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Abstract

Ecopath with Ecosim has become the most widely adopted modelling framework to facilitate a more holistic, ecosystem-based approach to fisheries management.  Ecopath, a key component of this model, takes information on consumption rates, feeding habits, production rates, and fishing yields to construct a static mass-balanced food web model depicting the standing stocks and flows of organic matter between food web compartments.  I evaluated the sensitivity of Ecopath predictions to uncertainty in input data and determined the extent to which these predictions were improved via the mass-balance constraint on model solutions.  I used nine published Ecopath models as operational models, added specified degrees of error to input variables, and then determined how well Ecopath could uncover the true model structure.  I focused on Ecopath’s ability to precisely estimate group biomass and “ecotrophic efficiency” (the proportion of a groups total mortality explicitly represented in the model by predation and fishing).  Ecopath error predictions were approximately as precise as the input variables, except in cases of tightly linked cycles of food web connections when errors become greatly amplified.  The process of model balancing,  which involves iterative adjustments of model parameters to ensure a mass-balanced model, had little effect on the magnitude of prediction errors.  Moreover, accurate information about the source of imprecise data, which dictate the process by which users adjusted input parameters, had little impact on prediction precision.  Lastly, Ecopath predictions were most sensitive to the precision of the biomass and production rate input data and only occasionally sensitive to consumption rate and feeding habits data.  Taken together, these results suggest that the precision of Ecopath-derived estimates of biomass and ecotrophic efficiency are generally no better or worse than the precision of the input data.  

Introduction

Fisheries science is undergoing a shift from an emphasis on single-species based assessments and policy making to more holistic multi-species and ecosystem-based approaches (Larkin 1996; Link 2002; Pikitch et al. 2004).  This transition is motivated in part by the growing recognition that fishing has both direct and indirect impacts on marine ecosystems through the shifts in food webs that accompany targeted removal of marine life (Jackson et al. 2001; McClanahan and Arthur 2001; Worm and Myers 2003; Frank et al. 2005).  Thus, fisheries planning and policy making requires additional technical tools to compliment the already well-developed single-species assessment methodologies.  These tools are needed to facilitate an exploration of how food webs have responded to fishing, and the implications of these responses for sustainable fisheries. 

A diversity of analytic tools have been developed to foster evaluation of fisheries in an ecosystem context (Whipple et al. 2000).  These tools include network analysis (Baird et al. 1991; Ulanowicz 1996; Ulanowicz 1997) , body size analysis (Kerr and Dickie 2001), inverse modeling (Savenkoff et al. 2004), and multi-species extensions of assessment models (Anderson and Ursin 1977).  One of the most widely used tool in recent years has been the trophic-mass balance model Ecopath.  Originally designed by Polovina (1984), Ecopath has been extensively developed to facilitate the synthesis of relevant data, the calculation of ecosystem indicators, and the exploration of the policy implications of food web interactions (Pauly et al. 2000).  Presently, an integrated software package is freely available (http://ecopath.org) that links the static mass-balance Ecopath model with Ecosim, a dynamic food web model that simulates food web responses over time to natural and anthropogenic disturbances (Christensen and Walters 2004).

Arguably, one of the most beneficial uses of Ecopath with Ecosim (EwE) is as an exploratory, heuristic model that can identify possible unintended alterations of trophic interactions caused by management actions.  Here the interest is not in the accurate prediction of a single outcome, but rather in the identification of possible outcomes and key uncertainties through policy “gaming” where potential unforeseen consequences of management actions can be revealed (Walters 1986).  A second potential use of EwE is as a prediction tool, analogous to the manner that single-species assessments are routinely used to make policy decisions.  Here the focus is on the precise estimation of policy-relevant parameters such as stock biomass, fishing mortality rates, and maximum sustainable yield.   If EwE is to be used in this context, then a formal analysis of the predictive capability of the model is needed.  The present study begins an evaluation of the predictive capability of EwE by focusing on predictions arising from the static Ecopath model.  
The Ecopath model is a key initialization step in the EwE modeling process, in which users input biomass, production rates, consumption rates, fisheries yields, and food habits for members of the food web, and use this information to create a mass-balanced model of the trophic flows and standing stocks within the food web.   At least three questions are germane to evaluating Ecopath-derived predictions.  The first, how sensitive is the model to errors in input-variables, and is this sensitivity dependent on the underlying food web structure?  Second, does the constraint of mass-balance and the ability to exclude particular parameter combinations improve one’s ability to identify the correct parameter values?  Finally, does the multiplicity of model solutions and the subjective process of model balancing lead to divergent predictions among users that are building their models from identical data?  The first type of question is commonly evaluated for single-species assessment models (NRC 1998).  Appreciating the other concerns requires some understanding of the structure and assumptions of the model.    In Ecopath, model solutions are constrained to satisfy the conservation of mass, so one can immediately recognize whether the input data are internally consistent.  For instance, one’s best estimates of biomass, consumption, production, and food habits for each component of a food web might indicate that there is insufficient production of one or more groups to support the demands of predators and fisheries.  The Ecopath user, now alerted to the internal inconsistency in the input data, typically revisits, revises and reconsiders the input parameter estimates in an iterative fashion until a balanced model is achieved.  Thus, it is important to understand whether the process of model balancing leads to more accurate predictions i.e.,  does the constraint of mass-balance and the ability to exclude particular parameter combinations improve ones ability to identify the correct parameter values?  Lastly, because these models have a large number of input parameters (typically far more input parameters than output parameters), there may be multiple ways to balance a model that lead to multiple predictions based on the same initial data.
The present study was conducted to explore these issues through a formal simulation testing of the Ecopath model.   The specific questions addressed here were:  (1) Are particular food web structures more or less sensitive to errors in input variables? (2) How divergent are Ecopath solutions derived from multiple users? (3) Does the process of model balancing improve the accuracy of predictions? (4) Are predictions improved by accurate information about the precision of input data? (5) Is Ecopath sensitive to errors in particular input data types? My focus was on the ability of Ecopath to predict biomass and “ecotrophic efficiency” (the proportion of a groups production that is explicitly accounted for by predation and fishery losses) – Ecopath is most commonly used to predict these two variables, and they have direct policy relevance.   Biomass estimation is a critical component of fisheries management, and ecotrophic efficiency describes how tightly each group’s production is linked to their predators and to fishing.  Thus, the direct and indirect effects of fishing are related to the ecotrophic efficiency estimates.
Methods
The Ecopath Model

The Ecopath master equation assumes the dynamics of each species or aggregated species group i is described by the difference between production, losses to predation, losses to fishing, and losses to other unspecified sources:
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Eqn 1
where Bi is biomass, 
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 is the production to biomass ratio, Yi is the annual catch, pji is the fraction of predator j’s consumption that consists of species i, and 
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 is the consumption to biomass ratio of predator j.  The last term (M0i) describes other mortality whose source is not explicitly represented by predation and fishing.  This term is generally rearranged as 
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, where EEi is the “ecotrophic efficiency” of the model for group i, and depicts the fraction of the total mortality that is explicitly represented in the model in the form of predation and fishing mortality.  

In practice, users typically input production, consumption, diet composition, and fisheries yields for all groups.  Biomass is an input into the model when independent estimates are available, and the Ecopath model calculates ecotrophic efficiency.  When biomass is unknown, users input ecotrophic efficiency (often based on default assumptions or intuition), and Ecopath calculates biomass.

Simulation Testing Overview

The simulation testing required three separate steps.  The first was to gather multiple pre-existing Ecopath models and develop algorithms to selectively incorporate variance into their model parameters.  The second was to create algorithms to simulate the process of model balancing that an Ecopath user might follow when attempting to balance an Ecopath model based on these data.  The third used the existing Ecopath models as operational models in a simulation testing framework, whereby I evaluated the extent to which the Ecopath modeling process could accurately recover the true underlying model parameters when there was error in the model input variables.

Operational Models

I used nine published Ecopath models to serve as operational models for simulation testing (Table 1).  I used these models as “hypothetical realities” to which I could add error in input variables and then determine how well Ecopath could recover the true underlying food web structure.  These models were chosen to provide a wide range of model structures in terms of complexity, and connectedness.  The models ranged from having 15 to 51 functional pools, and from 42 to 335 predator-prey linkages.  The intensity of individual predator-prey linkage was assessed by the proportion of each group’s total mortality that was accounted for by each predator (Pz).  Mean Pz ranged from 0.06 (Hecate Strait) to 0.23 (Central N. Pacific). 
Test datasets were generated from these balanced models by first specifying the number of biomass estimates that are provided as inputs and by extension, the number of EE estimates that are provided.  I then generated Ecopath input data by adding log-normal observation error to all non-zero parameters.  Separate coefficients of variation (CV) were specified for each model input type.  For instance, given a specified CV for biomass inputs, the biomass input data for group j (Binput,j) which has a true value of Bj, equaled
Binput,j = Bj Vj






Eqn 2
Where Vj is a log-normally distributed random variable with a mean of 1 and a variance 2.   For simplicity, fishing yields were assumed to be known without error. 
Model Balancing Algorithms
I developed an algorithm to simulate the iterative parameter adjustments that an actual user might make to create a balanced Ecopath model.  The algorithm was an iterative, step-wise processes whereby each step involved selecting a parameter, changing the value of that parameter, evaluating an objective function, and then following a decision rule to accept or reject the new parameter value.  This process was repeated until the model was balanced.  Two variants of the model were developed, each of which differed with respect to how parameters were selected and the manner by which their values were changed.
The first algorithm variant (termed “simple”) used little information about the interdependence of model parameters and their effects on the model balance in the selecting parameters.  This algorithm selected a parameter at random from all possible input parameters, but with a specified bias for parameters of the unbalanced group and for parameters of all predators on that group.  The degree of bias was arbitrarily chosen after some experimentation to reach a balance between allowing the algorithm to explore several possible model solutions and improving the chance that parameter perturbation will improve the model fit. I used a bias of 10x, which meant that the probability of selecting any one of these parameters was 10 fold greater than selecting any one of the other parameters.  Once selected, parameters were perturbed by a random increment symmetric around 0, the range of which varied to achieve a 20% acceptance rate (Gelman et al. 1995).   Only non-zero parameters could be adjusted, which meant the algorithm could not introduce a new diet item in a predator’s food habits or create a new fishery where one did not exist. 
The second algorithm (termed “sophisticated”) selected parameters based on explicit consideration of their effect on the model’s balance.  This explicit consideration was based on the partial derivative of EEi (where i is the group out of balance) with respect to all other model parameters (EEi/x).  For most parameters, this algorithm only considered the direct effects of parameter x on EEi i.e., it did not consider the effect of parameter x on other parameters that may directly effect EEi.   However, EE and PB inputs of other groups directly affect group biomass and thereby can change the predatory demand of those groups feeding on group i.  For that reason, the algorithm also considered the indirect effects of these input parameters on EEi in the calculation of EEi/x.   A parameter for perturbation was then chosen by making the probability of selecting parameter x proportional to the magnitude of  EEi/x.  Once selected, the size and direction of the perturbation was determined by:

Perturbation = - 1.5 U EEi / (EEi / x)


Eqn. 3
where U was a uniform random number between 0 and 1,  EEi is the difference between EEi and the target level of EEi (at most 1).  This algorithm is essentially equivalent to the one developed by Kavanagh et al (2004), but differs in that it adjust parameters individually rather than simultaneously and allows for adjustment of all inputs rather than only biomass and diet compositions.  These differences simply reflect the different intended uses of the present algorithm and the one developed by Kavanagh et al. (2004).
Once a parameter was selected and perturbed, unknown parameters were calculated from the Ecopath model.  Based on the new solution, the perturbed parameter value was either accepted or rejected according to an objective function that considered both the improvement in the model balance and how far the new parameter value had been changed from the original parameter estimate.  The latter was motivated by the notion that most users are reluctant to radically alter input data from their initial estimates.  The degree of model fit was measured as the likelihood of max(EEi, target EE) from a normal distribution with a mean equal to the target EE and a standard deviation .  A small  presumes steep increases in the objective function with small improvements in EEi.  For that reason, I adopted the approach of Kavanagh et al. (2004), I allowed  to change throughout the model fitting, beginning at a large value (e.g., 0.1), and decreasing with each iteration.  This “simulated annealing” algorithm greatly improves the efficiency of calculation while also permitting a thorough exploration of parameter space.  The second component of the objective function relates the deviation of each input parameter (x) from the original (nominal) input parameter estimates (
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).  This component of the objective function was based on a log-normal likelihood function, where the magnitude of the penalty for adjusting parameters away from the nominal was determined by a specified coefficient of variation (CVx).  In this way, it was possible to consider simulations where users had high confidence in parameter estimates and are therefore reluctant to change them (small CVx) or where users had little confidence (large CVx).  The overall objective function (F) was the product of the model balance function and the parameter perturbation function:
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Eqn 4
Parameter perturbations were accepted or rejected according to a Metropolis- Hastings algorithm.  Briefly, parameter perturbations that led to an improvement (increase) in the objective function were always accepted.  Parameter perturbations that led to a reduction in the objective function were accepted with a probability equal to the ratio of the new : old value of the objective function. 

In theory, the target EE could be set equal to 1 because this represents the condition where the mass-balance is upheld.  Yet, this is really a boundary condition representing the transition from an unbalanced to balanced model, and it is vanishingly unlikely that any model would actually explain 100% of the production of any particular group.  Instead, users generally attempt to reduce EE to some value less than 1 (e.g., 0.95).  I therefore set 0.95 as the default target EE, except for cases when one of the input EE values exceeded 0.95.  In the latter case, I set the target EE equal to the largest of the input EE. 

Model Simulations
The first series of simulations was intended to address how particular food web configurations alter the sensitivity of Ecopath predictions to error in input variables.  I added a small (5% CV) random error to all input data types and estimated the mean prediction error for the calculated biomass and ecotrophic efficiency estimates.  This procedure did not include model balancing, but instead was intended to identify local sensitivity of the model predictions and to evaluate how this varied among food web models.   I generated 500 random data sets from each operational model and calculated the prediction error variance for each data set.  For example, the prediction error of biomass predictions from each data set was calculated from:
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Eqn. 5
where ni is the number of biomass estimates predicted by the model, Bi is the true biomass, and Bi,est is the estimated biomass for group i.  The same calculations were used to estimate prediction error for EE predictions.  

The second series of simulations sought to explore whether users tended to converge on similar model solutions.  For these simulations, I generated 15 random data sets from each model and simulated 15 users for each data set.  Error in all input variables was set to 20 %, and the user confidence CV was also set to 20% (that is, the users had a level of confidence in the data that was commensurate with the actual precision in the data).  Prediction error for each data set was calculated in a similar manner described above:
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Eqn 6
where 
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is the biomass estimate for group i averaged over all 15 users.  Inter-user variance was defined as the deviation of individual user’s estimates from the mean of all user’s estimates.  For biomass, inter-user variance was:
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Eqn. 7
where nk is the number of users, Bi,k is the biomass estimate of group i from user k, and all other notation is the same as in Eqn 6.  Again, EE error was calculated in an analogous fashion.
In the third set of simulations, I evaluated whether prediction errors were improved through the process of model balancing by comparing error variances prior to and after the model balancing algorithm had adjusted the input parameters.  This simulation was also based on 15 randomly-generated data sets for each model and fifteen users for each data set.  For each model ecosystem, the mean (SE) % error reduction was calculated, and I used a random effects model (Shadish and Haddock 1994) to test the null hypothesis that the error reduction was greater than zero.
The fourth series of simulations compared the ability of Ecopath users to reduce the prediction error through model balancing under conditions when they did or did not possess accurate knowledge about the precision of their input data.  To simulate user’s awareness of input data precision, I adjusted the user confidence (expressed as a CV) so that a low confidence for a data input type e.g., 
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, would imply that users are comfortable adjusting parameters of that type.  I adjusted the precision of the input data through the specified CV for each data type (B, 
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, and diet composition) so that one group had an input error CV of 20% while the remaining groups had a CV of 5%.  I then determined whether users were better at reducing the error variance when their confidence in input parameters matched the input error variance.  I refer to cases when users confidence matched the input parameter precision as “informed”, and the cases when users confidence are identical for all data types as “naïve”.  The statistical significance of the mean error reduction between informed and naïve users was tested using a random effects model.

The final set of simulations identified which input parameters had the greatest influence on the prediction error variance.  This set of simulations incrementally adjusted the input data CV for a single input data type from 2.5% to 25% while keeping the remaining input data CV at 0.1%.  Prediction error variance was calculated for each simulation in the same manner described above (15 data sets with 15 users each) and a line was then fit to the relationship between prediction error CV and input data CV.  This line reflects the relative sensitivity of Ecopath predictions to each group, such that values less than 1 indicate low sensitivity and values greater than 1 indicate high sensitivity.

Results

The first set of simulations evaluated the local sensitivity of Ecopath predictions to variance in input parameters in the absence of any model balancing.  When input data had a coefficient of variation of 0.05, the prediction errors models had prediction error CVs of 10% or less (Figure 1).  However, three of the nine models had much larger mean prediction errors: W. Bering Sea (17%), S. Puget Sound (13%) and E. Weddell Sea (27%).   These were also the only models that ever had prediction error CV that exceed 30%.   There was no significant relationship between either biomass or EE prediction error and any of the food web attributes listed in Table 1 (p > 0.5 in all cases).  Closer inspection of individual model runs indicated that large mean prediction errors were driven by a subset of cases in which the prediction errors were substantially greater than the mean (Figure 1).  Moreover, the functional groups that were poorly estimated in each model were consistent across model runs.  That is, these large prediction error variances were caused by a consistent failure to accurately estimate biomass and EE of a subset of functional groups in each model.
I examined the pattern of predator-prey linkages of the groups that were susceptible to large prediction errors in the E Weddell Sea, S. Puget Sound, and W. Bering Sea operational models, and found a shared food web configuration surrounding those groups (Figure 2).  Namely, each model contained tightly linked 0-order (cannibalism) or 1-order cycles between one or more groups.  By far the largest prediction errors were associated with the E. Weddell Sea ecosystem, and that was caused primarily by a failure to predict biomasses and EEs of crustaceans and Ophiuroideans (which then cascaded down to their prey).  These groups were centered in a cluster of intense cycling of biomass, with crustaceans comprising the dominant component of Ophiuroidea mortality and Ophiuroidea predation comprising the dominant component of crustacean mortality.  They also share a third common predator (polychaetes), which were, in turn, heavily preyed upon by crustaceans.  Lastly, there was intense cannibalism among the crustacean group.  The other two ecosystems shared these attributes.  In the S. Puget Sound model, there was intense cannibalism and intra-guild predation among predatory invertebrates, grazing invertebrates and shellfish, which caused the prediction error on all three of these groups to amplify input error.  Similarly, the W. Bering Sea model contained a combination of intra-guild predation and cannibalism in the food web module centered around “other benthos” and polychaetes that created hypersensitivity to input data error.  

By simulating the process of model balancing with imprecise input data, I compared the magnitude of inter-user variation to prediction variation. In general, inter-user variation was smaller than the prediction error variance (Table 2).   For the simple algorithm, inter-user variance averaged 32% of the prediction error variance (range = 15% - 52%).  For the sophisticated algorithm, inter-user variance was smaller, averaging 20% of the prediction error (range = 6% to 41%).  The reduced magnitude of inter-user variance from the sophisticated algorithm implies that the rules dictating parameter perturbation in this algorithm tended to push users towards similar model solutions.  
For both model balancing algorithms, the process of model balancing had a larger effect on EE estimates than on biomass estimates but reduced prediction errors for both (Figure 3).  Prediction errors for EE were reduced by approximately 12% from the initial pre-balanced estimates, and these differences were statistically greater than zero (P < 0.05).  In contrast, biomass prediction errors were reduced by approximately 2 – 3 % from the initial pre-balanced estimates and this reduction was only significant for the sophisticated algorithm (Figure 3).  The marked difference between EE prediction improvements and biomass prediction improvements can be understood by recognizing that EE is used as the diagnostic to identify unbalanced models.  Thus, the range of possible prediction error in EE is reduced because the maximum possible EE is constrained by the mass-balance of the model.  No such diagnostic or constraints exist for biomass estimates, except for very badly parameterized models in which biomass estimates may become negative.
Accurate information concerning the precision of input data types had a modest effect on Ecopath prediction errors.  The difference in the CV of biomass prediction error between informed users and naïve users ranged from 0.01 to 0.03, and was not significantly different among input data types.  For EE prediction errors, a similar range was seen (Figure 4), and again was independent of the input source error.  None of the differences between informed and naïve users were statistically significant from zero, implying that accurate information on the precision of categories of input data had little affect on the prediction accuracy.
Ecopath-derived estimates of biomass and EE were consistently sensitive to error in input biomass and 
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 (Figure 5).  This can be understood by recognizing that the Ecopath master equation seeks model solutions that balance total production to total losses.  Total production is calculated from the product of biomass and 
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.  Thus, error in these variables translates directly into error in predicted biomass or EE.  The sensitivity to 
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 and diet composition was more variable among operational models. For most models, biomass and EE prediction errors were only modestly affected by error in these input variables.  Only the W. Bering Sea and E. Weddell Sea operational model had a sensitivity coefficient >1 for diet composition input data, and Baltic Sea and E. Weddell Sea operation model had sensitivity coefficients >1 relating 
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 to biomass prediction errors.  These models all contain several tight predator prey linkages whereby individual predators account for a large portion of a prey groups mortality.  

Discussion

The simulations presented here suggest that the precision of biomass and ecotrophic efficiency predictions from Ecopath are roughly equivalent to the precision of the input data and that the process of model balancing produced minor reductions in prediction error.  Moreover, accurate information concerning the source of imprecise data was of little help in improving the precision of Ecopath’s predictions.  To some these results may be unsurprising; bad data led to bad predictions.  Others, who may have hoped that the mass-balance constraint of Ecopath models would provide a check to prevent poor predictions, may be surprised to see how little the mass-balance constraint affected model predictions.  Yet, these simulations also indicated that Ecopath prediction errors are not equally affected by all data types, and that biomass and 
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 are the two input data sources that were most consistently influential.  Though it is difficult to ascertain exactly how imprecise biomass and 
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 estimates commonly are, most would agree that they are known with much greater certainty than feeding habits which are highly variable in space and time.  Thus, the greatest source of data imprecision did not consistently have the greatest impact on the model predictions considered here. 
This analysis also revealed that particular configurations of food web models were especially prone to prediction error.  Specifically, tightly linked sub-units of food web linkages shared between a small number of species produced highly unstable estimates of group biomass and ecotrophic efficiency (Figure 2).  The most tightly linked food web configuration is one in which cannibalism represents a dominant component of a groups total mortality (a 0-order cycle).  If one did not have a biomass input for this group, biomass would be estimated as consumption from other predators (Cji) divided by EEi PBi – pii QBi.  The sensitivity of the biomass estimate to the inputs EE, PB, pii, and QB are all proportional to (EEi PBi – pii QBi)-2, which becomes very large when pii QBi comprises a large portion of the total mortality explained by the model (pii QBi (EEi PBi).   Thus, when most production is dissipated by consumption within the same group, it is extremely difficult to precisely estimate biomass or ecotrophic efficiencies.  The same difficulties arise when there are cycles among a small number of groups.  The Ecopath documentation is careful to warn users against these types of model configurations, yet it is noteworthy that three of the nine models selected in this study contained them.
Practically speaking, food web configurations like these typically arise when modeled groups are overly aggregated.  That is, intense cannibalism within a group is actually comprised of structured interactions between dissimilar components of that group.  These may be different sized organisms of the same species (represented as a homogeneous biomass pool in the model) or they may consist of multiple species aggregated together as a single functional group.  These types of aggregation errors can lead to highly inaccurate predictions in dynamic models (Punt and Butterworth 1995).  Ecopath-derived predictions of biomass and ecotrophic efficiency would therefore seem to benefit from a thorough diagnostic exploration of food web structure to identify cases in which aggregation has caused an erroneous representation of tight cycling of mass between a few groups or within a single group.

Kavanagh et al. (2004) suggested that Ecopath users should only adjust biomass and diet composition inputs when balancing their models because these types of input data tend to be least precise.  Yet, these simulations suggest that accurate knowledge about which data types were imprecise did little to improve the prediction accuracy of the model estimates; users tended to converge on similar solutions given the same initial data set, regardless of how comfortable they were adjusting parameters of a known imprecise data group.  This result may be an artifact of the model balance algorithm developed here, but it is difficult to evaluate the extent to which these algorithms simulated the types of decisions that actual users make.  To be sure, the model balancing algorithms share many of the same features of decision making that an actual user might make: a user wants a balanced model and wants to adjust their parameters as little as possible to do so (Kavanagh et al. 2004).  Thus, initially the user should be reluctant to attempt to balance the model through radical alterations in parameter values, because these are typically derived through the painstaking work of literature review and data mining (Pauly et al. 2000).  After many iterations that still have not produced a balanced model, the user realizes that the extent of error in the input variables is perhaps greater than the user had first considered, and therefore is motivated more strongly by the desire to achieve a balanced model than to maintain a parameter set that closely matches the initial values.  The algorithms used in the present study attempted to simulate this process.  Importantly, both algorithms performed similarly, indicating that the manner by which parameters are selected and perturbed in the model balancing process did not have an undue influence on the final prediction errors.
This paper only examined the precision of quantitative predictions derived from the Ecopath mass-balance modeling approach.  There are many uses and benefits of modeling other than quantitative predictions, and in many cases these alternative uses may be the most important products from a modeling exercise (Walters 1986).  These uses include identification of key uncertainties and gaps in knowledge, “gaming” to explore viable alternative representations of reality, and finally an improved understanding of the ecological network that supports fish and fisheries production.  These benefits are unrelated to the specific quantitative predictions from the model.  Moreover, the benefits of a model, even if its intended use is to provide predictions, are not necessarily related to the precision of those predictions (Hooke and Pielke 2000).  Relatively imprecise models, coupled with a thoughtful exploration of uncertainty, can advise and inform policy decisions.
The present version of the EwE software contains algorithms that permit users to explore the uncertainty of model solutions resulting from imprecise input data.  For instance, the “Ecoranger” routine allows users to specify probability distributions instead of point estimates for input data, and use a sampling-resampling algorithm to generate probability distributions of model solutions (Christensen and Walters 2004).  As indicated by Plaganyi and Butterworth (2004) and suggested by the results of the present study, this utility has tremendous potential to improve the implementation of Ecopath as a prediction tool by alerting users to the full range of potential model solutions.  Moreover, the dynamic component of the EwE model, Ecosim, can also be used to improve the precision of the Ecopath representation of the true food web structure.  By fitting time series data to simulated food web dynamics, implausible food web configurations can be identified and remedied (Walters and Martell 2004).  The precision of model predictions derived from Ecopath and time-series fits to Ecosim simulations remains an important topic for future analysis.
This work was motivated by the desire to better understand how variance in Ecopath model inputs propagate into error in commonly predicted model outputs.  This work did not compare the Ecopath model to other food web modeling approaches, so it is not possible at this time to evaluate how Ecopath predictions compare with those derived through alternative methods.  Consequently, the potentially low precision of Ecopath-derived predictions should not be viewed as an indictment of the entire modeling approach.  Perhaps the most salient question for future study is whether policies conceived in part from Ecopath-based predictions perform better or worse than those made without consideration of food web structure.  Given the irreducible uncertainties in ecological forecasting and the impossibility of knowing the “correct” model to use (McAllister and Kirchner 2002), the model averaging approach advocated by Clark et al. (2001) may ultimately be the most robust and scientifically defensible approach to advise policy.
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Table 1.  Summary and characteristics of operational models used in the present study.
	Model
	Reference
	Number of living groups
	Mean Pz (max)
	No. linkages

	Baltic Sea
	(Harvey et al. 2003)
	15
	0.18 (0.95)
	42

	W. Bering Sea
	(Aydin et al. 2002)
	47
	0.06 (0.97)
	371

	Central N. Pacific
	(Essington in press)
	15
	0.23 (0.96)
	72

	Central Chile Coast
	(Neira et al. 2004)
	21
	0.11 (0.66)
	52

	N. Great Barrier Reef
	(Gribble 2003)
	23
	0.15 (0.88)
	189

	Gulf of St. Lawrence
	(Morissette et al. 2003)
	31
	0.09 (0.81)
	297

	Hecate Strait
	(Ainsworth et al. 2002)
	51
	0.06 (0.75)
	371

	S. Puget Sound
	(Preikshot and Beattie 2001)
	50
	0.08 (0.67)
	335

	E. Weddell Sea
	(Jarre-Teichmann et al. 1997)
	19
	0.21 (0.93)
	69


Table 2.  Mean (SD) inter-user and prediction error expressed as CV for each operational model and model balancing algorithm.
	
	Simple Algorithm
	Sophisticated Algorithm

	
	Inter User Error (SD)
	Prediction Error (SD)
	Inter User Error (SD)
	Prediction Error (SD)

	Baltic Sea
	
	
	

	Biomass
	0.12 (0.09)
	0.41 (0.19)
	0.06 (0.07)
	0.45 (0.17)

	EE
	0.08 (0.05)
	0.32 (0.10)
	0.03 (0.02)
	0.43 (0.24)

	W Bering Sea
	
	
	

	Biomass
	0.20 (0.07)
	0.46 (0.09)
	0.13 (0.07)
	0.42 (0.1)

	EE
	0.13 (0.03)
	0.39 (0.13)
	0.06 (0.03)
	0.32 (0.08)

	Central N. Pacific
	
	
	

	Biomass
	0.09 (0.05)
	0.35 (0.09)
	0.16 (0.12)
	0.40 (0.08)

	EE
	0.07 (0.04)
	0.3 (0.07)
	0.04 (0.03)
	0.27 (0.06)

	Central Chile Coast
	
	
	

	Biomass
	0.14 (0.12)
	0.43 (0.30)
	0.09 (0.13)
	0.44 (0.19)

	EE
	0.08 (0.04)
	0.29 (0.07)
	0.04 (0.02)
	0.36 (0.12)

	N. Great Barrier Reef
	
	
	

	Biomass
	0.18 (0.02)
	0.36 (0.11)
	0.07 (0.05)
	0.38 (0.13)

	EE
	0.13 (0.03)
	0.30 (0.08)
	0.05 (0.04)
	0.32 (0.12)

	Gulf of St. Lawrence
	
	
	

	Biomass
	0.14 (0.03)
	0.38 (0.08)
	0.16 (0.08)
	0.45 (0.15)

	EE
	0.10 (0.01)
	0.32 (0.05)
	0.07 (0.03)
	0.34 (0.07)

	Hecate Strait
	
	
	

	Biomass
	0.17 (0.03)
	0.38 (0.06)
	0.12 (0.07)
	0.40 (0.07)

	EE
	0.19 (0.11)
	0.36 (0.08)
	0.06 (0.04)
	0.33 (0.08)

	S. Puget Sound
	
	
	

	Biomass
	0.12 ( 0.07)
	0.41 (0.13)
	0.06 (0.07)
	0.40 (0.07)

	EE
	0.10 (0.06)
	0.39 (0.25)
	0.06 (0.08)
	0.36 (0.09)

	E. Weddell Sea
	
	
	

	Biomass
	0.08 (0.07)
	0.54 (0.21)
	0.05 (0.04)
	0.54 (0.15)

	EE
	0.07 (0.06)
	0.32 (0.09)
	0.04 (0.03)
	0.47 (0.20)


Figure Legends
Figure 1.  Box plots of biomass and ecotrophic efficiency (EE) prediction error (CV) for each of nine operational model food webs.  Boxes depict the 25th and 75th percentile, and lines depict the 5th and 95th percentile, and individual points indicate observations outside of the lower and upper 5th percentiles.  

Figure 2.  Food web modules giving rise to large prediction errors in the E. Weddell Sea, S. Puget Sound, and W. Bering Sea models.  The width of the arrows is approximately equivalent to the magnitude of energy flow between predator and prey (arrows point towards prey species), and the shaded boxes indicate those groups that were poorly estimated.

Figure 3.   Reduction in prediction error (% of initial error CV) following model balancing for biomass (filled bars) and EE estimates (empty bars) using two model balancing algorithms.  Asterisks denotes reduction that is significantly greater than zero (P<0.05).

Figure 4.   Mean difference in prediction error CV between simulated users with (“informed) and without (“naïve”) accurate information about the source of input data error.  Error bars depict 1 SD. 
Figure 5.  Slopes relating prediction error CV to input error CV for each input type and operational model.  Slopes greater than 1 indicate amplified variance, while slopes less than 1 indicate dampened variance. 

Figure 1.
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Figure 5.
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