fe and Mn may have been better corroborated had 
investigators included benthic fluxes in models, as this pro-
cess is known to impact concentrations of these metals in 
variable redox environments (e.g. Pakhomova et al. 2007), 
but benthic fluxes were consistently not included. Inclusion 
of this process may require highly advanced modeling codes, 
however, and may be difficult to benchmark without obser-
vations from existing pit lakes, which is generally lacking 
in the literature. Additionally, Al, As, Fe, and Mn all show 
the lowest range of 5th percentile Δ values, indicating that a 
statistically relevant portion of the predictions of these spe-
cies greatly under-predicted observed concentrations.

Aside from the comparison of specific parameters shown 
in Fig. 6, several other commonalities of well-corroborated 
models may be observed. First, models that used finer tem-
poral resolution (time steps) tended to result in better cor-
roboration. For example, temporal predictions of Al and As 
(Fig. 5) by Salmon et al. (2017) and Savage et al. (2009) 
show better corroboration than predictions of SO4 and Ca 
(Fig. 2) by Itasca (2016) and SRK (2017), despite the fact 
that Al and As were statistically more difficult to predict 
closely (Fig. 6). One of the differences driving the variable 
degrees of corroboration may be the temporal frequency of 
the model. Savage et al. (2009) and Salmon et al. (2017) 
each used sub-annual time steps related to the physical 
attributes of the site, whereas Itasca (2016) used annual 
time steps and SRK (2017) used a variable time-step rang-
ing from 0.5 to 25 years. Temporal resolution has previously 
been described as likely impacting the predictive abilities 
of the Copper Flat (SRK 2017) and Getchell (Davis et al. 
2006) pit lake studies, which did not include time steps at a 
frequency able to capture sub-annual geochemical changes 
in the pit lake.

As discussed above, various mineral equilibrium assump-
tions may also result in poor corroboration. Again compar-
ing Itasca (2016) to Salmon et al. (2017), the former study 
applied 15 phases (13 minerals, 2 gases), although not all 
were predicted to precipitate, whereas the latter applied only 
four phases (2 gases, 2 minerals). Although Itasca (2016) 
showed generally reasonable corroboration for Al, As, and 
Fe, these elements were not as closely corroborated as they 
were in the results of Salmon et al. (2017; see Fig. 4 for com-
parisons). It is also interesting to note that although several 
studies noted that kinetic constraints were applied, no details 
were generally included as to the effect these kinetic con-
straints had on results. One instance in which kinetics were 
specifically discussed was Salmon et al. (2017), wherein 
the authors suggested that future research could incorpo-
rate kinetic constraints for the conversion of ferrihydrite to 
goethite.

One aspect which has not yet been discussed herein is the 
intended purpose of each of the modeling studies, which gen-
erally fall into two categories: academically driven (Newman 
2014; Oldham et al. 2009; Salmon et al. 2017; Savage et al. 
2009; Tempel et al. 2000; Werner 2009; Werner et al. 2006) 
or prepared for regulatory purposes (Davis et al. 2006; Eary 
and Schafer 2009; Hanna et al. 2016; Itasca 2016; Kemp-
ton et al. 1997; Schafer et al. 2006; SRK 2017). Although 
there are no strict differences, academically driven studies 
tended to be more complex in their numerical construction 
(i.e. incorporating biogeochemical or limnologic processes) 
and use finer temporal resolution. Consulting studies pre-
pared for regulatory purposes contrastingly tended to use 
coarser temporal resolution (with simulations running for 
longer durations) and commonly included a greater number 
of equilibrium phases. One can assume that the reason for 
these differences is the needs of the end user. Regulatory 
bodies are commonly concerned with long-duration predic-
tions of water quality (i.e. on the order of hundreds of years) 
while academic studies may be more focused on identify-
ing the relevant biogeochemical processes in a mechanistic 
manner. Both approaches may lend useful conclusions as to 
reasonable methods for simulating pit-lake geochemistry.

Conclusions

A quantitative framework, the error variance parameter (Δ), 
has been used in this paper to evaluate the results of predic-
tive geochemical modeling for pit lakes. Although simple, 
Δ allows for more robust analysis of model discrepancies, 
which may lead to a further understanding of the causa-
tive factors for these discrepancies. The application of Δ as 
opposed to the RMSE or NMSE has the advantage of retain-
ing both the directionality (i.e. under- or over-prediction) as 
well as the magnitude of the difference. The most important 

Fig. 6   Boxplot of calculated Δ values for all geochemical species 
with greater than 10 possible comparisons (number of applicable 
comparisons shown below parameter name). Δ values greater than 
10,000 were removed from the analysis. The dotted horizontal line 
denotes Δ = 1
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aspect of this research, however, is not the suggestion of a 
simple error variance parameter, but observing the wide var-
iability in how geochemical models for pit lakes are concep-
tualized and constructed, which processes may be important 
to include or exclude, and how the incorporation of specific 
processes leads to predictions that more closely approxi-
mate observations. Overall, this compilation and quantitative 
evaluation of pit-lake studies across three continents and 
five styles of mineralization indicates that the water quality 
of future pit lakes may be predicted with a relatively high 
degree of corroboration. It is important to note, however, 
that this corroboration does not indicate true accuracy, as it 
is conceivable that a different conceptual model and input 
parameters could result in equally corroborated predictions. 
The analysis also indicates that models that tended to have a 
high degree of corroboration were either highly parameter-
ized and complex (e.g. Oldham et al. 2009; Salmon et al. 
2017) or had data available for calibration (e.g. Hanna et al. 
2016; Newman 2014). One model included a probabilistic 
approach to simulations (Kempton et al. 1997), and this 
model showed good corroboration. Kempton et al. (1997) 
also had no data with which to calibrate, indicating that 
indeed pit-lake geochemistry can be simulated a priori with 
a reasonable degree of agreement with future observations.

It is important to note that except for some predicted 
events in Davis et al. (2006) and SRK (2017) (Fig. 3), this 
study did not assess one of the most consequential failings of 
a pit-lake predictive model; when that model fails to predict 
the genesis of an acidic and contaminant-laden pit lake and 
instead predicts a circumneutral and low-contaminant water 
body. These instances can result in severe consequences for 
regulatory bodies and mining companies alike. An exam-
ple of such a scenario is the Lone Tree pit lake in central 
Nevada (Croall et al. 2017), where some of the predictive 
modeling conducted prior to pit-lake filling failed to predict 
the acidic (pH ≈ 3) water chemistry. The Lone Tree pit lake 
model evolved over time, however, resulting in different con-
clusions as to the predicted geochemistry. The failings of 
models such as the Lone Tree models are worth a detailed 
study in their own right.

Although the pit lakes compiled herein represent only a 
small fraction of existing pit lakes in the world today, they 
are believed to be a representative sample based on their 
geographic locations, ore-deposit types, climatic attributes, 
and range of observed pH [which encompasses the range of 
pH expected in mine pit lakes worldwide, as summarized by 
Eary and Castendyk 2013]. For example, although the com-
pilation included only one pit lake from the German lignite 
region, the distribution of pH conditions from all pit lakes 
in this compilation is similar to that observed for the lignite 
region as a whole (Schultze et al. 2010). Therefore, it is sug-
gested that although these conclusions rely on site-specific 
information, pit-lake modelers in nearly all environments 

may gain insight on processes that should be included in 
modeling, and those that may not be critical to incorporate.

The results of this study can be summarized as a list of 
suggestions for those conducting pit-lake studies:

1.	 Equilibrium mineralogy controls may be critical to 
include (Eary and Castendyk 2013), but it is important 
to consider which thermodynamic database is used as 
some databases contain critical inconsistencies for key 
species such as As (Helz and Tossell 2008; Nordstrom 
and Archer 2003). Also the specific mineral included 
must be considered for the overall applicability to the 
geochemical conditions (pH, redox, etc.) in the system 
of interest (Eary 1999; Nordstrom 2009). Finally, it 
is possible that instituting kinetic constraints on min-
eral precipitation and dissolution would result in more 
favorable corroboration in some instances.

2.	 Although sorption of metals and metalloids may be 
thermodynamically predicted (Nordstrom 2011 and 
references therein), some models including sorption 
compare particularly poorly with observations. Also, co-
precipitation may be an equally important process (e.g. 
Schafer et al. 2006). More field-based study of sorption 
and co-precipitation processes is required in pit lakes to 
advance modeling capabilities.

3.	 Implementation of this quantitative evaluation frame-
work may lead to greater understanding of geochemical 
processes operating in pit lakes, given that the quanti-
tative methodology allows for specific failings of the 
models to be recognized and addressed.

4.	 Model complexity should be critically assessed during 
the initial stages of a project. Several instances in this 
analysis indicated that highly complex and parameter-
ized models produced good corroboration. However, 
those sites generally had abundant data available for 
inclusion (such as climatic attributes for hydrodynamic 
modeling). At more remote mine sites, these same data 
may not be available. It is important for model com-
plexity to be balanced with data availability and worth. 
Initial modeling may be able to be completed with a less 
complex model, which can then drive future data collec-
tion to allow more complex processes to be simulated as 
warranted.
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