
Metamodeling for Regional Aquifer Vulnerability
by Bernard T. Nolan, Jack Barbash, and Frank Voss
An integrated mechanistic and statistical approach is proposed for 1,300 wells in the corn belt for which a vadose zone modeling infrastructure already exists.  With moderate additional effort, the approach adds value to the existing infrastructure by adding inverse modeling capability for calibration and uncertainty analysis.  The approach moves NAWQA modeling forward by integrating statistical and process-oriented mechanistic models, and also achieves consistency of methods used by the Pesticide and Nutrient Synthesis teams.  The mechanistic component yields predicted concentrations for any surface-derived contaminant for which inputs can be quantified—including those for which occurrence data are highly censored, such as pesticides.  The predicted concentrations can be compared with human health benchmarks and are amenable to subsequent statistical analysis.  The statistical component (metamodel) addresses uncertainty and provides a reduced form of the mechanistic model for efficient application in unsampled areas.  Predictions and standard errors from the metamodel can be used to calculate the probability of exceeding threshold contaminant concentrations.  Thus, the approach is capable of yielding both concentrations and probabilities.  Depending on the results, the approach can be applied to Principal Aquifers and/or extended to the national scale.

Objectives

The objectives of the study are to
•
pilot the metamodeling approach for NAWQA wells in the midwestern corn belt;

•
calibrate the Root Zone Water Quality Model (RZWQM) to measured water quality data;

•
identify key predictors through inverse modeling and subsequent statistical modeling (metamodeling);

•
quantitatively describe model parameter uncertainty;

•
predict concentrations for comparison with human health benchmarks.

Scope

The metamodel will be developed for about 1,300 NAWQA land-use study wells in the midwestern corn belt.  Simulated compounds include nitrate, pesticides, and degradates.  Additionally, water fluxes at the water table (recharge) will be estimated at each well site.
Rationale and benefits
Agencies such as EPA and the National Cancer Institute (NCI) have expressed interest in predicted contaminant concentrations for use in human-health risk assessments.  Sampling is expensive, and models that predict concentrations are potentially more useful than index or probability based methods.  For example, logistic regression only provides probabilities, so direct comparison of predicted concentrations with human-health benchmarks is not possible.  The GWAVA nonlinear regression models predict nitrate concentration but use network averages as input (Nolan and Hitt, 2006).  Therefore, n is low nationally (n = 111 for GWAVA-DW, the drinking water model) and would be even lower in a region such as a Principal Aquifer.  Mechanistic models commonly are applied at a single site, predict concentrations, and explicitly incorporate processes in a way that statistical models can’t (e.g., sorption, degradation, soil matrix flow, preferential flow).  The accuracy of mechanistic models can be improved by calibrating to site-specific data.  However, such models are complex and have many input parameters, making upscaling difficult.  The proposed approach integrates mechanistic and statistical models to predict concentrations and to identify the key predictors.  The reduced form of the mechanistic model (“metamodel”) has far fewer parameters and therefore is amenable to application at large spatial scales.
The proposed approach uses a calibrated mechanistic vadose-zone (VZ) model for more accurate predictions of nitrate and pesticide concentrations at NAWQA well locations.  The approach builds on and adds value to the modeling infrastructure developed by Jack Barbash and Frank Voss for the midwestern corn belt.  The current infrastructure involves forward (uncalibrated) simulations with the USDA’s RZWQM, a one-dimensional fate and transport model for the VZ.  As part of the proposed study we will modify the infrastructure to include inverse modeling software for autocalibration of RZWQM to measured nitrate and pesticide concentrations and water levels.
RZWQM is the mechanistic component of the modeling (Fig. 1) and predicts concentrations at various soil depths.  Obtaining a predicted concentration at each well overcomes the severe censoring problem (>50%) common to pesticides in ground water.  In the absence of a sufficient number of pesticide detects, logistic regression and/or approaches that predict detection frequency (Stackelberg and others, 2006) commonly are used.

RZWQM has many input parameters, which complicates its use at large spatial scales.  The statistical component (“metamodel”) functions as a filter to identify the key parameters for efficient application in unsampled areas (Fig. 1).  Contaminant concentrations predicted by the VZ model will be statistically related to its parameters (pesticide properties and mappable factors such as soil texture and organic matter content), the end product of which is a much less complex model.  The form of the statistical model has yet to be identified, but could be either a multiple linear or nonlinear regression model or a neural network model.  The latter has more relaxed assumptions in the event that relations are nonmonotonic.  If regression is used, the predicted concentrations, model residuals, and parameter covariances can be used to calculate the probability of exceeding a threshold value such as health based screening level.  Unlike logistic regression, the proposed approach can provide both concentrations and probabilities.  This is similar to how hybrid models such as SPARROW and WARP have been applied.
The metamodeling approach is directly transferable to Principal Aquifers and could be extended to the national scale.  Regional application of a European metamodel has been shown to reduce systematic bias from climatic effects (Tiktak et al., 2006).  Separate models were developed based on four climatic zones (temperate-dry, temperate-wet, warm-dry, warm-wet) and compared with a single model for the entire European Union.  The regional models reduced systematic bias and had the highest R2 (up to 0.98).

GIS manipulation of metamodel output in the current project will result in aquifer vulnerability maps that are concentration-based, and that would benefit agencies such as NCI and the EPA’s Office of Pesticide Programs (OPP).  The OPP is currently developing higher-tier risk assessments based on vadose-zone modeling.  Previously, the OPP relied on a Tier I empirical model (SciGrow) that had limited predictive capability.  The proposed approach builds on a previous collaboration with the OPP in which the USGS evaluated 7 vadose-zone models, including RZWQM (Nolan and others, 2005).
Finally, a NAWQA metamodel would be a useful extension of collaborative work undertaken by Tom Nolan and Igor Dubus at the French Geological Survey.  Tom worked on development of a metamodel for the European FOOTPRINT project (FOOTPRINT, 2006) during 2006-2007.  That metamodel essentially is a large lookup table comprising results of millions of VZ simulations for a wide range of agro-environmental conditions.  The proposed NAWQA metamodel differs from the FOOTPRINT model in that the former is statistical in nature, and the underlying mechanistic component is calibrated to measured water-quality data.
Background

The proposed approach is loosely based on European metamodels (FOOTPRINT, 2006; Tiktak and others, 2006; Stenemo and others, 2007).  The FOOTPRINT project will provide tools to assess aquifer vulnerability at farm, watershed, and national scales.  As part of FOOTPRINT, Tom statistically analyzed output from nearly 1,600 VZ model simulations to identify key climatic factors (Nolan and others, in press).  This study successfully demonstrated the integration of mechanistic VZ modeling and statistical methods for identification of key predictors, which were subsequently used to develop improved climatic zones for pesticide risk assessment in Europe (Blenkinsop and others, in press).
Other European metamodels demonstrated strong statistical relations between VZ model output and soil and pesticide properties, resulting in R2 > 0.90 (Tiktak and others, 2006; Stenemo and others, 2007).  These metamodels are similar to what we propose here in that they used regression or neural networks rather than a lookup table.  However, these studies had several limitations.  Model predictions were not verified because the VZ models were not calibrated to measured data.  Unlike NAWQA, the European Union has yet to collect and analyze water-quality samples at large scales using consistent methods.  Neither Tiktak and others (2006) nor Stenemo and others (2007) effectively addressed uncertainties associated with VZ model parameters or with the metamodels themselves.  Lastly, model predictions were limited to depths of from 1 to 2 m which, in the case of Tiktak and others (2006), was a limitation of the model that was used.  Prediction of pesticide leaching at 1 m is the standard FOCUS scenario for pesticide registration in Europe (FOCUS, 2000).

A simple regression metamodel that accommodates various soil depths to 10 m was tested in the PODL ACT study (Webb and others, in press).  The underlying VZ model (LEACHM) was calibrated to measured bromide concentration and moisture content at a single intensive monitoring site, then distributed over the watershed to predict the loading of 12 pesticides and degradates to the water table.  The regression equation included soil depth and two VZ model parameters (pesticide half life and the organic carbon sorption coefficient), and had an R2 of 0.86 (n = 180).  Predictions of leached pesticides and degradates by the regression equation, as a percentage of applied mass, were comparable to those predicted by the more complex VZ model.
The above studies are proof-of-concept of metamodeling at various spatial scales.  Our study would be the first metamodel based on a VZ model that is calibrated to measured nitrate and pesticide data, and the first that provides uncertainty estimates.  We anticipate that calibration will improve VZ model accuracy and, therefore, that of the metamodel itself.
Approach for NAWQA metamodels
Development of a metamodel for NAWQA involves the following steps, which are shown along with manpower estimates in Table 1:

(1) Set up PEST (Doherty, 2004) or UCODE (Poeter and Hill, 1999) inverse-modeling software for RZWQM.  Perform initial sensitivity analysis at several sites to evaluate the sensitivity of RZWQM parameters and to identify potential “nonuniqueness” issues.  (Nonuniqueness results when several combinations of parameter values are identified as optimal, and can result from high degrees of correlation among input parameters.)  Analyze the uncertainty of model parameters based on confidence intervals provided by PEST.  During calibration we will focus on parameters that are sensitive and that can be uniquely estimated from the available data.  (We refer to PEST software in the remainder of the proposal, but may use Mary Hill’s UCODE software instead.)
(2) Determine reasonable bounds for adjustment of parameters during inverse modeling.  Parameters will be adjusted within specified bounds based on guidelines in the literature and in pesticide properties databases.  Based on past experience, sensitive parameters for adjustment are likely to include pesticide properties such as the organic carbon sorption coefficient (Koc) and transformation half-life (t1/2), as well as soil hydraulic properties such as water-retention parameters.  All other RZWQM inputs will come from the modeling infrastructure that has already been developed by Jack and Frank (pesticide and N loads, weather variables, boundary conditions, management practices, and remaining parameters not varied for the inverse modeling).
(3) Incorporate the PEST inverse modeling software into the current modeling infrastructure to enable autocalibration at each well.  Set up the PEST control files for each well.  Initial parameter values and bounds will change at individual sites depending on soil type and the compounds simulated.
(4) Set up a loosely coupled network of 6 – 10 computers for faster processing at calibration sites.  Each inverse modeling iteration involves several simulations, so the total number of simulations will likely be in the tens of thousands.  The total processing time based on the anticipated number of RZWQM simulations and a network of 6 computers would be 46 days.
(5) Conduct the inverse-modeling controlled RZWQM simulations for a subset of the 1,300 corn-belt wells that have detectable concentrations of nitrate, atrazine, and deethylatrazine.  Focusing on a subset of the sites makes the calibration more manageable.  This step is automated so related time estimates in Table 1 are mainly for troubleshooting and refinement of parameter estimates as necessary.  Start by calibrating RZWQM to water level and detectable concentrations of atrazine, deethylatrazine, and nitrate.  We anticipate conducting separate RZWQM simulations for nitrate and pesticides to minimize the number of parameters requiring estimation during a particular run.  A total of 800 corn-belt sites have detectable nitrate, and 470 sites have both detectable atrazine and deethylatrazine.  Conduct forward simulations at the remaining sites to obtain predicted concentrations at those sites.  The forward simulations will be informed by the optimal parameter values obtained during calibration.  In this manner, RZWQM would be used to impute concentrations at sites that lack detectable nitrate and pesticides, for use in subsequent statistical modeling.  Lastly, conduct additional forward simulations at all sites to predict concentrations of other pesticides, such as metolachlor and acetochlor (RZWQM is limited to three compounds per simulation).  The objective is to generate predicted concentrations for a wide range of soil and pesticide properties at various depths of interest, for input to the statistical model.
(6) Compile the PEST and RZWQM outputs.  PEST output will be organized to facilitate uncertainty analysis.  For example, bar charts will be constructed for selected sites to show parameter sensitivities and optimal parameter values with confidence intervals.  RZWQM output at all sites will be organized for subsequent statistical modeling.  Predicted concentrations of interest include those for pesticides and nitrate at 1-m depth, those for pesticides and nitrate at or just below the water table, and water flux at the water table (recharge).  Predictions at 1-m depth would be provided as a potential tie-in to the EPA OPP’s higher-tier risk assessment for pesticides in drinking water.  The EPA considers the 1-m depth to be protective of deeper ground water used for drinking; that is, if a pesticide does not pose a risk at 1 m, then it will not pose a risk to the deeper resource.  Regarding predictions at greater depth, RZWQM is a variably saturated model, meaning that it can predict concentrations in shallow ground water for comparison with the measured data; these predictions are the ones of interest for calibration by PEST.  Daily outputs will be aggregated to create the dependent variables for statistical analysis.  An example of a dependent variable would be the 80th percentile of nitrate or atrazine concentration at the water table after 10 years.
(7) Compare RZWQM-predicted concentrations at or just below the water table with measured values from the NAWQA monitoring wells.  At sites with censored data, check that predicted concentrations are less than the reporting levels.  Determine the need for refinement of parameter estimates and additional simulations.  Evaluate uncertainty by interpreting the RZWQM parameter sensitivities, correlations, and confidence intervals provided by PEST.  
(8) Develop metamodels by relating RZWQM output to key contaminant properties (e.g., Koc and t1/2 for pesticides) and mappable factors that are the driving variables and input parameters for RZWQM (e.g., precipitation, temperature, chemical loads, soil texture, organic matter content) (Fig. 1).  The actual form of the metamodel will depend on the outcome of the statistical modeling, which will identify the best predictors.  The relations may be nonlinear and/or nonmonotonic.  A neural network was used in a previous metamodel (Stenemo and others, 2007) and may be more appropriate here than regression.  Separate metamodels will be developed for nitrate and atrazine/deethylatrazine.  Depth may be included as an explanatory variable to predict contaminant concentration for any depth of interest in the modeling domain.
(9) Apply the metamodels in unsampled areas of the corn belt based on contaminant  properties and use of gridded input data (i.e., mappable factors) in a GIS.  The resulting aquifer vulnerability maps will show concentrations of nitrate and pesticides at the depth of interest (e.g., 1 m, or the water table).  Note that the pesticides metamodel is not limited to compounds used in the RZWQM simulations.  Any pesticide for which Koc and t1/2 are known can be input to the metamodel.  To address water quantity concerns, a map of recharge can be constructed for comparison with previous large-scale estimates, such as those obtained by Dave Wolock’s base-flow index method.  Evaluate overall model uncertainty based on metamodel residuals.  As mentioned previously, the metamodel residuals can be used with the predictions and parameter covariances to construct probability maps for the shallow ground-water case.
(10) Write the paper.  We anticipate at least one paper which would be entitled  “A calibrated metamodel for regional aquifer vulnerability.”

Cost

Tom and Jack are funded by National Synthesis, therefore the external cost to NAWQA just involves Frank Voss’s time.  Based on a total of 24 weeks of effort in FY09–10 and a loaded rate of $45.28, the labor cost of the project is $43,469.  Assuming $3,000 for travel, the total external cost is therefore estimated to be $46,469 (Table 2).
Frequently asked questions

Q:  Mechanistic models such as RZWQM are highly complex and commonly have > 100 parameters.  How can they be scaled up to regional/national scale?

A:  This has already been accomplished by the modeling system constructed by Voss and Barbash (http://water.usgs.gov/usgs/ogw/theis2005/presentations/barbash.pdf), as noted earlier.  For the current project, such scale-up will be accomplished by identifying the most critical model parameters and focusing on those.  Inverse modeling provides a “relative composite sensitivity,” which is a measure of the change in model output for a fractional change in the value of a parameter.  We will emphasize the most sensitive parameters (the ones with highest relative composite sensitivities) that can be uniquely estimated from the available data.  Finally, the statistical component of the model would filter out any parameters whose influence on the predicted results are found to be statistically insignificant.  The metamodel essentially is a reduced form of a highly complex model for application at large spatial scales.

Q:  Why not just base the metamodel on the forward simulations currently being conducted with RZWQM?

A:  We could do this as a starting point, but it’s been done before in situations where data were not available for calibration (i.e., European metamodels).  We are striving to improve metamodel accuracy through use of a calibrated vadose zone model.  Calibration by inverse modeling is fairly straightforward and, besides tightening up the predictions, effectively addresses parameter uncertainty.  Furthermore, uncertainty analysis is useful in itself (Poeter and Hill, 1997) and has been strongly recommended by the National Research Council (2002) for NAWQA Cycle II studies.

Q:  We have all these measured pesticides data.  Why do we need the mechanistic model?

A:  The mechanistic model is useful for predicting concentrations of compounds that are severely censored.  Also, purely statistical models neglect important vadose zone processes such as preferential flow.  Detection frequencies in Cycle I were < 25% for all pesticides except atrazine and deethylatrazine, and these two were detected in < 50% of ground water samples.  In cases of severe censoring (>50%), logistic regression must be used (Helsel and Hirsch, 1992); however logistic regression only yields probabilities.  Essentially, the mechanistic model is imputing concentrations on the low end that we can’t measure for use in subsequent statistical analysis.  Other quantities that we don’t routinely measure include pesticide concentration in soil at 1 m depth (for EPA higher tier risk assessment purposes), at the water table (for mass loading purposes), and water flux at the water table (recharge).  Any of these outputs can be used as the dependent variable in statistical models.

Q:  Why use a regression model for the statistical component of the metamodel?  Regression models can handle nonlinear relations, but what if the relations are nonmonotonic?

A:  We are not locked into a regression model.  We can relax the assumptions by using a neural network model, for which the type of relation does not have to be specified in advance.  For example, Stenemo et al. (2007) used a neural network model for output from MACRO.  Another method that has relaxed assumptions is Classification and Regression Tree (CART) analysis.
Q:  What if model parameter estimates such as unsaturated hydraulic conductivity aren’t related to mappable factors such as STATSGO data?

A:  Statistical associations will be examined between RZWQM model output and explanatory variables (pesticide properties and mappable factors such as soil texture and organic matter), but not for soil hydraulic parameters in the mechanistic model.  The soil hydraulic parameters only pertain to the fitting of the mechanistic model at the well locations, which will be handled through inverse modeling.  Based on previous studies, we anticipate that the RZWQM output will be highly correlated with a comparatively small number of pesticide properties, and with mappable factors that represent RZWQM input parameters.  The “DTK” model in Webb and others (in press) had only three variables (unsaturated zone thickness [D], half-life [T] and sorption coefficient[K]) and a limited number of predictions (n = 180), yet had an R2 of 0.86.  The DTK model captured the salient aspects of the underlying mechanistic model (LEACHM) used in the PODL.  European metamodels based on pesticide degradation rate, soil bulk density, organic matter, and other factors had R2 as high as 0.98.  Of course, we don’t know the actual outcome with these data until we try it, but any new study carries this risk.

Q:  OK, you will have a calibrated VZ model but what if the model predictions aren’t well correlated with pesticide properties and mappable factors after all?

A:  The worst case still involves two useful outcomes for NAWQA: (1) potentially more accurate predictions than from forward simulation and (2) quantitative uncertainty analysis.  The predictions can be used as explanatory variables in other statistical models (this is distinct from using the predictions as the dependent variable in statistical modeling, which is what we propose here).  Using mechanistic model predictions as explanatory variables in large-scale statistical models is a stated objective of Pesticides National Synthesis and the Hydrologic Systems Team.  Regarding (2), the National Research Council has stated that NAWQA water-quality modeling must consider uncertainty.  (See p. 131 in Opportunities to improve the U.S. Geological Survey National Water Quality Assessment Program (National Research Council, 2002)).  Inverse modeling in conjunction with NAWQA data would directly address this issue through parameter-uncertainty and sensitivity analysis.
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Table 1.(Project tasks, schedule, and time estimates.
	Task
	Who
	Wks.
	FY08
	FY09
	FY10

	
	
	
	Q1
	Q2
	Q3
	Q4
	Q1
	Q2
	Q3
	Q4
	Q1
	Q2
	Q3
	Q4

	(1) Set up and test PEST with RZWQM
	Nolan
	4
	
	
	
	
	
	
	
	
	
	
	
	

	(2) Determine bounds for adjustment of parameters
	Barbash
	4
	
	
	
	
	
	
	
	
	
	
	
	

	
	Nolan
	4
	
	
	
	
	
	
	
	
	
	
	
	

	(3) Incorporate PEST into model infrastructure
	Voss
	4
	
	
	
	
	
	
	
	
	
	
	
	

	(4) Set up loose network of PCs
	WA computer section1
	4
	
	
	
	
	
	
	
	
	
	
	
	

	
	Voss
	4
	
	
	
	
	
	
	
	
	
	
	
	

	(5) Conduct PEST-controlled RZWQM simulations
	Voss
	8
	
	
	
	
	
	
	
	
	
	
	
	

	
	Nolan
	4
	
	
	
	
	
	
	
	
	
	
	
	

	(6)Compile RZWQM outputs
	Voss
	4
	
	
	
	
	
	
	
	
	
	
	
	

	(7) Data interpretation
	Nolan, Barbash
	8

8
	
	
	
	
	
	
	
	
	
	
	
	

	(8) Develop metamodels
	Nolan
	8
	
	
	
	
	
	
	
	
	
	
	
	

	(9) Apply metamodels using a GIS
	Hitt
	2
	
	
	
	
	
	
	
	
	
	
	
	

	(10) Write paper
	Nolan, Barbash, Voss
	4

4

4
	
	
	
	
	
	
	
	
	
	
	
	


1no charge to the project

Table 2.(Project cost estimate for FY9 – FY10.
	
	Total time (weeks) over the two-year period
	External cost ($)

	Frank Voss
	24
	43,469

	Tom Nolan
	28
	NA1

	Jack Barbash
	16
	NA1

	Kerie Hitt
	2
	NA1

	Travel
	NA
	3,000

	   Total external cost
	
	46,469


1currently funded by National Synthesis
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Figure 1.  The NAWQA metamodel is based on Root Zone Water Quality Model (RZWQM) output, contaminant properties, and mappable factors.  The mappable factors comprise the driving variables (e.g., climate) and input parameters of RZWQM.  An example of RZWQM output is the 80th percentile atrazine concentration at the water table after 10 years.
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