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’ INTRODUCTION

Simulation models are often used to predict the future state of
environmental systems to facilitate decision making.1,2 Water re-
source managers, for example, use model results when consider-
ing the effects of changing land use or climate on water quality.3

In a typical application, the model is calibrated such that sim-
ulations reproduce the general features of an observed data set.4

Following calibration, model inputs are modified to reflect a
change to the system for which a prediction is desired (e.g., water
quality after a change in land use). The model is then rerun to
provide a prediction of the future state. These predictions are by
definition subject to uncertainty, as the environmental conditions
characterizing the future state differ from the conditions under
which the model was calibrated.5

Given the uncertainty inmodel predictions, post audits have been
performed in which predictions are compared with observed data
that documents what actually happened in a given system. Dis-
crepancies between predictions and observed datamay then be used
to quantify model prediction uncertainty. Although post audits are
rarely conducted,5,6 they provide valuable information that can lead
to changes inmodel structure and/or data collection activities.2,6�10

Assessment of prediction uncertainty is particularly important
when considering the effects of hard rock mining on water
quality. A recent review indicated that predictions failed to ac-
curately characterize postmining water quality in 76% of the cases
considered.11,12 These predictions rely on various field, labora-
tory, and modeling techniques which quantify the processes
affecting water quality. Many of these techniques are also ap-
plicable to the problem of mine site remediation. Thousands of
hard rock mines are located in North America, and many mine
sites are in need of remedial action.13�16 Adits at some mines re-
lease acid mine drainage to the receiving streams, resulting in high
metal concentrations and acid waters. Due to the chronic nature
of the problem, the most effective remedial option often entails
active treatment, wherein the adit drainage is chemically treated to
reduce acidity. Because of the high cost of active treatment, there
is a need for tools that help determine if a given remedial strategy
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ABSTRACT:A post audit for a reactive transport model used to evaluate acid
mine drainage treatment systems is presented herein. The post audit is based
on a paired synoptic approach in which hydrogeochemical data are collected
at low (existing conditions) and elevated (following treatment) pH. Data
obtained under existing, low-pH conditions are used for calibration, and the
resultant model is used to predict metal concentrations observed following
treatment. Predictions for Al, As, Fe, H+, and Pb accurately reproduce the
observed reduction in dissolved concentrations afforded by the treatment
system, and the information provided in regard to standard attainment is also
accurate (predictions correctly indicate attainment or nonattainment of water
quality standards for 19 of 25 cases). Errors associated with Cd, Cu, and Zn
are attributed to misspecification of sorbent mass (precipitated Fe). In
addition to these specific results, the post audit provides insight in regard
to calibration and sensitivity analysis that is contrary to conventional wisdom. Steps taken during the calibration process to improve
simulations of As sorption were ultimately detrimental to the predictive results, for example, and the sensitivity analysis failed to
bracket observed metal concentrations.
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will allow for the attainment of water quality standards. In re-
sponse to this need, a reactive stream transport model known as
OTEQ has been developed.17 To date, OTEQ has been used to
predict the effectiveness of hypothetical and actual treatment
systems.4,18 Despite the considerable amount of information
provided by these applications, little is known about the uncer-
tainty associated with model predictions. A post audit for OTEQ
and the case of active treatment is therefore presented herein.

Calibration of OTEQ is conducted using a detailed synoptic
data set that provides a hydrogeochemical snapshot of existing
conditions.13 For the case of active treatment, the calibrated
model describes the state of the system under existing, low-pH
conditions. Model predictions, in contrast, aim to predict post-
remediation conditions at elevated pH.19 Because pH controls
many chemical reactions, the processes controlling metal con-
centrations may be fundamentally different under existing and
postremediation conditions. This structural change in the system
leads to considerable uncertainty in model predictions.5

The objectives of this paper are to (1) quantify the accuracy of
predictions for postremediation water quality; (2) identify so-
urces of uncertainty in predicting postremediation water quality;
and (3) identify changes in model structure and/or data collec-
tion activities that reduce prediction uncertainty. These objec-
tives are addressed using data from Mineral Creek, an acid mine
drainage stream in southwestern Colorado.

’MATERIALS AND METHODS

Overview. Application of reactive transport models requires
estimates of streamflow and solute concentration. An approach
used in acid mine drainage streams is to combine the tracer-
dilution method with synoptic sampling.4,13,20�24 The tracer-
dilution method provides estimates of streamflow,25 and synop-
tic sampling provides a spatial description of instream and inflow
chemistry. In this study, a paired synoptic approach is employed
to assess prediction uncertainty. Under the paired synoptic ap-
proach, two synoptic sampling campaigns were conducted in
August 2005. The initial synoptic campaign documented instream
water quality under existing conditions. A second synoptic campaign
documented water quality during a pH-modification experiment
that elevated instream pH. This pHmodification was designed to
mimic the effects of an active treatment system in which a strong
base is used to reduce acidity. A conservative tracer was injected
during both campaigns to allow for the calculation of streamflow
using the tracer-dilution method. The two sampling campaigns
are denoted herein as MC1 and MC2.
Assessing prediction uncertainty is a three-step process

(Figure 1). In the calibration step (step 1), MC1 data are used
to develop amodel that describes the hydrogeochemical processes

that control concentrations under existing conditions. During
calibration, model inputs are adjusted to obtain a close correspon-
dence between simulated and observed concentrations. Following
calibration, the simulation reproduces the features of the data by
considering the loading attributed to source waters and the geo-
chemical processes that act to attenuate concentrations. In the
prediction step (step 2), the calibrated model is used to simulate
postremediation water quality. In this simulation, chemistry at the
upstream boundary of the system is modified to reflect the effects
of active treatment. The resultant simulation provides estimates of
postremediation water quality that reflect the reduction in acidity
and metal concentrations afforded by the treatment system. In the
assessment step (step 3), postremediation results are compared
with MC2 data to quantify prediction uncertainty. This compar-
ison is used to identify changes inmodel structure and/or data col-
lection activities that would reduce prediction uncertainty.
Implementation of steps 1�3 follows the “blind” approach,3,8

with the lead author acting as the modeler, performing steps 1
and 2 without knowledge of the MC2 results. Data are released
from the blind (as held by the coauthors) following step 2.
Assessment of prediction uncertainty (step 3) is then made by
the entire research team.
Tracer Injection, Base Addition, and Synoptic Sampling.

Continuous injections for both synoptic campaigns were initiated
at the upstream end of the study reach. The conservative tracer
was prepared by adding LiBr to streamwater; the strong base was
prepared by mixing a 50% NaOH solution with water. The con-
servative tracer injection for the initial synoptic campaign was
conducted August 21�22; tracer injections for the second
synoptic campaign were conducted August 23�24. Synoptic
samples were collected at 24 stream sites and 11 inflow locations
(Figure 2) on August 22 and August 24. Total recoverable and
dissolved cation concentrations were determined from unfil-
tered and filtered samples. Estimates of streamflow were deter-
mined from tracer dilution.20,25

Reactive Transport Modeling.OTEQ is formed by coupling
a solute transport model26 with a chemical equilibrium submodel
(MINTEQ27). The coupled model considers advection, disper-
sion, transport and deposition of water-borne solid phases, acid/
base reactions, complexation, precipitation/dissolution, and sorp-
tion.17 Governing equations are in terms of components, where
the total concentration is the sum of dissolved, precipitated, and
sorbed species. Partitioning between dissolved, precipitated, and
sorbed phases is based on submodel calculations for each stream
segment.
Components include Al, Ca, Cd, Cu, CO3, F, Fe(II), Fe(III),

H3AsO4, Mg, Mn, Ni, Pb, SO4, TOTH (total excess hydrogen),
and Zn. Precipitation reactions are defined for microcrystalline
gibbsite (Al(OH)3) and ferrihydrite (Fe(OH)3). Sorption of As,

Figure 1. Assessment of model prediction uncertainty under the paired synoptic approach.
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Ca, Cd, Cu,Ni, Pb, SO4, TOTH, andZn to precipitated Fe(OH)3
is modeled using a surface complexation approach and data-
base.27�29 The mass of sorbent within each stream segment is
based on the amount of Fe(OH)3 within the water column, as
determined by the submodel.
Unless noted otherwise, equilibrium constants for reactions

are set using default values from the equilibrium submodel.17,27,29

Sorption parameters (i.e., surface area, sorbent molecular weight,
low affinity site density) are set using the best estimates of
Dzombak and Morel.29 High affinity site density is set equal to
the upper reported value,29 reflecting the high sorptive capacity
of freshly precipitated Fe(OH)3.

28

Calibration: Existing Conditions. Estimates of streamflow,
hydrologic parameters, and inflow chemistry based on the MC1
data were used to develop a calibrated model of existing condi-
tions. The study reach was divided into 20 reaches based on
changes in streamflow and water chemistry (Supporting Informa-
tion (SI) Table S1) and the upstream boundary condition was set
using component concentrations of the sample collected at 576m.
Component concentrations at the upstream boundary and within
the inflows were set equal to total recoverable concentrations for
most components. Two exceptions are TOTH and CO3, compo-
nents that were assigned concentrations based on stand-alone
MINTEQ computations. In these computations, pH and alkalinity
were fixed at observed values, and TOTH and CO3 were de-
termined from the speciated output. For samples without alkali-
nity, CO3 concentrations were based on equilibrium with atmo-
spheric CO2.
Assignment of inflow chemistry based on sampled inflows

(SI Table S1) and the use of default equilibrium constants results
in a simulation that has not been calibrated to match observed
stream data. This simulation reproduces the features of the
observed concentration profiles but is lacking in some respects.
Several modifications were therefore made to improve the cali-
bration (see SI).
Prediction: PostremediationWater Quality. Predictive sim-

ulations were performedwithout prior knowledge ofMC2 results.
Prediction of postremediation water quality required two changes
to the calibrated model. First, MC1 streamflow estimates were
replaced with estimates fromMC2 (streamflow decreased∼17%
from August 22 to August 24).20 Second, the upstream bound-
ary condition was modified to consider the effects of the pH
modification. MC2 values of pH and alkalinity at 576 m were
therefore released from the blind and used within a series of
MINTEQ runs to develop revised concentrations of TOTH,
CO3, Fe(II), and Fe(III) at the upstream boundary. Within these
runs, NaOH was added to the MC1 solution composition at the
upstream boundary and gibbsite and ferrihydrite were allowed to
precipitate. Final values of TOTH, CO3, Fe(II), and Fe(III) were
obtained by adding enough NaOH to reproduce the observed pH
and by redistributing Fe(II) and Fe(III) concentrations consis-
tent with the calibrated model. Boundary concentrations for the
remaining components were unchanged from their MC1 values.
Given these changes to the calibratedmodel, a simulationwas per-
formed to obtain the modeler’s “best estimate” of postremedia-
tion water quality.
The approach to estimating postremediation water quality is

consistent with previous efforts4,18,24,30 in which simulations
were designed to “err on the conservative side” (i.e., to select in-
puts that are expected to underestimate removal). Remedial
actions are thus expected to result in water quality improvements
that are at least as large as those predicted by the model. Sim-

ulations are expected to err on the conservative side for two
reasons. First, precipitation reactions are limited to the formation
of gibbsite and ferrihydrite. Other precipitates that form at
elevated pH are not modeled (e.g., CdCO3, ZnCO3), and the
simulations overestimate dissolved concentrations for compo-
nents affected by the formation of these precipitates. Second, the
simulations do not consider gas exchange reactions in which the
CO3 concentration is in equilibrium with atmospheric CO2. Gas
exchange would result in a higher simulated pH that would in
turn increase the extent of precipitation and sorption reactions.
To further quantify prediction uncertainty, a series of sim-

ulations were performed to supplement the best estimate of
postremediation water quality. These simulations employed a
range of inputs in an effort to develop upper and lower bounds on
postremediation concentrations.24 These simulations were in-
tended to form an envelope around the observed MC2 concen-
trations. The additional simulations were conducted within a fac-
torial design framework31 in whichM variables are evaluated atN
levels (NM simulations). Three variables were analyzed at two
levels, leading to eight simulations (SI Table S3), where
• Variable 1: Gas Exchange. OTEQ options for considering
gas exchange include no exchange, as in the case of the best
estimate simulation, and equilibriumwith atmosphericCO2.

17

These options constitute two levels within the factorial design.
• Variable 2: Solid phases at the Upstream Boundary. The
increase in pH results in the formation of solid phases
through precipitation and sorption reactions. The presence
or absence of solid-phase material within the water column
at the upstream boundary has potential implications for
reactions further downstream; for example, the amount of
precipitated Fe determines the amount of sorbent mass and
thus affects dissolved concentrations of other components.

Figure 2. Mineral Creek study reach with stream and inflow sampl-
ing sites.
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The best estimate simulation specifies boundary concentra-
tions that are equal to the MC1 total recoverable concen-
trations, under the assumption that solid phases produced
by the elevated pH remain in the water column (level 1). An
alternative assumption is that solid-phase material settles
out before reaching the upstream boundary. This possibility
is investigated by setting the boundary concentrations equal
to the dissolved concentrations from the MINTEQ run for
the upstream boundary (level 2).

• Variable 3: Surface Complexation Constants.OTEQ sim-
ulations to date4,18,24,30 have used the surface complexation
constants of Dzombak and Morel.29 Alternate values of sur-
face complexation constants have been proposed by other
investigators,32�35 however. Simulations are therefore per-
formed using the default values29 (level 1) and the sur-
face complexation constants proposed by Balistrieri et al.34

(level 2).
Assessment. Prior to conducting the predictive simulations, a

procedure for quantifying prediction uncertainty was outlined by
the lead author. This a priori procedure calls for the evaluation of
percent relative error at three points of compliance. These points
of compliance were arbitrarily placed at sites immediately above
large tributary inflows (826, 1151, and 1989 m). Percent Relative
Error (PRE) is given by

PRE ¼ 100
CMC2 � ĈMC2

CMC2
ð1Þ

where CMC2 and ĈMC2 are the observed and simulated concen-
trations of dissolved constituents following remediation.
Two a posteriori metrics for quantifying prediction uncer-

tainty were formulated following release of the MC2 data set.
The percent reduction (PR) is given by

PR ¼ 100
CMC1 � cMC2

CMC1
ð2Þ

where CMC1 is the observed concentration under existing con-
ditions and cMC2 is either the observed (CMC2; when calculating
observed percent reduction) or simulated (ĈMC2; when calculat-
ing simulated percent reduction) dissolved concentration follow-
ing remediation. A second a posteriori metric, the Water Quality
StandardAssessment (WQSA), compares theobserved and simulated
concentrations with applicable water quality standards (chronic
aquatic-life standard36) to determine whether or not the simula-
tion correctly identifies attainment or nonattainment (i.e., are
observed and simulated concentrations on the same side of the
water quality standard?). Application of WQSA is analogous to
the identification of Type I and II errors in hypothesis testing.
Type I errors (false positive) arise when simulation results incor-
rectly indicate the attainment of water quality standards, whereas
Type II errors (false negative) arise when simulation results in-
correctly indicate nonattainment (Table 1). In this context, Type I

errors are more severe than Type II errors, as the proposed re-
medial action will fail to meet the water quality standard and ad-
ditional treatment may be required.
Assessment of prediction uncertainty using eqs 1 and 2 and

WQSA is based on dissolved concentrations, consistent with the
water quality standards; simulated concentrations are taken from
the best estimate simulation. Observed concentrations that fall
below analytical detection limits are set equal to one-half the
detection limit within eqs 1 and 2 and the figures that follow
(CMC2 values for Fe and Pb).

’RESULTS AND DISCUSSION

Existing Conditions. Mine drainage results in acidic, metal-
rich waters in the upper portion of the study reach (576�826 m;
Figure 3a�d, SI Figure S1a�e). Concentrations and acidity are
diluted at 850 m by the circumneutral inflow. Concentrations
exhibit a gradual decrease and pH exhibits a gradual increase over
the remainder of the study reach (888�2041 m; Figure 3a�d, SI
Figure S1a�e). Low pH inhibits precipitation and sorption
reactions, such that Al, Cd, Cu, Mn, and Zn are subject to con-
servative transport (total recoverable ≈ dissolved; SI Figure
S1a�e). Arsenic, Fe, and Pb, in contrast, are subject to precipitation
and sorption reactions that result in the formation of solid phases
(total recoverable > dissolved; Figure 3b�d). Concentrations of Al,
Cd,Cu, Fe,H+,Mn, Pb, andZn exceed chronic aquatic life standards
along the entire study reach. The calibrated model reproduces the
features of the observed spatial profiles, including the reactive
transport of As, Fe, and Pb (Figure 3a�d, SI Figure S1a�e).
Post-Remediation Water Quality. The pH increase afforded

by the base injection (>6, Figure 3e) results in the formation of
solid-phase material through precipitation and sorption reactions
that reduce dissolved concentrations (Figure 3f�h; SI Figure
S1f�j). As a result, most constituents meet chronic aquatic life
standards at all (As, Fe, Figure 3f,k) or most (Al, SI Figure S1k;
Cu, SI Figure S1m; Pb, Figure 3l; pH, Figure 3i) of the stream
sites. Dissolved concentrations of Cd, Mn, and Zn remain above
the standard at most stream sites, however, with concentrations
increasing in the downstream direction (SI Figure S1l,n,o). The
observed increases in concentration are attributable to desorp-
tion or dissolution of solid-phase material within the water
column in response to decreasing pH with distance (Figure 3i,
SI Figure S1g,i,j). These increases would probably not be present
if the treatment system included a settling pond to prevent down-
stream transport of solid-phase material. Implementation of an
active treatment system at the head of the study reach thus appears
to have the potential to result in attainment of water quality stan-
dards for all constituents, with the exception of Pb (concentrations
exceed the standard at the final two stream sites due to an un-
treated source at 1941 m,4,21 Figure 3l).
Assessment. Best estimate simulations reproduce the general

features of the total recoverable and dissolved concentration data
and observed pH (Figure 3e�h; SI Figure S1f,h). Simulations of
dissolved concentration appear to closely match observed con-
centrations at the scale presented, whereas simulations of total re-
coverable concentrations generally underestimate observed con-
centrations (Figure 3f�h; SI Figure S1f,h). Discrepancies between
simulated and observed total recoverable concentrations are at-
tributable to the use of MC1 concentrations to specify the
upstream boundary condition (total recoverable MC2 concen-
trations were 20�346% higher than MC1 concentrations due to
source variation20,21). These discrepancies are not of consequence,

Table 1. Water Quality Standard Assessment (WQSA)
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however, as most water quality standards are in terms of dissolved
concentration (one exception is Fe, see “Sources of Error”).
Despite the agreement noted above, closer examination of

the dissolved concentrations reveals substantial errors in the
estimation of postremediation water quality (Figure 3j�l; SI
Figure S1k,m). All eight simulations of dissolved As, for example,
underestimate the observed concentrations (Figure 3j). Under-
estimation and overestimation of dissolved concentration is for-
mally quantified as the Percent Relative Error (eq 1), with ab-
solute PRE values ranging from 11 (Al) to 114 400% (Cu)
(Table 2). Although the high absolute PRE values are cause for
concern, this concern is tempered when PRE values are viewed in
light of “erring on the conservative side”. Under this concept, the
preference is to avoid overestimating the reduction in dissolved
concentrations (avoid underestimating MC2 concentrations),
such that the effectiveness of the treatment system is not over-
estimated. Overestimates in the amount of reduction result in
positive values of PRE and these values are generally acceptable
(11�100%, Table 2). Underestimates in the amount of reduc-
tion result in negative PRE values, and these values range from
�35 to�114,400%. The higher absolute values of PRE are there-
fore associated with underestimating the amount of reduction,
and this underestimation is preferable to overestimation.

Two a posteriori metrics were formulated to supplement PRE.
The percent reduction (eq 2) provides a means of comparing ob-
served and simulated percent reduction (OPR and SPR). If OPR
and SPR are in general agreement, the simulation has adequately
predicted the postremediation reduction in dissolved concentra-
tion relative to existing conditions. The percent reductions that
are observed and simulated for H+, Al, and As are all comparable,
for example (Table 2, SI Figure S2a�c), whereas there is a stark
difference in OPR and SPR for Cd, Mn, and Zn (Table 2, SI
Figure S2d,g,i). The WQSA provides a means to determine
whether or not the simulations provide the correct answer in re-
gard to attainment of water quality standards. The correct answer
is obtained when the simulated concentration and observed data
are both higher or lower than the applicable standard. The
WQSA results indicate that the correct answer is provided in 19
of the 25 cases (green, Table 2). Of the six incorrect results, only
two are Type I errors in which the simulations incorrectly predict
attainment of the standard (red, Table 2), with the remaining
four incorrect results being less severe Type II errors in which
the simulation incorrectly indicated nonattainment (yellow,
Table 2).
Although the percent reduction and WQSA metrics were for-

mulated following the release of the MC2 data, they appear to be

Figure 3. Data and simulations for existing conditions and remediation. Data include total recoverable and dissolved concentrations under existing
conditions (filled and open squares) and remediation (filled and open circles; compliance points denoted by blue stars). Simulations include total
recoverable (dashed line) and dissolved concentrations (solid line; best estimate shown in color). The chronic aquatic life standard is denoted by dotted
red line. (a�d) data and simulations from model calibration, existing conditions; (e�h) data and best estimate simulation, remediation; (i�l) data and
eight simulations of dissolved concentration, remediation.
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a better measure of prediction uncertainty than the a priori
metric, PRE. Percent relative errors for Pb, for example, are high,
yet there is excellent agreement between the observed and sim-
ulated percent reductions and the simulations correctly predict
attainment or nonattainment of standards (Table 2, Figure 3l, SI
Figure S2h). Using the two a posteriori metrics as a guide, one
can conclude that predictions for Al, As, Fe, H+, and Pb are
superior to the predictions for Cd, Cu, Mn, and Zn (Table 2).
Sources of Error. Potential sources of error in predictive sim-

ulations noted here and elsewhere4,24,30 include (1) identifica-
tion of the appropriate solid phases and associated equilibrium
constants for precipitation reactions, (2) specification of gas ex-
change reactions affecting CO3, (3) specification of solid-phase
Fe at the upstream boundary, and (4) specification of surface
complexation constants for sorption reactions. For the applica-
tion considered herein, sources 1 and 2 do not result in appre-
ciable error. In regard to source 1, postremediation pH ranges
from 6.1 to 9.5 (Figure 3e), causing Al and Fe to become insoluble.

Simulations of dissolved Al and Fe are relatively insensitive
to the specified equilibrium constants in this pH range and
estimates of postremediation concentrations are sufficiently accu-
rate (Figure 3g, SI Figure S1f, Table 2). In regard to source 2, the
best estimate simulation does not consider gas exchange and
there is an adequate reproduction of pH (Figure 3e, Table 2).
Sources 3 and 4, in contrast, play a large role in causing the errors
associated with the constituents subject to sorption. As noted in
the Assessment subsection, simulations of total recoverable con-
centrations underestimate the amount of solid-phase material
due to misspecification of the upstream boundary condition.
Errors in simulating total recoverable Fe are of great consequence
as the amount of solid-phase Fe determines the sorbent concen-
tration. Underestimation of solid-phase Fe (Figure 3g) therefore
results in the underestimation of Cd, Cu, Pb, and Zn sorption and
overestimation of the corresponding dissolved concentrations
(Figure 3l; SI Figure S1l,m,o). In contrast to the other con-
stituents subject to sorption, dissolved As concentrations are
underestimated (Figure 3j); overestimation of As sorption is not
attributable to misspecification of solid-phase Fe, and the error is
attributable to source 4.
Simulations of postremediation water quality are remarkably

good in light of the limited information used to initiate the pre-
dictions (MC2 values of pH and alkalinity at the upstream
boundary). Predictions for Al, As, Fe, H+, and Pb accurately re-
produce the observed percent reduction in dissolved concentra-
tions afforded by the treatment system and the information
needed by decision makers in regard to standard attainment is
also accurate (Assessment subsection and Table 2). In addition,
errors associated with most of the remaining constituents (Cd,
Cu, Zn) may be attributed to the misspecification of the up-
stream boundary condition, a situation that could be remedied by
obtaining additional information on treatment system design.
Errors in the prediction of postremediation Mn are also easily
explained, as Mn transport was not rigorously considered during
calibration. The simulation shown in SI Figure S1d was deemed
adequate and no attempt was made to increase the simulated
concentration by increasing the amount of Mn entering via
inflow waters (similar changes were made for other constituents;
SI Table S2). If such an action were taken, OPR and SPR values
would be in better agreement and the Type I errors may have
been eliminated (as a result, all of the WQSA errors would be the
less serious Type II). In summary, the errors in predicting post-
remediation water quality can be attributed to misspecification of
model inputs and parameters, as opposed to inadequacies inmodel
structure. Changes to model structure, such as more rigorous con-
sideration of gas exchange30 may still be warranted, however, as
other applications may yield different results.
The encouraging results noted above are not surprising given

the fact that simulated reactions are based on theoretically rigorous
laws of mass action and an existing database of equilibrium
constants.17,27,29 The large difference in pre- and postremediation
pH (3.1�4.8 versus 6.1�9.5; Figure 3a,e), however, represents a
structural change to themodeled system5 that complicates the cali-
bration process. For the case of As sorption, calibration led to a
change in the surface complexation constant (see SI) that ex-
acerbated the prediction error (the change improved the calibra-
tion by increasing the amount of sorption, but the postremediation
simulation requires less sorption, notmore). The structural change
altered the sorbent/sorbate ratio through the precipitation of Fe,
such that the calibrated surface complexation constant was invalid
at elevated pH.

Table 2. Assessment Results
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Modeling Strategies.Model application is a partially subjective
exercise in which ad hoc strategies are used to address study goals.
Post audits provide valuable information that can be used to assess
the effectiveness of these strategies, with the benefit of hindsight. The
post audit provides insight into three issues that are specific to
modeling reactive solute transport and modeling in general. First,
one strategy employed herein is to “err on the conservative side”,
such that the effectiveness of the proposed treatment system is not
overestimated. This strategy was largely effective as the majority of
errors associated with WQSA were Type II, where model results
suggest the need for additional treatment capacity. This strategy thus
leans toward the attainment of water quality standards, as the
simulations would lead decision makers to add unneeded treatment
capacity (as opposed toType I errors, where the proposed treatment
would be deemed adequate, when in fact it is not). Decision makers
should therefore balance the potential nonattainment of standards
with the expense of an overdesigned treatment system.
Second, conventional wisdom dictates that sensitivity analyses

provide a means to develop a range of predictions that bracket
the actual outcome.24 The factorial design does notmeet this goal,
as predicted concentrations from the eight simulations sometimes
lie entirely above (e.g., Cu, Pb) or below (As) the data (Figure 3j,l;
SI Figure S1m). The additional simulations used to perform the
sensitivity analysis actually provide misleading information, as the
best estimate simulation often provides the closest reproduction
of the observed data (e.g., Cu and Pb, Figure 3l, SI Figure S1m).
The factorial design may have been more successful if additional
levels had been considered. Consideration of higher solid-phase
concentrations, for example, would have lowered the concentra-
tions of constituents subject to sorption.
Third, although calibration is an essential part of the modeling

process, calibration may or may not lead to more accurate pre-
dictions. As with most predictions, structural changes in the
modeled system are a cause for concern;5 pH differences be-
tween existing conditions and remediation result in a situation
in which many processes within the model are uncalibrated.
Precipitation of Al, for example, was not considered during the
calibration process as low pH resulted in conservative transport.
This particular uncalibrated reaction was not of consequence,
however, given the satisfactory results obtained for Al (Table 2).
Simulation of As sorption, in contrast, was subject to calibration,
and the changes made during calibration were detrimental to pre-
dictive results. A final example is the case ofMn, a constituent that
was ignored during the calibration process; inclusion of this con-
stituent in the calibration process would have improved the
predictive results, possibly eliminating the only Type I errors.
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