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Impacts of acid deposition at Plastic Lake: forecasting
chemical recovery using a Bayesian calibration and
uncertainty propagation approach
George MacDougall, Julian Aherne and Shaun Watmough

ABSTRACT
Given the importance of models in the development of environmental polices it is necessary to
assess the uncertainty introduced by model parameterisation and its impact on predictions. In the
current study, an uncertainty framework designed to perform automated calibrations and
developed for use with the Model of Acidification of Groundwater in Catchments (MAGIC) was
applied to Plastic Lake, a long-term study site in Southern Ontario, Canada. The primary objectives
were to investigate the chemical response of soil and surface water at Plastic Lake to proposed acid
(sulfur and nitrogen) emissions and assess the use of the framework at a regional level. Despite the
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relatively high amount of uncertainty associated with many of the model parameters, calibration
resulted in relatively narrow parameter convergence. The importance of time-series stream data
was clearly evident, with uncertainty decreasing with more observation years. The forecast
improvements in stream Acid Neutralizing Capacity at Plastic Lake from–40 meq/L in 1988 to
14 meq/L in 2060 had 5 and 95% confidence bounds of– 3 and 29 meq/L, respectively. Despite
the limited availability of soil chemical data in Ontario, the approach applied at Plastic Lake
is viable on a regional basis given the abundance of water chemistry data.
Key words
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INTRODUCTION
The Model of Acidification of Groundwater in Catchments

various soil and water model compartments, regardless of the

(MAGIC) has been used since 1985 to predict the long-term

heterogeneity of the actual catchment, i.e. soil depth

effects of acid deposition on soil and surface water chemistry

observations collected at numerous locations at study sites

at a range of sites around the globe (see the appendix in

are averaged to a single effective value for each soil

Cosby et al. (2001) and Wright et al. (2005)). Overall, the

compartment. At intensively studied sites, the variability of

model has proven to be robust, reliable and reproducible.

model parameters such as soil chemistry becomes evident as

Nonetheless, similar to other deterministic process-oriented

the number of soil pits (observations) increases. Accordingly,

models, MAGIC is subject to uncertainty from several

regional studies are often limited by the availability of

sources (Saloranta et al. 2003; van der Sluijs et al. 2005) but

multiple soil pits; a framework that utilises a distribution

the availability (quantity and quality) of site-specific data is

based on field data offers advantages over model configur-

usually what determines the success (reproducibility) of an

ations that use a single (or a small number of) observations to

individual application. In this study uncertainties in model

estimate average values for an entire catchment (or region).

parameters (physico-chemical characteristics such as soil

Given the importance of models in the development of

data) were assessed. MAGIC is a lumped parameter model;

environmental polices it is necessary to present model

site-specific parameters represent “average” values for the

forecasts along with an estimate of uncertainties.

doi: 10.2166/nh.2009.084
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The uncertainty involved in parameterising and calibra-

(95.5 ha) is drained by seven small streams, six of which are

ting dynamic models has been studied since their develop-

ephemeral. The largest of the seven sub-catchments (PC1,

ment (Hornberger et al. 1986). More recently techniques for

23.3 ha) drains a wetland (sphagnum–conifer swamp, 2.2 ha)

assessing this uncertainty have become more complex and

and flows year round except in very dry years. The upland

versatile (Gallagher & Doherty 2007). Page et al. (2003)

soils of PC1 (and its gauged subcatchment PC1-08, 3.5 ha) are

indicated that, when the number of model parameters is high

sandy, shallow, acidic humo-ferric or ferro-humic podzols

and the number of observations low, it is possible to calibrate

(Lozano 1987). The PC1 upland forest cover is primarily

a model equally well with more than one set of parameters.

coniferous, dominated (80% of basal area in 1999: Watmough

Automated calibration techniques have been developed to

& Dillon 2001) by white pine (Pinus strobus L.), red maple

replace ad hoc techniques and to address the problem of

(Acer rubrum L.), eastern hemlock (Tsuga canadensis (L.)

assessing and tracking uncertainties in model parameters

Carrière) and red oak (Quercus rubra L.). The average age of

(Kennedy & O’Hagan 2001; Larssen et al. 2006).

the stand is ,87 yr, with a maximum of , 200 yr (baseline

A statistical framework for model calibration and

2000). The catchment altitude ranges from 380–420 m a.s.l.,

uncertainty estimation developed for use with MAGIC

annual rainfall averages ,1,000 mm and the mean January

(Larssen et al. 2006) was used in this study. The uncertainty

and July air temperatures are– 9.48C and 18.68C, respectively.

framework uses Markov chain Monte Carlo (MCMC) input

The chemistry and volume of bulk precipitation have

sampling and likelihood functions determined from avail-

been measured since 1976 at a clearing adjacent to PC1

able observations of water and soil chemistry. The frame-

(Dillon et al. 1988). Precipitation samples were removed from

work was developed by Larssen et al. (2006) and applied to

collectors when there was sufficient volume for chemical

Birkenes, Norway. In the current study the framework was

analyses, typically weekly. On the rare occasions when data

applied to a sub-catchment at Plastic Lake (PC1-08) in

were missing the average precipitation from three nearby

Southern Ontario. Acid (sulfur (S)) deposition has declined

(within 50 km) bulk collectors were used. Between 1986 and

by about 50% since the early 1980s in parts of Ontario

1995 stream discharge and chemistry were monitored at

(including Plastic Lake) but the chemical recovery of lakes

PC1-08. A V-notched weir was installed at the catchment

has been limited (Jeffries et al. 2003). Under current

outflow and water samples for chemical analyses were

legislation emissions will decline further; the impact of

collected regularly (at least biweekly) when there was flow.

these reductions on water chemistry will influence future

The field, hydrologic and analytical methods are described in

emission reduction policies. The primary objective of this

detail elsewhere (OME 1983; Scheider et al. 1983; Locke &

study was to apply the framework to predict future soil and

Scott 1986; methods have remained unchanged). During

surface water chemistry at Plastic Lake while assessing the

1983, soil samples were collected from 15 pits located in the

applicability of the framework at a regional level. In

upland part of the catchment (Lozano 1987); sampling was

concert, the impact of calibrating the model to truncated

repeated in 1999 using adjacent soil pits (Watmough & Dillon

(observed) stream chemistry data was investigated to

2004). Bulk density and exchangeable cations were deter-

evaluate the influence on model predictions when the

mined for both surveys using standard methods (OME 1983).

framework is used at less intensively studied sites.

The framework was applied to the PC1-08 sub-catchment to
avoid complexities associated with the response of the wetland
to drought that has been observed at PC1 (LaZerte 1993).

METHODS
Study site
Plastic Lake (32.1 ha headwater lake) is located on the

THE MODEL OF ACIDIFICATION OF GROUNDWATER
IN CATCHMENTS

Precambrian Shield in Haliburton County, south-central

MAGIC is a lumped-parameter model of intermediate

Ontario (458110 N, 788500 W). Plastic Lake’s catchment

complexity, developed to predict the long-term effects of
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acidic deposition on soils and surface water chemistry. The

model parameters and allows the impact of the uncertainty

model was first described by Cosby et al. (1985) and

on model outputs to be explicitly shown. Other sources of

developments are reviewed by Cosby et al. (2001). In brief,

uncertainty, such as model structure and epistemological

the model predicts the monthly and annual average

concerns (ignorance), certainly exist but are not addressed

concentrations of the major ions for soil solution and

in this study. Uncertainties in forcing data (deposition

surface water chemistry. MAGIC represents the catchment

chemistry and discharge volumes) were incorporated by

with aggregated, uniform soil compartments (one to three)

stochastic sampling from narrow distributions around the

and a surface water compartment that can be either a lake

time-series observations (representing measurement error).

or a stream. Time-series (forcing) inputs to the model
include annual or monthly estimates of: deposition of ions
from the atmosphere (wet plus dry deposition); discharge

Parameter sampling

volumes and flow routing within the catchment; biological

Successful configuration of the framework requires a

production, removal and transformation of ions; internal

balance between specifying suitable constraints on the

sources and sinks of ions from weathering or precipitation

model parameters so that it converges within a practical

reactions; and climate data. Constant parameters in the

number of iterations, and allowing the framework sufficient

model (i.e. model parameters) include physical and chemi-

freedom so that the algorithm can effectively seek suitable

cal characteristics of the soils and surface waters, and

values throughout the entire available parameter space.

thermodynamic constants. The model is calibrated using

Only a subset of the model parameters were subject to

observed values of surface water and soil chemistry for a

uncertainty assessment; the remaining parameters, which

specified period. In the current study the PC1-08 sub-

have minimal influence on model outputs, were specified as

catchment was simulated using one soil and one stream

single values. The parameters specified with prior distri-

compartment on an annual time step.

butions include physico-chemical characteristics such as
soil depth and the aluminum dissolution constant. Para-

The uncertainty framework

meters that were excluded from the uncertainty assessment
included those related to simplified nitrogen dynamics,

Larssen et al. (2006) presented an approach for automatic

e.g., soil and lake nitrification and soil ammonium uptake

calibration and uncertainty propagation for forecasting

(Table 1). The prior distributions were specified as uniform

acidification effects at a long-term study site at Birkenes,

with a minimum to maximum range, e.g. soil depth was

Norway. The approach combines data from observations,

specified as a uniform distribution between 0.3 and 0.5 m

the deterministic model and prior distributions of model

(Table 1).

parameters to obtain forecast distributions. The implemen-

While the framework supports input distributions other

tation requires prior probability distributions to be specified

than uniform, the MCMC sampling method uses its own

for the model parameters and likelihood functions to be

likelihood function based on observations to choose

specified for the output data (observed values of surface

optimum values. Interpreting the framework results is less

water (annual time series) and soil chemistry (single

complicated with uniform prior distributions as selection of

observations of exchangeable cations)). Posterior distri-

the inputs will depend solely on the weightings assigned by

butions are generated by running the model (MAGIC)

the likelihood function used in the MCMC scheme. High

repeatedly using a MCMC scheme to sample model

confidence in a model parameter can be implemented by

parameters from prior distributions. The likelihood func-

specifying a narrower range.

tions are determined by available observations of the model

Several inputs to MAGIC are specified as time series, e.g.

output data for a calibration period. The calibration is

deposition chemistry and discharge volumes. Uncertainty

Bayesian in that unknown parameters are estimated using

was included in these observed values by specifying them as

prior knowledge of model parameters and output data. The

normally distributed with fixed standard deviations of 10%.

approach provides an assessment of uncertainties in the

There is uncertainty associated with these observations but
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similar MCMC applications (Kuczera & Parent 1998). The

MAGIC input parameters with prior distributions

likelihood ratios are calculated by evaluating each candiConstant parameters

Distributions (min, max)

Soil parameters

date set of parameter values against the current (most
recently accepted) set of parameter values. The ratio is

Depth (m)

Uniform (0.3,0.5)

driven by matching model output values with observations

Porosity (%)

Uniform (20,40)

using a least-sum-of-squares-based function such that the

Bulk density (kg/m3)

Uniform (500,1200)

ratio is greater than 1 if the candidate set of parameters

Cation exchange capacity (meq/kg)

Uniform (65,95)

produces a better match to observations than the current

Sulfate adsorption half saturation (meq/L) Uniform (0,500)

set. Parameter sets that generate more likely outputs are

Sulfate adsorption maximum (meq/kg)

Uniform (0,20)

always accepted. Parameter sets that generate less likely

Aluminum dissolution constant (log10)

Uniform (6,11)

outputs are either rejected if the ratio is below a specific

Temperature (8C)

Fixed (6.7)

threshold or, if above the threshold, they are accepted with

Partial CO2 pressure (% atm)

Uniform (0.2,2)

a weighting equal to the ratio (always less than 1). The

Dissolved organic carbon (mmol/L)

Uniform (0,100)

process repeats until the specified number of accepted

Nitrification (%)

Fixed (100)

parameter sets are generated.

Ammonium immobilisation (%)

Fixed (100)

Nitrate immobilisation (%)

Fixed (99.8)
Uniform (0,50)

Automated calibration

2

Uniform (0,30)

2

Calibrating MAGIC typically involves some manual pro-

Na weathering (meq/m /yr)

Uniform (0,20)

K weathering (meq/m2/yr)

cesses that optimise a few parameters (weathering and

Uniform (0,5)

Sulfate weathering (meq/m2/yr)

initial base saturation levels) against a single year’s

Uniform (0,20)

observations (surface water chemistry and current base

Initial exchangeable Ca (%)

Uniform (0.1,50)

saturation levels). The Bayesian calibration process opti-

Initial exchangeable Mg (%)

Uniform (0.1,50)

mises many parameters against many years of (water

Initial exchangeable Na (%)

Uniform (0.1,50)

chemistry) observations simultaneously. By specifying

Initial exchangeable K (%)

Uniform (0.1,50)

each parameter distribution carefully the model calibration

2

Ca weathering (meq/m /yr)
Mg weathering (meq/m /yr)

Surface water parameters

can be reasonably constrained based on site characteristics,

Relative area water:catchment (ratio)

Fixed (0.01)

Water retention time (yr)

Fixed (0)

Aluminum dissolution constant (log10)

Uniform (6,11)

characteristics, such as soil depth, density, porosity, cation

Temperature (8C)

Uniform (3,10)

exchange capacity (CEC), sulfate adsorption parameters

Partial CO2 pressure (% atm)

Uniform (0.03,0.2)

and aluminum dissolution constant were specified as

Dissolved organic carbon (mmol/L)

Uniform (15,85)

narrow distributions based on site knowledge and obser-

Nitrification (%)

Fixed (100)

vations. While these parameters are included in the

available data and experience.
In the current study, soil physical and chemical

calibration process, the narrow distributions are a reflection
of the uncertainty being assessed. Parameters such as base
it was assumed that the observations were unbiased, and the

cation weathering rates, which are notoriously difficult to

narrow distributions represent measurement error. This was

measure, and initial base saturation values were specified

chosen as the simplest approach (supported by the frame-

with the widest reasonable distributions (Table 1). These

work) that still included some estimation of uncertainty.

parameters are key to calibrating MAGIC, and by not

The uncertainty framework uses a Metropolis – Hastings

providing the framework with best estimates of these values

approach which has advantages over other approaches

or even narrow distributions it was ensured that only the

such as the generalised likelihood uncertainty estimation

algorithms within the MCMC framework complete the

(GLUE) method (Beven & Binley 1992) when used in

calibration. Additionally the framework is supplied with site
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observations to which the model outputs are calibrated. The

distribution. Choosing the mid-point of uniform distri-

model was calibrated to a single soil (base saturation)

butions is reasonable and facilitates automation. Step size

observation year (set to 1997) and 11 years of water

is the range, within the specified input distribution, over

chemistry (1984 –1994) under 18 years of forcing data:

which the Monte Carlo random sampling algorithm will

observed deposition of major ions and discharge volumes

choose the next candidate value. This parameter determines

(1980 – 1997). For a broader discussion on Bayesian

how quickly the MCMC framework moves through a

calibration of deterministic models see Kennedy &

distribution. It specifies the per iteration range, centered

O’Hagan (2001). A total of 50,000 calibrated parameter

on the current value, over which the next candidate value

sets were generated for PC1-08 and subsequently used to

will be randomly sampled. The step size is known to impact

simulate historic and future soil and water chemistry.

Metropolis– Hastings algorithms (Gelman et al. 1995). The

MAGIC was run with each parameter set using a single

number of iterations refers to the number of model runs (or

deposition scenario (1850 – 2100) which was constructed

evaluations) required for convergence (i.e. iterations

from historical emission inventories, recent observed data

required for model parameters to reach a stationary

(1980 – 1997) and current legislated emissions under the

distribution). Iterations (or parameter sets) prior to conver-

Canada – US Air Quality Agreement (Aherne et al. 2003).

gence (the burn-in phase) are typically discarded.
Few study sites in Ontario have decades of continuous
water chemistry data but there are an increasing number of

MCMC framework and MAGIC simplifications

sites with multi-year survey data. Larssen et al. (2004)

The framework was also used to address a number of

presented some techniques for calibrating dynamic models

questions towards regionalisation, i.e. application to many

effectively using variable time series of data. Generating

more sites, but with less site-specific data. While a number

results calibrated with two years of data separated by ten

of possible variations can be explored, in this study it was

years in time, for example, yields superior long-term

asked: What is the impact of varying the model parameters’

forecast results over using two adjacent years. Under this

initial starting points, step size (also known as proposal or

guidance the number of years of observations was reduced:

jump distribution) and number of iterations on the

from 11 years of data 2- and 5-year subsets separated as

behaviour of the model forecasts? How do predictions

widely as possible were selected, e.g. the 5-year subset used

change when less water chemistry data are available (does

data from 1984, 1986, 1989, 1992 and 1994. The impact of

the framework remain viable)? The starting point for each

reduced data on surface water ANC in the year 2060 was

parameter was the initial value chosen within the input

assessed.

Table 2

|

Input parameters derived from manual and Bayesian calibration of MAGIC

Automatically calibrated (percentiles)
Manually calibrated p

5

50

95

Ca weathering (meq/m /yr)

19.5

12.9

21.0

27.5

Mg weathering (meq/m2/yr)

13.5

11.2

14.1

15.6

Parameter
2

2

1.0

0.0

0.1

0.5

Na weathering (meq/m2/yr)

K weathering (meq/m /yr)

10.5

7.0

9.4

11.4

Initial exchangeable Ca (%)

17.6

14.2

22.5

31.0

Initial exchangeable Mg (%)

4.7

3.0

6.2

9.4

Initial exchangeable K (%)

2.3

0.4

1.5

2.4

Initial exchangeable Na (%)

2.0

2.4

3.6

4.7

Aluminum dissolution constant (log10)
Dissolved organic carbon (mmol/L)
p

9.2

8.7

9.6

10.2

55.0

25.0

69.0

94.0

Data taken from Aherne et al. (2006) under similar but not identical MAGIC configurations.
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SO22
4 5 and 95 percentile values were 170 and 177 meq/L,
respectively (Figure 1). In contrast, the simulated 5 and 95

The uncertainty framework at Plastic Lake

percentile values for stream SO22
in 1975 were approxi4

The application of the framework on PC1-08 was

mately 200 and 250 meq/L; Larssen et al. (2007) showed

consistent with earlier applications of MAGIC (see base-

similar behaviour for Birkenes. In the current study,

line results in Aherne et al. (2007) and calibration details

deposition data (1980 –1997) extended beyond the cali-

in Aherne et al. (2004, 2006)) (Table 2). While not a

bration period for surface water observations (Figure 1). The

surprising result given that data and model were similar to

variability in the deposition data contributed to variability

previous applications, it does validate the MCMC frame-

outside the calibration period but the pattern of increasing

work’s objective calibration abilities, and further provides

variability in simulated values further outside the calibration

a basis for uncertainty assessment at Plastic Lake.

period is a common characteristic of MCMC applications.

The Bayesian calibration resulted in close correspon-

It reflects that the MCMC algorithm samples randomly

dence between observed and simulated (mean) stream

from a very large and complex parameter space and the only

chemistry (e.g. normalised absolute mean error for stream

constraint on the thousands of candidate parameter sets is

ðSO22
4 Þ

sulfate

was 0.01; zero indicates perfect correspon-

they match the observed data during the calibration period.

dence) during the calibration period (Figure 1). The 5 and

The MCMC framework calibration process converged on

95% percentile values for simulated chemistry during the

reasonable values for all the key parameters despite the fact

calibration period (1984 –1994) are narrow, e.g. 1985 stream

that some were specified as unconstrained distributions,

Figure 1

|

Simulated and observed stream concentrations (meq/L) for sulfate, calcium, magnesium, hydrogen, sum of acid anions and sum of base cations for the period 1975–2000.
Thin lines are the simulated values and the filled circles are observed values during the calibration period (1984–1994). The dashed lines are 5 and 95 percentiles.
The results are from 50,000 framework iterations.

Downloaded from http://iwaponline.com/hr/article-pdf/40/2-3/249/364391/249.pdf
by guest

255

G. MacDougall et al. | Impacts of acid deposition at Plastic Lake

Hydrology Research | 40.2–3 | 2009

e.g. the prior distributions for weathering rates and initial

including the PROFILE model (Sverdrup & Warfvinge

exchangeable base cations. All four base cation weathering

1993) to estimate calcium weathering at Plastic Lake and

rates converged to relatively narrow ranges; potassium

their results ranged from approximately 10– 13 meq/m2/

appears to be constrained by the lower limit of the specified

year. These low calcium weathering rates are consistent with

distribution but MAGIC reasonably only accepts positive

sites that have shallow soils on the Canadian Shield (Ouimet

values for weathering rates (see Figure 2). The annual

& Duchesne 2005; Watmough et al. 2005). The four initial

weathering rate for calcium was specified as a uniform

base cation saturation parameters were all specified with

distribution between 0 and 50 meq/m2 and the MCMC

identical unrestrained input distributions between 0 – 50% of

2

framework converged to values near 21 meq/m (Figure 2).

CEC. Each converged to separate and relatively narrow

Despite some differences in the calibration data and

ranges which are comparable with Aherne et al. (2004);

procedures, this mean value compares well with previous

except for the low value for sodium, the manually calibrated

site assessments, i.e. Aherne et al. (2004) estimated calcium

values fell within the MCMC framework 5 and 95 percentiles

2

weathering at 19.5 meq/m /year using MAGIC (Table 2).

(Table 2). The mean initial exchangeable magnesium was

Watmough & Dillon (2004) used several techniques

calibrated to be 6.2% of CEC with 5 and 95 percentile values

Figure 2

|

Input parameter distributions for base cation weathering (meq/m2/yr) and initial base cation fraction (%). The x axis of each chart is the minimum to maximum range
specified (prior distributions: see Table 1). The results are from 50,000 framework iterations.
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of 3 and 9.4% of CEC. This parameter was calibrated by
Aherne et al. (2004) to 4.7% of CEC.
Monte Carlo techniques can usually converge to optimum values (assuming such values exist), if they are given
adequate configuration parameters and if they are run for
enough iterations. Starting with identical seeds and configuration values, there was improved visual evidence of
convergence as the number of iterations was increased from
5,000 to 10,000 to 25,000 to 50,000 (Figure 3). Studies into
objective convergence assessment techniques for MCMC
applications have found some algorithms that appear
promising but they tend to be non-universal, dependent on
the characteristics of the sample space, and computationally
intensive (Rosenthal 1994; Brooks & Roberts 1998). When
relying on subjective visual inspection of parameter trace
plots the improvements from 25,000 to 50,000 are arguably
cosmetic if one is solely interested in getting an estimate of
the parameter means. It is important to note that, if too few
iterations are specified, parameter sample distributions have
a greater variability and may have shifted means. For
example, calcium weathering did not stabilise until 25,000
iterations (slope of trend line (not shown) for 25,000 to
50,000 iterations is zero; Figure 3). The trace plots often have
common characteristics that become important when making assessments on convergence. Initially, MCMC algorithms
wander widely over the parameter space. The values selected
during this “burn-in” period are often discarded because they

Figure 3

|

Trace plots and probability distributions (insets) for calcium weathering rate
(meq/m2/yr) for 5,000, 10,000, 25,000 and 50,000 iterations.

can potentially distort the means of the parameters. As an
MCMC algorithm converges the trace typically continues to

possible to have the same size pool from an infinite number of

fluctuate near the optimum parameter space which can make

combinations of these three correlated input parameters: as

assessment of convergence difficult. This problem is aggra-

such, it is reasonable to fix two and allow the framework to

vated when there are correlated parameters.

vary only one. Assessment of uncertainty is still valid as it

There are model parameters that can be further constrained based on knowledge of the process descriptions

pertains to the total pool size but it will stem from the single
parameter that is specified as a distribution.

included in MAGIC. Several of the parameters in MAGIC are

In this study, MAGIC was insensitive to several input

aggregated, e.g. soil depth, soil bulk density and CEC. They

parameters. Traces (not shown) for stream temperature and

are used in combination with exchangeable (base cation)

stream carbon dioxide partial pressure did not contribute to

fractions to set the size of the individual base cation exchange

the calibration process (they had very limited influence on

pools. The size of the cation exchange pool is not specified

model outputs) and accordingly the framework did not find

directly; rather, it is specified as separate measurable

any preferred values inside the distributions provided. In

parameters. While it is clear that no optimum values for soil

contrast, the stream aluminum disassociation coefficient

depth, bulk density or CEC were preferred by the framework,

converged quickly to an extremely narrow range, suggesting

there are values for the total cation exchangeable pool that

that there was a well-defined (preferred) value. Clearly

are preferred by the calibration process (Figure 4). It is

optimum parameter values could be specified prior to the
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Soil exchangeable cation pool (meq/m2); estimated as soil depth £ bulk density £ cation exchange capacity (CEC). The x axis of each input parameter chart (soil depth,
bulk density and CEC) is the minimum to maximum range specified (prior distributions: see Table 1). The framework converges (50,000 iterations) on the product of the
correlated input parameters.

calibration process. A parameter is not generally a good

29.2 meq/L, respectively. In a risk assessment scenario, a

candidate for inclusion in the automated calibration and

realistic ANC target value of 40 meq/L would be outside the

uncertainty assessment process if the MCMC framework

90% confidence bounds for 2060 under current legislation.

cannot converge or if it converges quickly to a single value.

This forecast agrees with previous studies at Plastic Lake

Either it has little or no impact for the current site

(Aherne et al. 2007) which used similar model configurations

configuration (varying its value does not impact model

and forecasted that ANC levels in Plastic Lake in 2060 will

outputs) or it has no valid assessed uncertainty (one value is

be 27.8 meq/L, which is inside the 5 and 95 percentile values.

viable). In both cases, including such parameters would
complicate the interpretation of the model results (and

MCMC framework configuration parameters

increase the computational burden).
The starting point had no perceptible impact on the
Forecasts at Plastic Lake

performance of the framework or final results (when used
with appropriate step size). This should be the case if the

Surface water concentrations of ANC are frequently used as

MCMC algorithm successfully searches the entire available

an indicator of recovery from acid deposition. Numerous

parameter space. Starting values at the 5 and 95% values of

dynamic model applications in Europe and North America

input distributions were used (data not shown). Reinds et al.

have predicted improvements in surface water ANC values

(2008) used MCMC sampling with random starting points

in response to reductions in acid deposition levels (Larssen

and also observed little or no impact on the results for the

2005; Posch et al. 2008). Regardless of the scenarios or

Very Simple Dynamic model. In the current study, the

processes being studied, e.g. changes in legislation or climate

initial value of many parameters was set to the mid-point of

change, ANC forecasts are generally based on a few

the input distribution (in practical terms, the distribution

simulations per site (Aherne et al. 2003; Larssen et al. 2003)

was set to bracket average field observations). In other

and do not include an estimate of uncertainty. Using the

cases, such as the soil aluminum dissolution constant, the

MCMC framework these results can be presented as

distribution was chosen as a reasonable range based on field

distributions. The 5, 50 and 95 percentile forecasted ANC

measurements in similar catchments.

values at Plastic Lake when using 10,000 iterations and

In contrast to the starting point, the MCMC framework

11 years of water chemistry observations were – 1.1, 11.9 and

was sensitive to step size (proposal distribution). When a
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The acceptance rates for calcium weathering in this study
were 0.88, 0.06 and 0.30 for the small, large and selected
(medium) step sizes, respectively (Figure 5). The importance
of step size on the performance of the Metropolis –Hastings
algorithms is well known (Gelman et al. 1995) and has led
to the development of procedures to automatically select
the optimal step size (Vrugt et al. 2005; 2008). In the current
study, knowledge of the processes in MAGIC coupled with
well-defined prior distributions ensured that a fixed step
size (based on the parameter range) produced reasonable
acceptance rates.

Data availability and regional considerations
One of the significant challenges to a regional application of
the uncertainty framework is the amount (number of years)
of observed stream chemistry data available at the study
sites. When the number of observation years was decreased
the uncertainty in the model output values increased
(Figure 6). Likelihood functions determined against available observations of model outputs during the calibration
period drive the selection of behaviorable input parameters;
fewer years of observed data result in wider a priori
distributions for input parameters (not shown) and uncertainty in model outputs. In general, the change in variability
Figure 5

|

Trace plots for calcium weathering rates depicting the influence of the
framework parameter step size. In (a) the configured step size was 25–
100% of the minimum to maximum range specified for each input
parameter. In (b) the configured step size was 1 –2% of the minimum to
maximum range. In (c) the configured step size was 7 –15% of the
minimum to maximum range. The first 10,000 iterations are shown.

was more observable than a change in mean values,
although on decreasing from 5 to two years of data the
mean forecasts for ANC in 2060 moved from 15.9 to
3.5 meq/L. Larssen et al. (2007) used variable subsets of data
and saw variations in means and variability for model

very small step size (1– 2% of input distribution) or a very
large step size (25 – 100% of input distribution) was
specified many more iterations were required to find
optimum parameter values (Figure 5). If enough iterations
were run with extreme (small or large) step sizes the entire
parameter space could be explored at the expense of
framework performance. In contrast, a step size between 7
and 15% of the parameter distribution range required only
10,000 iterations to find optimum parameter values. When
small step sizes are used, the acceptance rate of the random
samples is high but, because each step is small, exploring the
parameter space takes more iterations. When very large step
sizes were used the acceptance rate of the random samples
is lower, resulting in more candidate samples being rejected.
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Figure 6

|

Model forecasts for probability density for sum of base cations – sum of
acid anions (meq/L) in 2060 depicting the impact of truncated observed data
on the MCMC framework (short dashed line: 2 years; continuous line:
5 years and long dashed line: 11 years). The vertical lines approximate the
mean values for each data subset (11 yr ,16 meq/L, 5 yr , 15.5 meq/L,
2 yr , 3.4 meq/L). The results are from 10,000 framework iterations.
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outputs. The same first and last years were used, regardless

The framework provided automatic calibration to observed

of the subset, so the data spanned the same time period and

data time series and updating of input parameter distri-

therefore no comparison was made with years of decreasing

butions (quantification of behavioral parameter space).

acid deposition and years of increasing or stable acid

Demonstrating that the framework’s automated calibration

deposition. Similar to Larssen et al. (2007), convergence

process can produce reasonable parameter estimates

improved when the widest possible temporal range was

strengthens the credibility of the model and therefore its

used, e.g. all data subsets included years 1984 and 1994 (for

forecasts. Despite the increased complexity of such frame-

the period 1984– 1994). This approach provided better

works, given knowledge of the model (MAGIC) and the

results than selecting subsets of data from consecutive years

framework, there are simplifications that can be employed

(results not shown). As with all inverse theory methods,

to facilitate regional assessments.

model parameters are conditioned upon observations of
model outputs: as such, longer time series of observed
surface water chemistry will result in greater certainty in
input parameter space. Given that routine surface water
sampling in Ontario has been common since the early
1980s the availability of observed data should not limit the
regional application of such a framework.
A second challenge to a regional application of the
uncertainty framework concerns the availability of site-
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relevant deposition data. The framework is dependent on a
continuous time series of deposition data (missing values
are interpolated). In this study deposition data were
collected near the site. In a regional application this will
not be the case and some adaptations will be required to
accommodate deposition data from gridded maps. In
contrast, the uncertainty framework uses a single year of
soil chemistry (base saturation) data, not a time series.
There may be concerns about the quantity of soil chemistry
data due to the heterogeneity of soils in catchments and
scarcity of soil pits but because the requirements of the
framework are modest, it should not impact the viability of
using the framework at a regional level.

CONCLUSION
It is paramount that model predictions in support of policy
development include an assessment of uncertainty owing to
model parameterisation. Moreover, probability distributions
rather than single model forecasts will allow scientists and
policy makers to use models in a risk analysis context where
they have experience combining probabilities with consequences. In the current study an MCMC framework was
used to investigate uncertainty in forecasts from MAGIC.
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