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A B S T R A C T   

The ecosystem modelling complex ‘Ecopath with Ecosim’ has been implemented extensively in the field of 
marine science; however, despite its widespread application, descriptions of its functionality remain arcane in 
the literature. This study conducts an evaluation of the software’s prediction capacity using eight published 
Ecopath models. Response of six ecosystem-status indicators to four basic input variables to which imprecision 
had been added was investigated. Kempton’s Q Index and total system throughput emerged as the most 
consistently responsive parameters. Moreover, input biomass was identified as a ‘high-leverage’ parameter, its 
influence on outputs being greater than that exerted by any other input variable. This study constitutes one of the 
first comprehensive investigations of the response of selected outputs to imprecise input values, and provides 
sufficient basis to warrant a sensitivity assessment of the software, as well as introduction of a dedicated tool to 
perform such a task within Ecopath with Ecosim.   

1. Introduction 

Ecopath with Ecosim (hereinafter EwE) is a freely available 
ecosystem-modelling complex for analysis of anthropogenically exploi-
ted aquatic ecosystems. EwE affords a quantitative and species-based 
representation of any aquatic system of interest, enabling construction 
and analysis of food-web models through a suite of ecosystem-level 
simulations (Christensen and Walters, 2004). The Ecopath approach 
was advanced originally by Polovina (1984a, b) to estimate the biomass 
of distinct components, i.e. species or groups of species, of the French 
Frigate Shoals system, in the north-western Hawaiian Islands (Heymans 
et al., 2016). Ecopath was integrated thereafter with diverse approaches 
in theoretical ecology, in particular those advanced by Ulanowicz 
(1986), regarding analysis of flows amidst separate components of a 
given ecosystem. The Ecopath system has undergone extensive devel-
opment since 1990 (Christensen and Pauly, 1992), culminating ulti-
mately in the integrated software package ‘Ecopath with Ecosim’ 
(Christensen and Walters, 2004). 

The Ecopath approach has long been utilised within the field of 
marine science, from analysis of fisheries management, aquaculture, and 
general marine ecology, to assessments of climate change, pollution, and 
offshore platform impacts (Piroddi et al., 2011; Niiranen et al., 2013; 
Colléter et al., 2015; Serpetti et al., 2017). In the context of fisheries, for 
example, EwE allows scientists to (i) envision alterations in exploited 
fish communities, as a result of management measures, (ii) substantiate 
accuracy of such predictions, and ultimately, (iii) inform decision 
makers with regard to probable outcomes and consequences of 
distinct-management actions (Munro, 2011). In this regard, EwE affords 
two complementary uses: exploration and prediction (Essington, 2007). 
When utilised as an exploratory tool, Ecopath enables construction of 
heuristic models to explore scenarios of unforeseen alterations to trophic 
interactions that may derive from enforcement of management strate-
gies (Essington, 2007). In exploratory applications, the focus is on 
discernment of prospective outcomes and uncertainties through the 
process of policy gaming – i.e. implementation of gaming-simulation to 
assist policy exploration – decision making, and strategic change (Geurts 
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et al., 2007), wherein potential unanticipated consequences of man-
agement decisions can be determined (Walters, 1986). When utilised as 
a predictive tool, however, EwE may play a significant role in the actual 
formulation of policy decisions (e.g. de Mutsert et al., 2015; Stips et al., 
2015), the focus being on the exact estimation of policy-relevant pa-
rameters such as population biomass, fishing mortality rates, and 
maximum sustainable yield (Essington, 2007); however, in order for 
Ecopath to be applied in this context, a formal assessment of the pre-
dictive capacity of the model is required. 

Usefulness of any model is contingent on the reliability and accuracy 
of its output. Yet, as all models represent imperfect abstractions of re-
ality, and accurate input data are seldom obtainable, the entirety of 
output values are de facto subject to imprecision (Loucks et al., 2005). 
This is particularly true of multi-species modelling approaches. As 
complexity of such models is augmented to reflect biological realism, a 
concurrent increase in scientific uncertainty due to scarce knowledge of 
functional relationships is unavoidable (Plagányi and Butterworth, 
2004). Input-data inaccuracies and modelling uncertainties are not in-
dependent of one another and can interact in several ways, often leading 
to uncertainty becoming associated with model outputs (Loucks et al., 
2005). The incidence of such an event can be reduced, however, through 
execution of, inter alia, a Sensitivity Analysis, SA (Saltelli, 2002), defined 
as the assessment of how variations in a model outputs can be appor-
tioned to different sources of variations in the model inputs (Saltelli 
et al., 2004; Landsberg and Sands, 2011). This method is intended to 
quantify impact of imprecisions in input data on predicted model out-
puts and overall model performance (Zheng et al., 2014). As the rela-
tionship between the latter and a state variable is seldom linear, 
determination of sensitivity at two or more levels of parameter alter-
ation is often required (Zheng et al., 2014). Importantly, sensitivity 
analysis enables discernment of ‘high-leverage’ parameters – whose 
values exert a significant impact on model behaviour – versus ‘low--
leverage’ parameters, whose values exert a rather negligible effect on 
the model and its functioning (Landsberg and Sands, 2011). A vast array 
of approaches to analysing sensitivity are available at present; however, 
these can be grouped broadly into two main typologies, namely Local 
Sensitivity Analysis (LSA) and Global Sensitivity Analysis (GSA). LSA, 
also referred to as One-factor-At-a-Time (OAT), consists in the assess-
ment of sensitivity around a sole ‘nominal point’ in the parameter space 
(Saltelli et al., 2008; Razavi et al., 2020), meaning that LSA assesses 
impact of one uncertain input parameter at a time on the model outputs. 
Despite its simple and intuitive nature, LSA is appropriate mostly in very 
specific contexts, e.g. simple models characterised by linear input-output 
relationships (Gupta and Razavi, 2017); however, at times, the approach 
has been implemented loosely in the literature, causing it to be criticised 
for affording a rather localised and biased picture of model sensitivities 
(Saltelli and Annoni, 2010; Saltelli et al., 2019). A generally more 
appropriate and rigorous approach is that of GSA (Saltelli et al., 2000), 
which investigates how uncertainty in outputs can be apportioned to 
uncertainty in each input parameter over their entire range (Zhou et al., 
2008). GSA is useful for identifying input parameters that are key to 
model outputs, some approaches also quantifying the contribution of 
each input parameter and interactions amongst parameters to output 
uncertainty. The theoretically superior approaches to SA (such as GSA), 
however, tend to be computationally demanding and time consuming 
(Ye and Hill, 2017). The increasing computational expense associated 
with more complex models results, often, in simpler, ad hoc strategies 
being favoured over more rigorous approaches to SA (Gupta and Razavi, 
2017), with practitioners often recommending implementation of sim-
ple methods before considering time-consuming GSA (Ye and Hill, 
2017). 

Despite the growing prominence that SA is achieving in the litera-
ture, EwE currently fails to include a formal assessment for parameter 
sensitivity, unlike earlier versions. The built-in resampling routine 
‘Ecoranger’, consisting in a Monte Carlo-like approach to identify the 
best fitting Ecopath parameter in accordance with user-defined criteria 

(Christensen and Pauly, 1996), elicited extensive criticism for present-
ing a rather simplistic solution to faulty models, and was thus eliminated 
with the release of EwE version 6.0 (Christensen and Lai, 2007); how-
ever, a number of alternative routines are available within the software, 
enabling model users to investigate, at least partly, model performance 
following introduction of imprecision (Christensen and Walters, 2004). 
Amongst these is the built-in Monte Carlo engine, which is a 
random-data sampling technique that allows determination of multiple 
model solutions (Metropolis and Ulam, 1949), and the Ecological In-
dicators (ECOIND) plug-in, which is used for assessing impact of input 
uncertainty on a range of ecological indicators (Coll and Steenbeek, 
2017). 

Indicators of ecosystem status constitute a critical component of EwE 
outputs, as well as being integral to ecosystem-based management, 
playing a pivotal role in communication and in supporting objectives of 
conservation strategies (Rogers and Greenaway, 2005). When fore-
casting ecological benefits or costs of alternative marine 
ecosystem-management scenarios, a vast range of indicators can be of 
use, with several now incorporated into the EwE modelling complex 
(Ainsworth and Pitcher, 2006). Indicators fall into separate categories 
depending on their role in ecosystem monitoring, including, inter alia, (i) 
biodiversity, (ii) structure and functioning, (iii) stability and resistance, 
(iv) resource potential, and (v) anthropogenic pressure (Bundy et al., 
2017). Indicators tend to be utilised collectively as part of global 
(Blanchard et al., 2010; Bundy et al., 2010; Coll et al., 2010), regional 
(Uusitalo et al., 2016), or ecosystem-level (Shackell et al., 2012) as-
sessments of marine system status and trends, affording a detailed and, 
most importantly, multifaceted snapshot of ecosystem health and resil-
ience. Consequently, the present paper focuses on output indicators 
describing distinct components of a given ecosystem. Considering the 
limitations of LSA, and the computational and time expenses associated 
with GSA, this paper conducts a preliminary, ad hoc assessment of the 
ability of Ecopath models to retrieve precisely nominal output values in 
the instance of imprecision being present in the inputs. 

1.1. Objectives 

The present study conducts a practical assessment of the EwE 
modelling complex, investigating model response to imprecision in in-
dividual input parameters and simultaneous alteration of separate pa-
rameters at respectively different levels of imprecision. 

Analyses focus on simulated predictions generated by the Ecopath 
component of the software. Simulation testing was executed to address 
two principal questions concerning implementation of Ecopath models: 
(i) the extent to which the model is responsive to imprecision in 
particular input variables, and (ii) the extent to which the subjective 
process of model balancing originating from an identical initial dataset – 
a practice herein simulated through the Monte Carlo routine – may cause 
predictions to diverge from their nominal (original) values. 

The present analyses focus on the capacity of Ecopath to predict 
precisely (not accurately) – and consistently – both stock Biomass (B), an 
indicator of resource potential, and Ecotrophic Efficiency (EE), an in-
dicator of anthropogenic pressure that describes the fraction of species 
production accounted for as predation and fishing mortality. What the 
present paper attempts to address is the extent to which the Ecopath 
modelling complex is capable of precisely retrieving the original output 
values produced by an unaltered – and, here, ‘certain’ – model as a result 
of introduction of imprecision into model input parameters, with 
methods adapted from Essington (2007). B-estimation represents a 
pivotal constituent of fisheries management, whilst EE allows compre-
hension of the connection strength between species’ production and 
mortality (Essington, 2007). Lastly, this paper aims to investigate in-
fluence of imprecision in input data on four ecosystem metrics belonging 
to three separate categories of ecosystem-level indicators: (i) Kempton’s 
Q Index, a biodiversity indicator (ii) predatory biomass and (iii) mean 
Trophic Level of the community (mTLco), both describing ecosystem 
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structure and functioning, and (iv) Total System Throughput (TST), 
describing ecosystem stability and resistance (Rochet and Trenkel, 2003; 
Ainsworth and Pitcher, 2006). A brief overview of the nature of these 
indicators is presented in Table 1. 

2. Methods 

2.1. The Ecopath model 

A detailed description of Ecopath fundamentals and master equa-
tions underlying its functioning can be found in Christensen and Walters 
(2004). The software comprises three focal components: (i) Ecopath, a 
static snapshot of trophic flows and biomasses within the system; (ii) 
Ecosim, a time-dynamic simulation module, and (iii) Ecospace, a 
temporo-spatial dynamic module. For the purpose of this paper, the 
Ecopath static component alone is considered. The Ecopath module is 
constructed on the key principle of mass balance, according to which, 
when defining a functional group (i.e. set of species sharing alike char-
acteristics within a community), total energy extracted from said group, 
e.g. through fishing or predation, must be balanced by energy expended, 
i.e. consumption. A schematic illustration of the approach adopted in the 
present study – explored in detail in the following sections – is presented 
in Fig. 1. 

2.2. Model selection 

Eight pre-existing EwE models (Table 2) were accrued from the 
EcoBase models repository using EwE version 6.6 (EwE, 2019). Models 
were selected to be representative of four distinct marine ecosystem 
types – coral reef, continental shelf, upwelling, and open ocean, within 
both subtropical and tropical regions (Fig. 2). The eight models were 
chosen to provide a wide array of model structures, because of intrinsic 
properties associated with distinct ecosystem types that were expected 
to be reflected in the model makeup. Compared to open-ocean – where 
production is patchy –continental-shelf systems, upwelling, and 
coral-reef ecosystems are characterised by higher production rates, a 
dissimilitude likely to be reflected in the productivity-related values of 

the models belonging to ‘high-’ and ‘low/lower-productivity’ systems. In 
fact, production is greater, generally, closer to land, owing to elevated 
nutrient input from, inter alia, rivers and upwelling systems (Kaiser et al., 
2020). Although coral-reef systems per se are characterised by oligo-
trophic waters (i.e. low in nutrients), nutrients are extracted from up-
welling intrusions (e.g. Andrews and Gentien, 1982; Furnas, 2011). 
Lastly, existence of vertical currents and mixing processes in upwelling 
systems is a phenomenon likely to cause differences amongst produc-
tivity values of upwelling and the other systems (Kaiser et al., 2020). 
Models were selected also based on their ecosystem-trophic complexity, 
favouring those, when possible, with comparable numbers of functional 
groups to reduce potential bias arising from disparate food-web con-
figurations. In fact, for these to be comparable rigorously, the number of 
functional groups, and thus of input values (or sample size) and indi-
vidual pedigrees (explained in following sections), must be, if not 
identical, close (Morissette, 2005). This, however, was limited by model 
availability. One of the models included in the study (Baja California) 
was characterised by a number of functional groups lower than that of 
the other models; however, having equal sample size for each ecosystem 
type was deemed more important, and this choice was not expected to 
affect significantly the output of the study (see Essington, 2007). 

Models were utilised as hypothetical realities to investigate response 
of marine ecosystems to alterations in input data. This was accomplished 
through consistent introduction of imprecision (or uncertainty) into four 
basic Ecopath input parameters: Biomass (B), Production-to-Biomass 
ratio (P/B), Consumption-to-Biomass ratio (Q/B), and Ecotrophic Effi-
ciency (EE). For simplicity, diet compositions and fishing yields were 
assumed to be known without error. Prior to analysis, and according to 
the general pattern in tropical marine ecosystems (Lercari and Arre-
guín-Sánchez, 2009), three broad trophic categories were identified for 
all investigated models: (i) apex predators (seabirds, marine mammals, 
and sharks), (ii) smaller consumers (all other faunal biomass), and (iii) 
primary producers (phytoplankton and algal material). Such trophic 
categories were used in the determination of ‘uncertainty scenarios’ 
explained in the following sections. 

2.3. Prediction-precision assessment 

To explore robustness of model outputs to input imprecision, 61 
‘uncertainty scenarios’ entailing both individual and paired-parameter 
perturbations were constructed and are presented in the supplemen-
tary material (section 1.1.). The terminology ‘uncertainty scenario’ is 
intended to describe a hypothetical reality in which selected input pa-
rameters are altered – through addition of differing levels of imprecision 
– under 61 separate conditions. Each scenario entailed simultaneous 
allocation of one of four ‘quality scores’ to each of the input variables (i. 
e. B, P/B, Q/B, EE), scores ranging from ‘very certain’ to ‘more certain’, 
‘relatively certain’, and ‘completely uncertain’. Each score was allocated 
a specific (and default) Confidence Interval, CI (±10–90% CI), with B 
and EE assigned identical CI values within each scenario owing to their 
complementary relationship (more information in Essington, 2007). As 
a result, B and EE were always altered together in each single- and 
paired-parameter scenario (Table 1, supplementary material, section 
1.1.), e.g. B&EE (80 CI), B&EE (80 CI)–PB (90 CI). Default CIs were 
obtained from pre-defined pedigree tables provided in Christensen et al. 
(2000) and were utilised to generate parameter-specific pedigree indices 
– or Coefficients of Variation (CVs) – for B (Table 3) and P/B and Q/B 
(Table 4), with scores allocated based on the level of imprecision 
required by the 61 different uncertainty scenarios. The pedigree of an 
Ecopath model is a coded statement that computes the uncertainty (or 
pedigree index/CV) associated to each input value within a given model 
(Morissette, 2005). The built-in pedigree routine has been described in 
detail by Morissette (2005); therefore, it will not be discussed further in 
this paper. 

Default CIs function as a restriction on the extent to which the Monte 
Carlo routine is permitted to alter parameters from their nominal values 

Table 1 
Brief overview of investigated ecosystem indicators. Sources: Finn (1976); 
Kempton and Taylor (1976); Ainsworth and Pitcher (2006); Bundy et al. (2017).  

Indicator Category Sub-category Description 

Biomass Resource 
potential 

Potential of 
community 

Biomass of entire sampled 
community 

Ecotrophic 
efficiency 

Anthropogenic 
pressure 

Pressure on 
community 

Fraction of species 
production that is 
accounted for explicitly as 
predation and fishing- 
induced mortality 

Predatory 
biomass 

Structure and 
functioning 

Top of food- 
web structure 

Biomass of fauna 
occupying the highest 
trophic levels within 
sampled community 
describing ultimately 
ecosystem health 

Kempton’s Q 
Index 

Biodiversity Species 
diversity 

Indicator of species 
diversity within sampled 
community 

Mean trophic 
level of the 
community 

Structure and 
functioning 

Trophic 
structure 

Average trophic level of 
sampled community. 
Affords information on 
which trophic levels are 
predominant 

Total system 
throughput 

Structure and 
functioning 

Ecosystem 
functioning 

Estimated as the sum of all 
(energy) flows within a 
system: total 
consumption, total export, 
total respiration, and total 
flows to detritus  
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as part of the balancing process (Christensen and Walters, 2004). In 
instances where impact of a single ‘uncertain’ (altered) parameter was 
assessed, remaining variables were regarded as ‘well-known’ and 
assigned a narrow CI, e.g. 10% CI, thus ensuring minimal changes were 
produced compared to parameters with wide CIs, i.e. uncertain – the 
greater the CI assigned to a selected input parameter(s), the lower the 
confidence in the accuracy of said parameter. Assignment of different 
CIs was conducted to retain a certain amount of control over the 
‘well-known’ parameters during the Monte Carlo routine. As no pa-
rameters were missing in the selected EwE models, the ‘missing 
parameter’ quality score was excluded from the 61 uncertainty scenarios 
considered. 

2.4. Ecosystem indicators 

Through implementation of the built-in Monte Carlo routine, values 
from all selected parameter sets, i.e. B, P/B, Q/B, and EE, were randomly 
substituted with alternative values describing the individual and joint 
uncertainty in each, said values (computed automatically by the pedi-
gree routine) originating from normal distributions in the range of ‘mean 

(i.e. nominal value) ±2 × Coefficient of Variation’ (CV, Steenbeek et al., 
2018). CV were loaded separately for each model input from the pedi-
gree tables compiled a priori according to the 61 uncertainty scenarios. 
The modelled system was simulated subsequently to obtain estimates of 
selected performance indices, namely predatory biomass, Kempton’s Q 
index, and mTLco, all contributing ultimately to a quantitative assess-
ment of ecosystem degradation (Kempton and Taylor, 1976; Rochet and 
Trenkel, 2003; Steenbeek et al., 2018). Further details on the calculation 
of ecosystem indicators are included in the supplementary material 
(section 1.2.). 

2.5. B, EE, & TST 

For the second stage of output collection – entailing acquisition of B 
and EE values together with TST – manual perturbation of input pa-
rameters was required. The Monte Carlo engine has been devised to 
allow for quantification of sensitivity of Ecosim outputs to Ecopath 
parameterisation and was therefore of no use here. Following the same 
61 uncertainty scenarios utilised throughout the study, the original 
Ecopath B, P/B, Q/B, and EE were replaced manually with the lower 
parameter limits generated by the import of CV values into the Monte 
Carlo routine; however, as Ecopath model solutions are constrained to 
satisfy the conservation of mass, and basic input estimates for any given 
system failed frequently to produce EE values constrained between 
0 and 1, manual balancing of perturbed Ecopath models was also 
required. Further details on mass-balancing are included in the sup-
plementary material (section 1.3.). 

2.6. Data analysis 

All statistical analyses were performed using R version 3.6.2 (R Core 
Team, 2019). Residuals (prediction errors) and percentage residuals 
were determined for each generated output as a basic proxy of predic-
tion precision, and a minimum divergence of 10% from nominal values 
was selected as a significance threshold. Residuals were calculated as 
follows:  

Residual = ∂/b∂                                                                               (1) 

where ∂ indicates the residual difference between altered output and the 

Fig. 1. Relationship between different steps adopted in this study. Red circle indicates software component considered – Ecopath. Blue circles indicate examples - 
Galápagos (‘models selected’) and Biomass (B) (‘inputs’) are taken as examples to illustrate the process for each model and for each input. ‘G. of Cali.’ – Gulf of 
California; ‘Baja Cali.’ – Baja California; ‘Humb. Curr.’ – Humboldt Current; ‘Less. Antilles’ – Lesser Antilles; ‘NW Africa’ – Northwest Africa. Arrows indicate di-
rection of methods. 

Table 2 
Summary of investigated models. Functional group refers to a set of species 
sharing alike characteristics within a community.  

Ecosystem 
type 

EcoBase 
nomenclature 

References Functional 
groups 

Coral reef Galápagosa Ruiz et al. (2016) 33  
Danajon Bank Bacalso and Wolff (2014) 37 

Continental 
shelf 

Gulf of 
California 

Lercari and 
Arreguín-Sánchez (2009) 

34  

Baja Californiaa Cisneros-Montemayor et al. 
(2012) 

18 

Upwelling Humboldt 
Current 

Tam et al. (2008) 33  

South Benguela Shannon et al. (2003) 32 
Open ocean Lesser Antilles Mohammed et al. (2008) 31  

Northwest 
Africaa 

Morissette et al. (2009) 27  

a models included in both ecological indicators and Biomass (B), Ecotrophic 
Efficiency (EE), and ‘summary statistics’ analyses. 
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corresponding baseline value (b∂). Prediction precision was further 
determined through calculation of a ‘Sensitivity Index’ (SI):  

SI = (Dmax–Dmin)/Dmax                                                                    (2) 

where Dmax and Dmin represent maximum and minimum output values, 
respectively, resulting from variation of the input parameter over its 
entire range (Hoffman and Gardner, 1983). Like residuals, SIs were 
calculated as a proxy of prediction precision, identifying the extent to 
which the output of a model with imprecise inputs had deviated from 
nominal output values. Depending on the output being investigated, 
sensitivity indices were calculated for each functional group separately 
(e.g. sharks, coastal demersals, etc.), thus affording a good indication of 
group variability across an array of uncertainty scenarios. 
Root-Mean-Square Error (RMSE), a standard metric for model errors, 
was executed to determine average model-prediction error in the units 
of the parameter of interest, with an arbitrary reference cutoff value (c) 
of 0.05 (Browne and Cudeck, 1993). RMSE affords an absolute measure 
of model performance, with lower values indicating better fit, i.e. a small 
discrepancy between observed data points and values predicted by the 

model. In the present paper, a good fit, i.e. RMSE ≤ c, corresponds to 
RMSE ≤0.05. Owing to the data failing to meet normality criteria 
(Kolmogorov-Smirnov test), a Kruskal-Wallis test was conducted to 
explore differences in percentage residuals across uncertainty scenarios 
(61) within separate models. The test was executed for each parameter 
of interest. Significance level (α) was set at 0.05 for all statistical 
analyses. 

3. Results 

3.1. Ecological indicators 

The first set of simulations evaluated responses of ecosystem in-
dicators to imprecisions in B, P/B, Q/B, and EE input parameters. 
Investigated scenarios were divided into B-, P/B-, and Q/B-perturbed 
scenarios, each comprising both individual and paired conditions. Re-
sidual, SI, and RMSE values are presented for each indicator in the 
supplementary material (section 2.1.), alongside results of pairwise 
comparison tests. 

3.1.1. Predatory biomass 
When B and EE were perturbed, predatory-biomass-derived SIs 

reached minimum (11.87%) and maximum (60.21%) values for the two 
continental shelf models, i.e. Baja California and Gulf of California, 
respectively. Distinct levels of imprecision appeared to cause model- 
specific variations in prediction precision, with a CI of 60 resulting, 
for example, in the highest SI for the Gulf of California and lowest SI for 
the South Benguela model. Four models exhibited RMSE >0.05 (sig-
nificance threshold). Analogously to SI, different uncertainty scenarios 
failed to engender consistent trends in RMSE across distinct models. 

Significant differences in percentage residuals were found in the 
Galápagos (Kruskal-Wallis: H = 74.78, df = 2, n1 = 94, n2 = 997, n3 =

987, n4 = 991, p < 0.001), Gulf of California (Kruskal-Wallis: H = 19.46, 
df = 2, n1 = 100, n2 = 1005, n3 = 1007, n4 = 1005, p < 0.001), Humboldt 
Current (Kruskal-Wallis: H = 200.64, df = 2, n1 = 98, n2 = 997, n3 = 999, 
n4 = 1051, p < 0.001), South Benguela (Kruskal-Wallis: H = 11.25, df =
2, n1 = 99, n2 = 992, n3 = 1046, n4 = 1094, p = 0.011), Lesser Antilles 
(Kruskal-Wallis: H = 10.02, df = 2, n1 = 100, n2 = 1003, n3 = 1001, n4 =

1004, p = 0.018), and Northwest Africa models (Kruskal-Wallis: H =
265.01, df = 2, n1 = 100, n2 = 1594, n3 = 1542, n4 = 1596, p < 0.001, 

Fig. 2. EwE model regions. Coloured symbols indicate operational models included in the study. Intertropical zone is highlighted in crimson and the equator shown 
as a red horizontal line. Dotted lines indicate subtropical delimitations. 

Table 3 
Biomass uncertainty scale. n.a. = not applicable.  

# Biomass Pedigree index Default CI (±) 

1 Missing parameter (estimated by Ecopath) 0.0 n.a. 
2 Completely uncertain 0.0 80 
3 Relatively certain 0.4 60 
4 More certain 0.7 40 
5 Very certain 1.0 10  

Table 4 
Productivity (P/B) and consumption (Q/B) uncertainty scale. n.a. = not 
applicable.  

# P/B or Q/B Pedigree index CI (±) 

1 Missing parameter (estimated by Ecopath) 0.0 n.a. 
2 Completely uncertain 0.1 90 
3 Relatively certain 0.5 50 
4 More certain 0.7 30 
5 Very certain 1.0 10  
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Fig. 3), with H representing the Kruskal-Wallis test statistics, df the de-
grees of freedom, and n1-4 the different samples, i.e. different CIs 
considered (in this case, 10–80 CI). No differences were determined in 
the Danajon Bank and Baja California models. 

When P/B was subject to imprecision, a similar trend in SIs to that 
observed above was found. No consistent pattern was observed in the 
relationship between CIs and SIs. RMSE was highest for Galápagos, Gulf 
of California, South Benguela, and Lesser Antilles models, all exceeding 
the 0.05 threshold. Significant differences in percentage residuals were 
determined in the Galápagos (Kruskal-Wallis: H = 27.92, df = 2, n1 =

685, n2 = 691, n3 = 691, p < 0.001) and Northwest Africa models 
(Kruskal-Wallis: H = 3417, df = 2, n1 = 1291, n2 = 1293, n3 = 1880, p <
0.001, Fig. 4), albeit failing to attain statistical significance in the 
remaining models. 

Lastly, under Q/B scenarios, a similar range of SIs was identified 
across the models. RMSE was highest for Galápagos, Gulf of California, 
South Benguela, and Lesser Antilles, these representing the sole models 
exceeding the RMSE significance threshold (0.05). Significant differ-
ences in percentage residuals were found in the Galápagos (Kruskal- 

Wallis: H = 7.23, df = 2, n1 = 689, n2 = 684, n3 = 690, p = 0.027), 
Humboldt Current (Kruskal-Wallis: H = 72.81, df = 2, n1 = 698, n2 =

699, n3 = 699, p < 0.001), and Northwest Africa models (Kruskal-Wallis: 
H = 240.46, df = 2, n1 = 1926, n2 = 1880, n3 = 705, p < 0.001, Fig. 5). 
No differences were found in the remaining models. 

3.1.2. Kempton’s Q index 
When input B and EE were subject to imprecision, Kempton’s-Q- 

derived SIs ranged from 9.54% for Baja California to 43.02% for 
Danajon Bank. All models save Baja California had RMSE exceeding the 
significance threshold of 0.05. Significant differences in percentage re-
siduals were found in all models except for Lesser Antilles: Galápagos 
(Kruskal-Wallis: H = 44.57, df = 3, n1 = 94, n2 = 997, n3 = 987, n4 =

991, p < 0.001), Danajon Bank (Kruskal-Wallis: H = 137.12, df = 3, n1 =

99, n2 = 1006, n3 = 1002, n4 = 1003, p < 0.001), Baja California 
(Kruskal-Wallis: H = 25.94, df = 3, n1 = 100, n2 = 998, n3 = 998, n4 =

995, p < 0.001), Gulf of California (Kruskal-Wallis: H = 15.36, df = 3, n1 
= 100, n2 = 1005, n3 = 1007, n4 = 1005, p < 0.001), Humboldt Current 
(Kruskal-Wallis: H = 403.96, df = 3, n1 = 98, n2 = 997, n3 = 999, n4 =

Fig. 3. Boxplots of percentage residual difference (∂%) and Confidence Interval (CI) under B-EE scenarios. Boxes depict 25th and 75th percentiles, lines depict 5th 
and 95th percentiles, and individual points indicate observations outside the lower and upper 5th percentiles. Stars (*) indicate level of significance: 0 ‘***’ 0.001 ‘**’ 
0.01 ‘*’ 0.5. Downward-facing brackets link boxplots to which level of significance refers. Note differing scale on y-axis. 
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1051, p < 0.001), South Benguela (Kruskal-Wallis: H = 37.22, df = 3, n1 
= 99, n2 = 992, n3 = 1046, n4 = 1094, p < 0.001), and Northwest Africa 
(Kruskal-Wallis: H = 85.25, df = 3, n1 = 100, n2 = 1594, n3 = 1542, n4 =

1596, p < 0.001, Fig. 6). 
Under P/B-perturbed scenarios, SIs ranged from 9.54% for Baja 

California to 69.36% for Northwest Africa. All models except for Baja 
California had RMSE exceeding 0.05. Significant differences in per-
centage residuals were identified in the Galápagos (Kruskal-Wallis: H =
26.82, df = 2, n1 = 685, n2 = 691, n3 = 691, p < 0.001), Danajon Bank 

(Kruskal-Wallis: H = 9.04, df = 2, n1 = 703, n2 = 701, n3 = 701, p =
0.011), Lesser Antilles (Kruskal-Wallis: H = 9.4, df = 2, n1 = 696, n2 =

697, n3 = 800, p = 0.009), and Northwest Africa models (Kruskal-Wallis: 
H = 3425.7, df = 2, n1 = 1291, n2 = 1293, n3 = 1880, p < 0.001, Fig. 7). 

Lastly, when input Q/B was subject to imprecision, SIs varied from 
10.77% for Baja California to 69.28% for Northwest Africa. All models 
save Baja California exhibited RMSE exceeding the 0.05 significance 
threshold. Significant differences in percentage residuals were found in 
the Danajon Bank (Kruskal-Wallis: H = 12.24, df = 2, n1 = 702, n2 =

Fig. 4. Boxplots of percentage residual difference (∂%) and Confidence Interval (CI) under P/B scenarios. Boxes depict 25th and 75th percentiles, lines depict 5th and 
95th percentiles, and individual points indicate observations outside the lower and upper 5th percentiles. Stars (*) indicate level of significance: 0 ‘***’ 0.001 ‘**’ 
0.01 ‘*’ 0.5. Downward-facing brackets link boxplots to which level of significance refers. Note differing scale on y-axis. 

Fig. 5. Boxplots of percentage residual difference (∂%) and Confidence Interval (CI) under Q/B scenarios. Boxes depict 25th and 75th percentiles, lines depict 5th 
and 95th percentiles, and individual points indicate observations outside the lower and upper 5th percentiles. Stars (*) indicate level of significance: 0 ‘***’ 0.001 ‘**’ 
0.01 ‘*’ 0.5. Downward-facing brackets link boxplots to which level of significance refers. Note differing scale on y-axis. 
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704, n3 = 702, p = 0.002) and Humboldt Current models (Kruskal- 
Wallis: H = 183.03, df = 2, n1 = 698, n2 = 699, n3 = 699, p < 0.001, 
Fig. 8), albeit failing to attain statistical significance in the remaining 
models. 

3.1.3. mTLco 
Under B- and EE-perturbed scenarios, mTLco-derived SIs varied from 

2.20% Galápagos to 40.43% for South Benguela, the latter representing 
the sole model to exceed 12%. South Benguela was the sole model to 

Fig. 6. Boxplots of percentage residual difference (∂%) and Confidence Interval (CI) under B-EE scenarios. Boxes depict 25th and 75th percentiles, lines depict 5th 
and 95th percentiles, and individual points indicate observations outside the lower and upper 5th percentiles. Stars (*) indicate level of significance: 0 ‘***’ 0.001 ‘**’ 
0.01 ‘*’ 0.5. Downward-facing brackets link boxplots to which level of significance refers. Note differing scale on y-axis. 
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exhibit RMSE exceeding the significance threshold of 0.05. Significant 
differences in percentage residuals were identified in the Galápagos 
(Kruskal-Wallis: H = 96.23, df = 3, n1 = 94, n2 = 997, n3 = 987, n4 =

991, p < 0.001), Danajon Bank (Kruskal-Wallis: H = 134.27, df = 3, n1 =

99, n2 = 1006, n3 = 1002, n4 = 1003, p < 0.001), Baja California 
(Kruskal-Wallis: H = 21.54, df = 3, n1 = 100, n2 = 998, n3 = 998, n4 =

995, p < 0.001), Humboldt Current (Kruskal-Wallis: H = 78.28, df = 3, 
n1 = 99, n2 = 997, n3 = 999, n4 = 1051, p < 0.001), and Northwest Africa 
models (Kruskal-Wallis: H = 176.89, df = 3, n1 = 100, n2 = 1594, n3 =

1542, n4 = 1596, p < 0.001, Fig. 9). 
Under P/B-perturbed scenarios, SIs attained minimum (3.59%) and 

maximum (19.12%) values for Galápagos. Galápagos, South Benguela, 
and Lesser Antilles models exhibited RMSE consistently greater than 
0.05, whilst the remaining models never exceeded the significance 
threshold. Significant differences in percentage residuals were found in 
the Humboldt Current (Kruskal-Wallis: H = 7.08, df = 2, n1 = 702, n2 =

697, n3 = 744, p = 0.029), South Benguela (Kruskal-Wallis: H = 7.66, df 

= 2, n1 = 690, n2 = 688, n3 = 688, p = 0.022), and Northwest Africa 
models (Kruskal-Wallis: H = 30.56, df = 2, n1 = 1291, n2 = 1293, n3 =

1880, p < 0.001, Fig. 10). 
Lastly, under Q/B-perturbed scenarios, SIs varied from 3.40% for 

Galápagos to 13.47% for South Benguela, exhibiting a narrow range of 
estimates. Galápagos, South Benguela, and Lesser Antilles models 
exhibited RMSE consistently >0.05. Significant differences in percent-
age residuals were found in Baja California (Kruskal-Wallis: H = 104.86, 
df = 2, n1 = 698, n2 = 698, n3 = 698, p < 0.001), Humboldt Current 
(Kruskal-Wallis: H = 22.39, df = 2, n1 = 698, n2 = 699, n3 = 699, p <
0.001), and Northwest Africa models (Kruskal-Wallis: H = 130.79, df =
2, n1 = 1926, n2 = 1880, n3 = 705, p < 0.001, Fig. 11). 

3.2. B, EE, & TST 

The present set of simulations evaluated the response of B, EE, and 
TST to imprecisions in B, P/B, Q/B, and EE input parameters. The focus 

Fig. 7. Boxplots of percentage residual difference (∂%) and Confidence Interval (CI) under P/B scenarios. Boxes depict 25th and 75th percentiles, lines depict 5th and 
95th percentiles, and individual points indicate observations outside the lower and upper 5th percentiles. Stars (*) indicate level of significance: 0 ‘***’ 0.001 ‘**’ 
0.01 ‘*’ 0.5. Downward-facing brackets link boxplots to which level of significance refers. Note differing scale on y-axis. 

Fig. 8. Boxplots of percentage residual difference (∂%) and Confidence Interval (CI) under Q/B scenarios. Boxes depict 25th and 75th percentiles, lines depict 5th 
and 95th percentiles, and individual points indicate observations outside the lower and upper 5th percentiles. Stars (*) indicate level of significance: 0 ‘***’ 0.001 ‘**’ 
0.01 ‘*’ 0.5. Downward-facing brackets link boxplots to which level of significance refers. Note differing scale on y-axis. 

I. Susini and V.L.G. Todd                                                                                                                                                                                                                     



Environmental Modelling and Software 143 (2021) 105098

10

is on differences in percentage residuals across functional groups 
(nomenclature from original models used) rather than uncertainty sce-
narios and, therefore, different CIs. In this section, ‘sensitivity’ refers to 
SI values. SIs and RMSE are presented for each functional group in the 
supplementary material (section 2.2.). 

3.2.1. Northwest Africa 
Under B- and EE-perturbed scenarios, B estimates exhibited sub-

stantially low sensitivity for most functional groups (SI <5%), whilst 
bathydemersal predators (i.e. demersal fish leaving at depths >200 m) 
exhibited twice as high sensitivity (SI = 13.24%). EE estimates tended to 
exhibit greater sensitivity than B for all functional groups (SI >10%). 
Excluding outliers, seven groups exhibited significant discrepancies 
between observed B data points and values predicted by the model 
(RMSE >0.05). Analogously, eight groups exhibited EE-derived RMSE 
>0.05. 

Under both P/B- and Q/B-perturbed scenarios, sensitivity remained 

low for all functional groups. Ca. 47% of functional groups exhibited 
significant discrepancies between observed B data points and values 
predicted by the model (RMSE >0.05) under both P/B- and Q/B- 
perturbed scenarios. Under P/B scenarios, 15% of groups presented 
EE-derived RMSE >0.05, whilst 37% had RMSE >0.05 under Q/B sce-
narios. When paired uncertainty scenarios were considered, both SI and 
RMSE estimates exhibited a pattern similar to that observed under P/B 
and Q/B scenarios, although sensitivity of B outputs equalled zero under 
P/B-Q/B scenarios, except for bathydemersal predators. 

Significant differences in percentage residuals were found for B 
outputs across the 61 uncertainty scenarios (Kruskal-Wallis: H = 516.21, 
df = 6, n1 = 27, n2 = 484, n3 = 484, n4 = 484, n5 = 484, n6 = 484, n7 =

484, p < 0.001, Fig. 12a), with a pairwise comparison test revealing 
existence of such differences between each functional group (supple-
mentary material section 2.2.1.). Significant differences in percentage 
residuals were further identified for EE outputs across the entirety of 
explored scenarios (Kruskal-Wallis: H = 774.43, df = 6, n1 = 27, n2 = 27, 

Fig. 9. Boxplots of percentage residual difference (∂%) and Confidence Interval (CI) under B-EE scenarios. Boxes depict 25th and 75th percentiles, lines depict 5th 
and 95th percentiles, and individual points indicate observations outside the lower and upper 5th percentiles. Stars (*) indicate level of significance: 0 ‘***’ 0.001 ‘**’ 
0.01 ‘*’ 0.5. Downward-facing brackets link boxplots to which level of significance refers. Note differing scale on y-axis. 
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Fig. 10. Boxplots of percentage residual difference (∂%) and Confidence Interval (CI) under P/B scenarios. Boxes depict 25th and 75th percentiles, lines depict 5th 
and 95th percentiles, and individual points indicate observations outside the lower and upper 5th percentiles. Stars (*) indicate level of significance: 0 ‘***’ 0.001 ‘**’ 
0.01 ‘*’ 0.5. Downward-facing brackets link boxplots to which level of significance refers. Note differing scale on y-axis. 

Fig. 11. Boxplots of percentage residual 
difference (∂%) and Confidence Interval 
(CI) under Q/B scenarios for (a) Baja 
California, (b) Humboldt Current, (c) 
Northwest Africa. Boxes depict 25th and 
75th percentiles, lines depict 5th and 
95th percentiles, and individual points 
indicate observations outside the lower 
and upper 5th percentiles Stars (*) 
indicate level of significance: 0 ‘***’ 
0.001 ‘**’ 0.01 ‘*’ 0.5. Downward- 
facing brackets link boxplots to which 
level of significance refers. Note 
differing scale on y-axis.   
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n3 = 27, n4 = 27, n5 = 27, n6 = 27, n7 = 27, p < 0.001, Fig. 12b). A 
pairwise comparison test for the latter, however, failed to be produced 
because of insufficient ‘x’ observations caused by the absence of EE 

estimates for seabirds and all cetaceans except for dolphins, with said 
groups failing to be represented in the respective graph. 

TST exhibited variable sensitivity to input errors under investigated 
scenarios (Table 5). Owing to the elevated nature of TST-derived pre-
diction errors, RMSE significance threshold was no longer meaningful 
and mean percentage error (∂%) was provided to facilitate under-
standing. Magnitude of mean percentage errors was reflected into that of 
RMSE. As a single TST output was generated per uncertainty scenario, 
no statistical assessment could be performed. 

3.2.2. Galápagos 
Both B and EE outputs exhibited high inter-group variability in 

sensitivity estimates when imprecision was incorporated into a single 
input parameter, i.e. B (and EE), P/B, or Q/B; however, ca. 50% of 
functional groups exhibited similar sensitivity responses to input error. 
Behaviour of B and EE output metrics diverged when input B and P/B 

Fig. 12. Boxplots of Northwest Africa percentage residual difference (∂%) under B/EE, P/B, and Q/B scenarios for (a) B and (b) EE outputs. Boxes depict 25th and 
75th percentiles, lines depict 5th and 95th percentiles, and individual points indicate observations outside the lower and upper 5th percentiles. Dotted line indicates 
nominal values. Note differing scale on y-axis. 

Table 5 
Summary of Total System Throughput (TST), percentage residual difference 
(∂%), and Root-Mean-Square Error (RMSE) sensitivity measures for the North-
west Africa model. B= Biomass, P/B = Production-to-Biomass ratio and Q/B =
Consumption-to-Biomass ratio.  

Scenarios Sensitivity Index (%) ∂ (%) RMSE 

B 7.55 − 51.46 13,668.47 
P/B 22.04 − 44.59 11,923.26 
Q/B 3.67 − 39.83 10,579.14 
B–P/B 4.86 − 37.77 10,033.19 
P/B-Q/B 4.53 − 37.95 10,058.46 
Q/B–B 5.06 − 37.64 9999.86  
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were subject to error simultaneously. Under B–P/B-perturbed scenarios, 
B output exhibited low inter-group variability and overall low sensi-
tivity. Conversely, the same scenario engendered high inter-group 
variability in the sensitivity response of EE outputs. P/B-Q/B scenarios 
engendered highest sensitivity in biomass outputs for most functional 
groups, although 36% of groups exhibited sensitivity equal to zero. 
Inter-group variability remained, however, relatively low for both B and 
EE outputs. Lastly, under Q/B–B scenarios, both B and EE outputs 
exhibited low inter-group variability in sensitivity. 

Eighty-five % of groups exhibited significant discrepancies between 
observed data points and values predicted by the model for B (RMSE 
>0.05), with five groups (15%) characterised by RMSE >10 (highly 
significant error). EE output estimates exhibited RMSE >0.05 for 19 
groups (57%). EE-derived RMSE was highest under B–P/B scenarios. 
Significant differences in percentage residuals were found for B outputs 
across investigated scenarios (Kruskal-Wallis: H = 642.81, df = 6, n1 =

33, n2 = 33, n3 = 33, n4 = 33, n5 = 33, n6 = 33, n7 = 33, p < 0.001, 
Fig. 13). No significant differences were identified for EE outputs. 

TST exhibited variable sensitivity to input errors under investigated 
scenarios (Table 6). A maximum mean percentage error (∂%) of 30.60% 
was achieved under Q/B scenarios, whilst the latter perturbed in com-
bination with P/B exerted a minor effect (4.12%). Except for P/B-Q/B 
and Q/B–B scenarios, RMSE estimates appeared to reflect the magni-
tude of mean percentage error. 

3.2.3. Baja California 
Under B-EE-perturbed scenarios, B-derived SIs ranged from 9.23% 

(marlin) to 27.60% (mesopelagic fish). Inter-group variability in sensi-
tivity, however, was low. Moreover, B sensitivity was found to remain 
virtually unaltered under all uncertainty scenarios. EE outputs exhibited 
greater sensitivity overall. 

A further reduction in inter-group variability was observed for B SIs 

under B–P/B scenarios, with 83% of groups exhibiting estimates 
comprised between 6.10 and 6.54%. A similarly low inter-group vari-
ability was found for EE-related SIs under the same scenario, sensitivity 
ranging from 9.75 to 12.34%. P/B-Q/B scenarios also exhibited low 
inter-group variability for B sensitivity. Conversely, under the same 
scenario, EE-derived SIs were found to be more varied, ranging from 
10.20% (small sharks) to 33.33% (mesopelagic fish). A similar pattern 
was observed under Q/B–B scenarios. 

Seven groups exhibited B-derived RMSE >0.05 under B-perturbed 
scenarios, with such estimates remaining virtually unaltered across 
alternative conditions (both individual and paired). Ten groups pre-
sented EE-derived RMSE >0.05 under B-perturbed scenarios, such 
groups increasing to 15 and 14 under P/B and Q/B scenarios, respec-
tively. When paired scenarios were applied, the number of EE-derived 
RMSE exceeding 0.05 ranged from 15 (B–P/B, P/B-Q/B) to 17 (Q/ 
B–B). Significant differences in percentage residuals across the tested 
scenarios were identified for both B (Kruskal-Wallis: H = 404.44, df = 6, 
n1 = 18, n2 = 147, n3 = 147, n4 = 147, n5 = 147, n6 = 147, n7 = 147, p <
0.001, Fig. 14a) and EE outputs (Kruskal-Wallis: H = 520.38, df = 6, n1 

Fig. 13. Boxplots of Galápagos percentage residual difference (∂%) under B/EE, P/B, and Q/B scenarios for B outputs. Boxes depict 25th and 75th percentiles, lines 
depict 5th and 95th percentiles, and individual points indicate observations outside the lower and upper 5th percentiles. Dotted line indicates nominal values. 

Table 6 
Summary of Total System Throughput (TST), percentage residual difference 
(∂%), and Root-Mean-Square Error (RMSE) sensitivity measures for the 
Galápagos model. B= Biomass, P/B = Production-to-Biomass ratio and Q/B =
Consumption-to-Biomass ratio.  

Scenarios Sensitivity Index (%) ∂ (%) RMSE 

B 20.91 − 12.84 2532.32 
P/B 16.63 − 20.35 3486.25 
Q/B 27.26 30.60 5744.18 
B–P/B 8.52 − 24.78 4148.05 
P/B-Q/B 38.46 4.12 3113.24 
Q/B–B 29.07 9.95 2752.34  
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= 18, n2 = 147, n3 = 147, n4 = 147, n5 = 147, n6 = 147, n7 = 147, p <
0.001, Fig. 14b). 

TST was characterised by moderate sensitivity, this ranging from 
7.51% (P/B-Q/B scenarios) to 17.97% (P/B scenarios, Table 7). Mean 
percentage errors (∂%) were similar across different scenarios, with a 
maximum value of 29.40% obtained under B scenarios. This was 

reflected in RMSEs, with B scenarios generating the highest RMSE in a 
list of similar estimates. 

4. Discussion 

The simulations presented herein suggest a parameter-specific 
response to input imprecision, with Kempton’s Q Index constituting 
the most consistently responsive of the investigated ecosystem metrics 
irrespective of model, perturbed input parameter, and degree of alter-
ation. By considering a cutoff point of 0.05, the index exhibited low-to- 
moderate prediction error, occasionally reaching considerable impre-
cision. Consistently with previous research (e.g. Steenbeek et al., 2018), 
predatory biomass follows, whilst mTLco qualifies as the least respon-
sive. When considering graphs presented for ecosystem indicators, 
presence of numerous extreme values is evidenced. This generated issues 
with the computation of said graphs, the latter often requiring elimi-
nation of outliers to become readable. Removal of extreme values, 
however, caused at times severe disruption of statistical analysis, 
resulting often in substantially different outputs. It is suggested that 

Fig. 14. Boxplots of Baja California percentage residual difference (∂%) under B/EE, P/B, and Q/B scenarios for (a) B and (b) EE outputs. Boxes depict 25th and 75th 
percentiles, lines depict 5th and 95th percentiles, and individual points indicate observations outside the lower and upper 5th percentiles. Dotted line indicates 
nominal values. Note differing scale on y-axis. 

Table 7 
Summary of Total System Throughput (TST), percentage residual difference 
(∂%), and Root-Mean-Square Error (RMSE) sensitivity measures for the Baja 
California model. B= Biomass, P/B = Production-to-Biomass ratio and Q/B =
Consumption-to-Biomass ratio.  

Scenarios Sensitivity Index (%) ∂ (%) RMSE 

B 8.95 − 29.40 2938.37 
P/B 17.97 − 28.44 2874.82 
Q/B 8.43 − 26.92 2698.00 
B–P/B 17.79 − 21.03 2149.65 
P/B-Q/B 7.51 − 20.02 2008.77 
Q/B–B 10.15 − 25.36 2541.40  
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utilisation of the built-in Monte Carlo routine for generation of alter-
native, ‘balanced’ models may produce excessive out-of-range estimates, 
and investigation into causes of this phenomenon is, therefore, 
encouraged. In mainstream statistics, outliers are regarded often as 
unrepresentative observations distorting statistics about the underlying 
population of interest (Tabachnick and Fidell, 2013; Proudlove et al., 
2019). Outlier-detection methodologies for Monte Carlo computations 
include statistical assessments such as Pearson and Hartley’s signifi-
cance test, this enabling identification of multiple outliers in random 
samples with n > 30 (Pearson and Hartley, 1966), and ‘Robust’ Chau-
venet Rejection (RCR), this allowing for detection of unreliable data 
points based on the Chauvenet’s Criterion (Lin and Sherman, 2007; 
Maples et al., 2018). Additional statistical approaches (frequentist) 
include Mahalanobis distance (Gnanadesikan, 2011) and creation of 
funnel-plots (Bird et al., 2005). Since the Monte Carlo routine consti-
tutes an important and useful component of EwE, strategies to minimise 
data disruption and outlier generation should be investigated. 

An exiguous unequal distribution of leverage amongst input pa-
rameters is also suggested regarding explored metrics. B, P/B, and Q/B, 
both individually and paired, impacted predictions’ precision in a 
comparable fashion across operational models, B, however, resulting 
more consistently influential overall (see Essington, 2007). In the 
instance of Kempton’s Q Index, this can be apportioned to its 
biomass-based nature. The index expresses biomass diversity of upper 
Trophic Level (TL) taxa (TL > 3) within a system (Kempton and Taylor, 
1976, cited in Ainsworth and Pitcher, 2006), and error in input biomass 
translates, therefore, into error in the predicted diversity metric. The 
slight dominance of input biomass on predatory biomass sensitivity can 
be ascribed to the same biomass-based nature. 

Output B and EE prediction errors were also unequally affected by 
data types, input B being again most consistently influential. This can be 
explicated with reference to the mass-balance requirements of Ecopath, 
whereby total production and total losses must be at equilibrium 
(Christensen and Walters, 2004). As the former corresponds to the 
product of B and Production-to-Biomass ratio (P/B), imprecision in such 
variables likely propagates to biomass-based measures, suggesting that 
the mass-balance constraint of Ecopath models may be insufficient to 
avert inaccurate predictions. In addition to input B, P/B was identified as 
the second most influential parameter on the precision of TST outputs, 
also consistently responsive across all investigated scenarios. TST is 
estimated as the sum of all flows within a system, these consisting in 
total consumption (i.e. Q/B), total export, total respiration, and total 
flows to detritus. The relative failure of Q/B to exert the greatest impact 
may thus seem surprising; however, when the second master equation 
on which the Ecopath module is based (Christensen and Walters, 2004) 
is recollected and consumption deconstructed into individual compo-
nents, the role of the production term is evidenced:  

Consumption = production + respiration + unassimilated food               (3) 

By expressing the equation in formal terms, equation (4) is obtained:  

Bi × (Q/B)i = Bi × (P/B)i + Ri + Ui                                                 (4) 

Considering the abovementioned calculation of total production, the 
dominant role of B and P/B in the determination of TST response can be 
comprehended. 

Although analysed functional groups were model-specific, the broad 
category of predatory fish, which include bathydemersal and pelagic 
fish, appeared to be more responsive to input imprecision, overall, than 
any other group; however, all functional groups exhibited some degree 
of deviation from nominal values, as well as significant inter-group 
differences in their response to imprecision (supplementary material 
section 2.2.); however, the model-specific nature of most functional 
groups and their attribution to often broad taxonomic categories (e.g. 
‘predatory fish’ rather than fish species listed individually), hinders 
comparison between models, and identification of species-specific 

response to imprecision within the model becomes challenging. 
The present simulations further indicate the apparent absence of 

linearity in the relationship between confidence intervals and model 
predictions, with the greatest source of data imprecision failing to exert 
consistently the greatest impact on the model outputs considered 
(Essington, 2007). Input uncertainty is suggested to impact both within- 
and cross-model parameter precision differentially, with distinct levels 
of parameter imprecision engendering effects of differing magnitude for 
a given variable. This suggests that the subjective process of model 
balancing originating from an identical initial dataset, herein simulated 
through the Monte Carlo routine, is likely to generate markedly different 
values across separate simulations, thus contributing to predictions 
diverging from their nominal values. 

4.1. Implications & future research 

Ecosystem-based models, and EwE in particular, are implemented 
increasingly in a vast array of scientific disciplines and decision-making 
processes. A more comprehensive understanding of model variance and 
imprecision propagation is thus crucial to evaluate and construe EwE 
model predictions with a greater degree of certainty. To this end, this 
paper contributes to the available body of literature elucidating the 
behaviour of six EwE commonly predicted parameters under a diverse 
set of software-specific imprecision conditions. Information on the input 
variables to which the model outputs appear, at a preliminary stage, to 
be most responsive, and the predicted parameters (outputs) whose 
behaviour is most greatly affected, are herein presented. Consequently, 
this work aims to provide the basis for identification of areas towards 
which further research efforts should be directed. 

The utility of the results presented herein is that to facilitate antici-
pation of the likely prediction error in investigated parameters when 
complete confidence in input data is missing. This is particularly true for 
the Kempton’s Q Index, whose behaviour remained rather constant 
within and across all investigated models under distinct software- 
specific imprecision scenarios. When utilised in conjunction with other 
ecosystem indicators, Kempton’s Q affords an effective measure to (i) 
assess impacts of alternative fisheries management strategies, (ii) trace 
effect of climate variations on biodiversity, (iii) estimate non- 
consumptive value of ecosystems, and, ultimately, (iv) inform 
ecosystem-based management approaches (Ainsworth and Pitcher, 
2006). Irrespective of their nature, ecosystem indicators are of particular 
scientific interest, biodiversity measures holding, however, a special 
appeal to the public owing to their synoptic nature, which also augments 
the parameter’s policy relevance (Ainsworth and Pitcher, 2006). In this 
regard, by identifying biomass as a possible ‘high-leverage parameter’, 
measures to ensure the highest possible level of certainty can be 
implemented to increase the reliability of important output metrics as a 
result. Given that biomass estimates are highly susceptible to inaccuracy 
(Christensen et al., 2000), achieving greater exactness of such estimates 
becomes paramount. Integration of controlling mechanisms to halt 
imprecision propagation from input to output, e.g. inclusion of equilib-
rium constants (Orr et al., 2018), in addition to the existing 
mass-balance constraint could enhance, possibly, EwE error-screening 
capacities. 

By investigating output behaviour under a vast array of software- 
specific imprecision and uncertainty conditions, this paper has attemp-
ted to cover most of the possible scenarios in which one or more input 
parameters were inaccurate – in their entirety or for a subset of func-
tional groups – to assess the extent to which the model outputs would 
diverge from nominal values. By consulting this paper and identifying 
the most relevant ‘uncertainty scenario’, users may be able to anticipate 
the most likely degree of imprecision in their output metrics. Despite a 
general trend of little and negligible variations because of imprecision in 
inputs, two ecological indicators (Kempton’s Q and TST) were observed 
to experience sufficient shifts in values to warrant further and thorough 
investigation. The present paper should encourage scientists to subject 
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EwE to the most appropriate GSA approach to identify the extent to 
which ‘high-leverage’ input parameters influence observed imprecision 
in outputs. Due to the unique nature of EwE, this paper also demon-
strates the importance of providing users with access to a dedicated tool 
within the software itself to conduct a thorough assessment of individual 
models that accounts for the specific nature of the software and its 
different components –static and mass-balanced, time-dynamic, and 
temporo-spatial dynamic. This would reduce computational expense 
associated with SA, especially GSA, and allow even practitioners unfa-
miliar with SA to assess reliability of their models. The question of EwE 
precision would also greatly benefit from larger-scale research evalu-
ating consequences of diverse typologies of uncertainty – an example of 
which is structural uncertainty deriving from omission of important yet 
poorly understood species (McAllister and Kirchner, 2002) – and 
imprecision on a vaster array of predicted measures, ultimately 
comparing such results with those generated by identical assessments 
conducted on alternative ecosystem-modelling software. 

5. Conclusions 

Analyses aimed at the determination of imprecision-susceptible pa-
rameters identified Kempton’s Q Index and TST as the most consistently 
responsive of the six investigated parameters, irrespective of model, 
perturbed input parameter, and degree of alteration. Except for rela-
tively sporadic instances of considerable imprecision, Kempton’s Q 
exhibited low-to-moderate prediction error and a rather constant 
behaviour under the entirety of explored uncertainty scenarios. TST was 
characterised by significantly higher mean prediction error instead. The 
usefulness of such results lies in the behavioural predictability itself of 
the two parameters, contributing to modellers’ ability to anticipate 
likely prediction errors when confidence in the quality of input data is 
deficient. 

An uneven distribution of leverage amongst input parameters was 
identified, with biomass constituting the most consistently influential 
overall. This is likely a by-product of the mass-balance constraint of 
Ecopath models, whereby total production – estimated as the product of 
B and P/B – and total losses must be at equilibrium. Propagation of 
imprecision from input biomass to biomass-based outputs suggests, 
therefore, a potential inadequacy of the mass-balance constraint in 
averting unprecise predictions. In this regard, identification of biomass 
as a ‘high-leverage parameter’ may be viewed as an incentive to enhance 
confidence in input data and augment reliability of pivotal parameters 
as a result. Due to the intrinsic susceptibility of biomass estimates to 
inaccuracy, attainment of greater exactness becomes fundamental. 
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