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RESUMEN. La relacion entre complejidad e incertidumbre des lmodelos de simulacion limita su
adopcion. Mientras que el modelo resulta de la difipcion practica de la realidad para su estudio
gestion, la propia simplificacion introduce inceftimbre en los resultados. Una alternativa a esta
limitacién seria el aumento de la complejidad deldalo para mejorar la descripcion de los procesos.
Sin embargo, la incertidumbre en la estructura debdelo no es la Unica, y ésta se suma otras
incertidumbres derivadas de los errores en los datessados en el modelo, o la variabilidad
espaciotemporal del dominio de aplicacion del modtehducido en la incertidumbre de los factores de
entrada del modelo. Como resultado, el modelo n@mpdejo, aunque puede producir resultados mas
exactos, puede tener mayor incertidumbre asociadk lqnita su relevancia para la aplicacién deseada.
Mediante la combinacién de modelos de estructueailile definida por el usuario, y técnicas modernas
de analisis global de sensibilidad e incertidumbee hoy posible evaluar formalmente los efectos
inesperados del aumento de complejidad de los msddurante la etapa de disefio y desarrollo del
modelo. Se presenta un ejemplo de un modelo biageacp formulado con tres complejidades crecientes
para el estudio del fésforo en disolucién en el aguperficial de un humedal del Sur de Florida. Los
resultados de la evaluacion del modelo indican guéste una tendencia clara entre la complejidad del
modelo y la sensibilidad de sus parametros, coraumento progresivo del efecto de las interacciones
con la complejidad, y reduccién complementaria de é&fectos directos de los parametros sobre las
salidas (caréacter aditivo), asi como reduccion dericertidumbre global. Un resultado interesanteges
s6lo mediante el méximo nivel de complejidad esibp@sreproducir el comportamiento ecoldgico
observado en humedales, caracterizado por dos estadtables (dominado por algas y dominado por
macrofitos).

ABSTRACT. The relationship between model complexity and uat#y in model results limits efforts to
develop and apply these tools. While models résut the practical simplification of reality for pdiction or
study purposes, the simplification process intredudmitations in the model results expressed imseof
uncertainty. An alternative to overcome thesetéititons could be to increase the model complexityriprove
the description of the underlying system proceddesvever, these structural uncertainties combinth whose
from data errors and intrinsic spatial and tempovalriability of the model application domain thearnslates in
input factor uncertainty. As a result, although @rmn complex model can potentially produce more eateu
results, it can also compound additional sourcesrafertainties that ultimately limit the relevanaiethe model
for the intended application. Today the combinatafrmodern flexible modeling tools combined witbbgl
sensitivity and analysis methods during the modeldimg steps, allows for the formal evaluation thie
sometimes unintended impacts of increasing modeplxity. An example is presented where a biogeiciad
model is build with three increasing complexitiespredict the surface water concentration of phasphk in
South Florida wetlands, and the changes in modaekifieity and uncertainty evaluated at each stepe T
sensitivity analysis results show clear trends ofréase in interactions among input factors, with a
corresponding reduction in the direct contributiohindividual inputs over the output, and a genetatrease

in uncertainty on the predicted surface phospharascentration. Interestingly, the correct represdiun of
observed wetlands bimodal system states (i.e. alga@nated vs. macrophyte-dominated) requires the
maximum complexity level explored.
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1. INTRODUCTION

Our inability to truly validate models of operstgms (Oreskes et al. 1994; Konikow and Bredeht88?) is,
at its heart, due to our inability to reproduce toenplexity of real systems. Reasons for thisudela lack of
understanding or capacity to conceptualize comggitaystems, the inability to obtain true obseoratibecause
of measurement uncertainties and heterogeneitispace and time and scale of physical parametedsttee
discontinuous nature of numerical solutions thagtenfectly reproduce the continuity of reality. Ttiemulative
effect of such limitations is a source of growingease among developers and users of dynamic siamulat
models (Manson 2007, 2008; Messina et al. 2008paicular, there is anxiety about the effects/afious
sources of uncertainty on model output, and tlsiséshas prompted doubt that the considerable eféang into
dynamic system modeling will in fact yield the egpel payback in terms of new insights about compyestems
(Zadeh, 1973; Ascough et al. 2008). In lieu of tmaéidation, we strive for confidence in model kesuwhich
we consider by evaluating the extent of our lackcofifidence — the degree of uncertainty associeiéd a
model’s results (Naylor and Finger, 1967; Bever§&0

Consequently, there is growing interest in euitigathe contributions of model inputs and struatumcertainty
(i.e. from model algorithms and design) to the alleuncertainty of model outputs (Beven, 1993; Bewad
Binley 1992; Draper, 1995). However, the sourcesrmagnitude of uncertainty and its effect on dyramodel
output has not been studied comprehensively (Be2606; Haan et al. 1995; Mufioz-Carpena et al. 2007;
Shirmohammadi et al. 2006). The role of uncertasmglysis is to propagate the various uncertairgige a
model output, while sensitivity analysis is usedi&étermine how uncertainty in model output can fiygoationed
to different sources of uncertainty in the modgbuin (Saltelli et al. 2008). Whereas uncertainty lygsia
quantifies the overall uncertainty, sensitivity s identifies the key contributors to uncertgirtbgether, they
constitute a reliability assessment of a model (Sd®96). The sensitivity of a model output toieeg input
factor has been traditionally expressed in termthefderivative of the model output with respecthe input
variation (Haan et al. 1995). These sensitivity soeaments are "local" because they are fixed toist ffbase
value) or narrow range where the derivative is takk®cal sensitivity indexes are classified as “paeameter-
at-a-time" (OAT) methods, i.e., they quantify thHéeet of a single parameter by assuming all otlees fixed
(Saltelli et al. 2004). Local OAT sensitivity in@is are efficient only if all factors in a model guze linear,
direct (first-order) output responses. Howeverclifanges in the input factors are non-linear andibéxh
interaction (higher order) effects on model outragponses, an alternative global sensitivity apgraés needed
(Leamer, 1990), where the entire parametric spatikeeomodel is explored simultaneously for all infactors.
In complex models, the output response is oftenlim@ar and non-additive, so local OAT techniques ot
appropriate, and global techniques that evaluageirtput factors of the model concurrently over theole
parametric space must be used. Different typesobiad) sensitivity (Cacuci, 2003; Saltelli et al.a@) 2004) and
uncertainty (Haan, 1989; Shirmohammadi et al. 20@6}hods can be selected based of the objectitheof
analysis.

Given our inability to simulate reality with sitified tools, it is not surprising that more complmodels are
pursued (Freeze, 1969; Arthur, 1999; Chwif et @0®, supported by other factors like the dramadicances in
computing and data acquisition by remote sensird) @her automatic methods (Schaller, 1997). However
increasing model complexity has important effeatsneodel uncertainty. Models that are too simple may
capture important processes and cannot be provesptoduce the measured data patterns for the négisons
(Nihoul, 1994). Although increasing complexity mcorporating more state variables and processesititly
reduce uncertainty, it can have the opposite effftet a certain point (Hanna, 1988; Fisher e2@02) (Fig. 1b).
This makes identification of a potential “infleatigoint” important, for it reveals the optimal sedbr modeling
a system that incorporates sufficient complexitygéin information while avoiding greater uncertgiriRecent
work has tried to identify some general relatiopshbetween complexity and two components of model
uncertainty; error and sensitivity (Snowling andaieer, 2001) (Fig. 1a). The authors showed thabagplexity
increases, model error (the difference between unedsand simulated results) decreases while measitsvity
(by how much an output changes due to changepuishincreases. They based their hypothesis ogeheral
concept that increased complexity, due to the 8ichuof more simulated processes, requires fevmeplgying
assumptions and provides a more accurate représentaf the real system (less structural uncengint
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Consequently, model error should decrease. Corlyessmnsitivity would increase because of the highember
of parameters required by the model to simulateenppocesses. This hypothesis has been recentlyboyated
by Lindenschmidt (2006) and Lindenschmidt et ab0g).

Uncertainty

W

CDmpleXify Number of Parameters in Model

Figure 1: a) Hypothesis relating error and sensitivity to céripy (Snowling and Kramer, 2001); b) Sources nfertainty in modeling
(Hanna, 1988 as cited in Fisher et al. 2002)

However, these works are limited in scope bec#usg have corroborated the proposed relationsimbs for
limited ranges of parameter values centralized radocalibrated applications (Snowling and KramerQ20
Lindenschmidt, 2006), or based on local OAT serigitanalysis (Lindenschmidt et al. 2006). To etlate more
general relationships between model complexity andertainty, Cox et al. (2006) present a method for
systematic simplification of complex models, andwtia and Hearne (2007) pursue this using sensitivit
analysis.

The growing interest in the issue of complexibg aincertainty is particularly pertinent today hese of the
recent availability of flexible computational moitgj tools, which give the user the opportunity &fide the
model structure and complexity. The degree of madeiplexity has previously been largely imposedrmudel
users, and although a choice between potentiad tifolarying complexity exists, the decision itsslmore often
a product of other modeling considerations, i.e. #rt of modeling”. Model developers are more camiy
responsible for choosing a complexity — users nudten than not simply have to deal with the conseges.
This has been particularly so for mechanistic, mizakmodels of complex environmental systems, atige,
spatially-distributed domains and numerous stat@bkes. Typically, development of such tools ie thsk of
specialists, and is not very amenable to flexiilifoday, the economics of computer code reusgbitike it
seemingly inevitable that the adoption of flexilsemputational tools will continue to grow. Dynansigstems
that can be conceptualized without a spatial dorhaire had such flexible modeling tools for manyrgewith
popular systems such as STELLA (Doerr, 1996), anthd applications in a wide array of fields. Simila
flexibility has been pursued with GIS modeling ®({dee for example Wesseling et al. 1996). Receldlyitz et
al. (2008) have developed a flexible tool for spgtidistributed numerical modeling of environmdnta
biogeochemical processes controlling water quatitg, Transport and Reactions Simulation Engine GER
Another driver of increased interest in model cawjy is the development of multi-disciplinary igtated
models that combine environmental and socio-econodnivers, sometimes through coupling of existing
specialty models into a multi-modeling frameworlattitan incorporate larger uncertainty than conveati
models (Lindenschmidt et al. 2007).

In this paper we integrate a step-wise modeldingl approach using global uncertainty and seriitanalysis
to evaluate several sources of uncertainty in otdegyuide model development across multiple lee¢lsodel
complexity. Given uncertainty about model input téms, model development closely coupled to global
uncertainty and sensitivity analysis can revealniemided effects not only in terms model sensitigiyd
uncertainty, but also precision and capacity ofrtteelel to reproduce real, and complicated, sysempanses.
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2.  MATERIALS AND METHODS

2.1. Global Sensitivity and Uncertainty Analysis Méods

Two state-of-the-art global sensitivity and unagrty methods were used: the screening method @frim
(1991) and a variance-based method, extended F&miplitude Sensitivity Test (FAST) (Saltelli, 199Based
on the methods proposed by Cukier et al. (19738)18Ad Koda et al. (1979). A brief summary of eawthod
is given below with more details summarized by Muf@arpena et al. (2007).

The Morris (1991) method, extended by Campolosgd Saltelli (1997), is qualitative in nature ahdrefore
can only be used to assess the relative importaficgut factors. A simplified explanation of theethod is that
the absolute values of the elementary effects fwheinput factor produces a statistic namm#dwhose
magnitude, when compared for all the model inpatdies, provides the order of importance for eadhofawith
respect to the model output of interest (Campoloag@al. 2007). The standard deviation of the eleargn
effects,s, can be used as a statistic indicating interastiohthe input factor with other factors and of its
nonlinear effects (higher-order effects). For eaotput of interest, pairs ofrf;, s;) for each input factok; can
be plotted in a Cartesian plane to indicate qualéy the relative importance of each output (@mte from the
origin on the X-axis), and its interaction effe@stance from the origin on the Y-axis).

The extended FAST variance-based method proddgpsantitative measure of sensitivity of the maalgtput
with respect to each input factor, using what it as a first-order sensitivity indeg, and defined as the
fraction of the total output variance attributedaaingle input factor). In the rare case of anitagdmodel
where the total output variance is explained asrangation of individual variances introduced by \lagyeach
parameter alon&S = 1. In addition to the calculation of first ordedices, the extended FAST method (Saltelli,
1999) calculates the sum of the first and all highreler indices for a given input factor in whatalled a total
sensitivity indexSr;.

S =S +S, +S,..*+S, @)

Based on equation (1), interaction effects cam the determined by calculatifg - S. It is interesting to note
that nt of the Morris (1991) method is a close estimatdhe total sensitivity indexSt;) obtained through the
variance-based global sensitivity analysis (Campgdoet al. 2007). Since the extended FAST methed as
randomized sampling procedure, it provides an ekerset of outputs that can be used in the globegrtainty
analysis of the model. Thus, probability distrilbatifunctions (PDFs), cumulative probability funciso(CDFs)
and percentile statistics can be derived for eatput of interest.

In general, the proposed analysis procedure vieltb six main steps: (1) probability distributiomnétions,
PDFs, were constructed for uncertain input fact@@¥;input sets were generated by sampling theivauiate
input distribution, according to the selected globmethod (i.e., Morris method for the initial scné®g and
extended FAST for the quantitative refining phag&);model simulations were executed for each irgetyt (4)
global sensitivity analysis was performed accordmghe selected method; (5) for the input factdestified as
important by the Morris method, steps 2 throughetemepeated for these factors using FAST to diyathte
results; and (6) uncertainty was assessed basetheoroutputs from the extended FAST simulations by
constructing PDFs, cumulative distribution funce€DFs), and statistics of calculated errors. Moate-Carlo
based software Simlab (Saltelli et al. 2004) wasdu®r multivariate sampling of the input factorsdapost-
processing of the model outputs. Pseudo-random Isaseps were created for all the parameters in e&tte
levels, and for each of the two sensitivity analysiethods; 6 sets in all for the three complexéiels and for
the Morris and extended FAST methods. The numbepwoiputed runs was selected according to the nuotber
parameters in each complexity level according tbeflizet al. (2004). Overall, 1,170 Morris and @86 FAST
simulations were conducted. Simulations were paréal using the High Performance Computing Centéneat
University of Florida.
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2.2. Model Description, Application and SelectionfoModeling Complexity Levels

Model description RSM:TaRSE

A water quality numerical modeling framework, fheansport and Reactions Simulation Engine (TaR8&3,
recently been developed to simulate the biogeodigrand transport of phosphorus in the Evergladsttands
of south Florida (Jawitz et al. 2008; James €2@09). The Comprehensive Everglades Restoratian (BIBRP)
is a US$10 bhillion ecosystem restoration efforg thrgest in the world, aimed at restoring histdidevs and
phosphorus levels to the ecosystem. A significamiponent of this plan entails modeling the watealiggwith
respect to phosphorus levels, and TaRSE was deactkopmeet this need.

TaRSE is comprised of two principal modules; ¢met simulates the advective and dispersive moveioien
solutes and suspended particulates (the “transpootiule) (James et al. 2009), and one that sinuldte
transfer and transformation of phosphorus betweedeincomponents (the “reactions” module) (Jawitalet
2008). The term “Simulation Engine” refers to thengric nature of the tool; the reactions compoheastbeen
designed such that the user specifies the stai@bles of the model and the nature of the equatiokig them.
State variables are classified as “mobile” if treag to be transported, or “stabile” if they are. idtus, even
though the initial setup of TaRSE is aimed at phosps water quality simulations, this flexibility imodel
structure means it can be easily adapted to diffesgstems, biogeochemical or other. The user tsefelations
among components based on a suite of equationglingl zeroth-order, first-order, Michelis-Mentirogith and
decay, sorption-desorption kinetics and rule baseldtions (Jawitz et al. 2008). TaRSE requires that
hydrodynamic state variables, stage and velocéyprovided by a coupled hydrologic model. TaRSE leggpa
triangular mesh to discretize the spatial domairitie Godunov-mixed finite element transport altjon, but the
reactions module is independent of mesh geometige the reactions have been simulated and motxéletitjes
updated within each cell, they are transported.
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Figure 2. Levels of modeling complexity studied to represerdggphorus dynamics in wetlands. Levels include apL&vinteractions
between soluble reactive P in water column andpso# water P, b) Level 2: addition of living plaakt c) Level 3: addition of
macrophyte. Notation and details on processes irdlid each Level is given in Table 1.
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Model application

A 1,000 x 200-m flow domain was selected and diszed into 160 equal rectangular triangles (cefw
was set from left to right so that the inflow boang consisted of cells 1, 41, 81 and 122, and th#oov
boundary consisted of cells 40, 80, 120, 160. Alow-boundary was used for the top and bottom (éhgides
of the rectangle. For the purpose of this studgady state flow conditions were established onaadstrd
rectangular mesh to exclude any influence of temisvelocities, spatial heterogeneity. Constanbaiges of
500, 100 and 10 m/d across the domain were fixéld avi average water depth of 1.0 m.

Levels of Complexity

Three models of increasing complexity were credkég. 1a-c). Following the recommendations of Glewal.
(2000), complexity was progressively added to thedeh in an organized and step-wise fashion. Eaeh ne
complexity level correlated to the addition of amew state variable and the associated processsgethe
variable to the existing system. No other cond#iarere changed; the range and distribution of perars that
were common across complexities were held conssantyere the scale, initial and boundary conditiamsl
hydrodynamics of the system. Consequently, any gggobserved in the sensitivity dynamics can béated
to the effects of the additional model complexifgble 1 lists the state variables and processésfimeared in
each complexity level. For full details of the mbedguations and numerical solutions see Jawitt ¢2608).

Table 1.Process description for the increasing levels ofgexity studied

Process Levels  Key, Affected variables Process equation
fig. 2
Diffusion 1,2, 3 1 Surface water SRP concentration dc.?
(mobile), G.” (/) o= e )
Soil porewater SRP concentration Lt
(stabile), Gu” (g/n?)
Sorption-desorption 1,2,3 2 Soil porewater SRiceatration i< k, dC P
(stabile), G." (g/mP) — =Y _ W
Soil adsorbed P mass (stabile}, S dt a dt
(g/n?)
Oxidation of organic soil 1,2,3 3 Soil porewaB®P concentration das?
(stabile), G (g/n?) o kS’
Organic soil mass (stabile)’ &/n?)
Inflow/outflow of surface water SRP 1,2,3 4 SgHavater SRP concentration
(mobile), Gu" (g/n?)
Uptake of SRP through plankton 2,3 5 Surface water SRP concentration dc? C.P
growth (mobile), Gy" (g/nT) =kCcP
Plankton biomass concentration dt Car k)
'sw ¥
(mobile), &' (g/n?)
Settling of plankton 2,3 6 Plankton biomass correian dc.* o
(mobile), &' (g/n?) o K Co
Organic soil mass (stabile)’ &/n?) !
Inflow/outflow of suspended 2,3 7 Plankton biomass concentration
particulates (plankton) (mobile), &' (g/n?)
Uptake of porewater SRP through 3 8 Soil porewater SRP concentration dcm P
macrophyte growth (stabile), Ga" (g/n?) =k,C™ ————
Macrophyte biomass (stabile)!"C dt K Cow +Zasqk}/2p
(g/n)
Senescence of macrophytes and 3 9 Macrophyte biomass (stabile);"C dc™ ma~mp
subsequent deposition (g/m?) dt =-k,"C

Organic soil mass (stabile)} @/n?)

2.3. Parametrization of input factors across compbdty levels

We selected the application of TaRSE without pdalibration, using input base values based onntbst
frequent values for the testing area and the lamgege possible based on literature values. Tos/a testing
the model’s theoretical validity across a wide &g possible scenarios as a necessary step getlidopment
process, prior to evaluation of its performancedqrarticular application (Saltelli et al. 2000e<RIts from the
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global sensitivity and uncertainty analyses wergwated to ensure the consistency of the simulaé&eunlts with
the conceptual model and that nonsensical onesadidmerge, thus testing the model quality.

The field scale ambient variability of many inpiias been reported to be adequately modeled agthdrmal
distributions (Haan et al. 1998; Jury et al. 19944iciga et al. 2006). When there is a lack of datastimate the
mean and standard deviation for such PDFs, tha)batistribution can be used as an acceptable appatixim
(Wyss and Jgrgensen, 1998). When only the rangeadrabe (effective) value are known, a simple gudar
distribution can be used (Kotz and van Dorp, 20B4nally, a uniform distribution is recommendeddases
where values are assumed equally distributed almgntire parametric range.

The input parameters used in the analysis of EaKBable 2) were assigned ranges and probability
distributions based on an extensive literatureengvthat can be found in Jawitz et al. (2008). Siteegoal of
this initial work was a general model investigafiosither than a specific study of its applicatioratparticular
site, the modeled domain selected was a genetigngualar area and parameter ranges were selecten/eo all
physically realistic values for Floridian wetlandle target area of the model. Given the wide raofgghysical
sites and conditions that the data from such aaredlbmpassing approach include, and that values ased on
reviewed literature rather than directly deriveohfrsets of data, the more gendralistribution was selected for
parameters typically characterized by Gaussiamiltiigions. Consequently, all parameters exceptrémsverse
and longitudinal dispersivityl ( andl |, respectively) were described usimglistributions; dispersivity is related
to the composition of the physical system (thavégetation density, domain dimensions, velocity ao forth)
rather than natural variation, and the probabiityhe different values within their range were sidered to be
constant, and accordingly allocated a uniform iistion.

Table 2.Probability distributions of model input factors dga the global sensitivity and uncertainty analysi
Input present

Process no. (fig

Parameter definition Nomenclature 2) Distribution Units in

L1 L2 L3
Coefficient of diffusion k 1 b (7x10%, 4x10° m?s X X X
Coefficient of adsorption &K 2 b (8x10°, 11x10%) m°lg X X X
Soil porosity q 2 b (.7, 0.98) Unitless  x X X
Soil bulk density Iy 2 b (.05, 0.5) Unitless  x X X
Soil oxidation rate & 3 b (.0001, 0.0015) 1/d X X X
P mass fraction in organic soil Csd” 3 b (.0006, 0.0025) Unitless X X X
Longitudinal dispersivity I 4 U (70, 270) m X X X
Transverse dispersivity It 4 U (70, 270) m X X X
Plankton growth rate & 5 b (.2, 2.5) 1/d X X
Plankton half saturation constant 1R 5 b (.005, 0.08) g/m® X X
Plankton settling rate R 6 E (2'3x107’ 5.8x10 m/s X X
P mass fraction in plankton Cof 6 b (.0008, 0.015) Unitless X X
Macrophyte growth rate oRP 8 b (.004, 0.17) 1/d X
(lé/clja:]csr;rr)]r:yte half saturation kg™ 8 b (.001, 0.01) g/m3 X
Macrophyte senescence rate K 9 b (.001, 0.05) 1/d X
P mass fraction in macrophytes Crnpy 9 b (.0002, 0.005) Unitless X

Several outputs were selected for the analysispumting for each of the model's state variablegach
complexity level. For outputs of mobile quantitieserages across the outflow domain were calcuktéee end
of the simulation period. For stabile quantitiesfputs were expressed as the difference betweeimitfal and
final value of averages across the entire domaailél' 1 describes the state-variables that weresalsated as
model outputs in the global sensitivity and undatjeanalyses.
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3. RESULTS AND DISCUSSION

3.1. Effects of Complexity of Model Sensitivity

Figures 3a-i depict the trends in the resultsnftbe Morris method analysis for the soluble re&ct in the
surface waterCs, , the output generally considered to be of greamgstest in management of water quality for
the Everglades Restoration in South Florida.

Firstly, as the complexity increases, the retaication of input factors in thef- s plane changes. At lower
complexities (Levels 1-2) inputs are found closethe 77-axis (almost never approaching, and never excegdi
the 1:1 line). For all outputs at Level 3, the maeters are generally above the 1:1 (shaded triaingéach
graph) and associated with proportionally higlseralues. Highers-values denote role of interactions among
input factors. Secondly, as the complexity incesagspecially at Level 3, progressively more patars are
drawn out into the7s- s plane. Since the important parameters are disshgd from the unimportant by their
relative distance from the origin, this result rates that more parameters become relatively impbras
complexity increases, or conversely that fewer patars are uniquely important. This is a root caafseon-
identifiability (Beven, 1993; Beven and Binley, Z9Beck, 1987)

The sensitivities of,” to different parameters at different complexit&®ws the changing role of certain
parameters as others are added. In Level 1 wthaesoil parametells,, Ky, 7, andXs, are the most important
parameters. For Level 2, plankton in the wateumwml was added to the model, and parameters assbeiéh
plankton growth I@" andk,”) become the most important, though and X, still appear important. With the
addition of macrophytes for Level 3 it becomesidifit to separate obviously important parametenstead,
because of the increased role of interactionsitajrity of the model parameters become notewoithg lack
of any consistency between complexities is indieatif the impact of each subsequent increase irpleity
and the associated state variable and processdke Wmay be feasible to calibrate a model totditsurface
water P data without a plankton component, cle@dyabsence of such a component is questionable iviseso
clearly important when included. Similarly, theostg influence of a macrophyte component on theltesu
indicates that the omission of this component camidermine the validity of results for this output.

Quantitave results from the variance-based ex@n@AST confirm that the percentage of total varman
attributed to first order effects decreases witbréasing complexity (Fig. 4). Conversely, interaes rise
sharply, as suggested by the Morris method resthiis. is consistent across the different model oistp
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Figure 3. Morris method global sensitivity analysis resultssarface-water soluble reactive phosphorus outflew) across complexity
levels and velocities tested.
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Figure 4. Changes in probability distributions of model outpwith increasing levels of complexity.

3.2. Effects of Complexity of Model Uncertainty

Some of the uncertainty (95% confidence inter@l), results (Fig. 4) seem to question the Hanrg@8g)
conceptual trends (Fig. 1), indicating that theseret always as simple and monotonic as propdededct, this
is explainable because the first of the outputsqmrted (soluble P in the water) is an integrativgpput of the
model where all system components participate ¢alyce the final outcome. For this, the expectedaton of
uncertainty holds. For the other intermediate otstfeee Fig. 2), the effects of increasing compjeaie not
received in the same way (that sub-component nmighbe affected by the added complexity in othetspaf the
model and thus no impact would be expected).

Fig. 5 depicts the changes of the output PDFesaccomplexity levels for the same output, from simepler
leptokurtic distribution of the lower complexityviel (represented by the lower number of input fex)to
platykurtic at the intermediate level, ending ughwa bimodal distribution combining the further tglaurtic
nature of the first equilibrium point with a strandeptokurtic end-point. The sharp leptokurtic grmint
corresponds to conditions when die-off of macrophgtcaused by their explosive growth that resnltiraining
of porewater P at a rate faster that diffusion widation can supply it back to the system. In tbése,
macrophytes outcompete and eliminate the effedhefother system components so that no P net-ieduct
between inflow and outflow is obtained. The platyluarea represents conditions for which macrophyre
suppressed and mimics that of Level 2 complexitgh(wo macrophytes), where phytoplankton domin#tes
surface water system dynamics.
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Figure 5. Changes in probability distributions of the modelput with increasing levels of complexity.

Interestingly, the two system states offered hwy tevel 3 correspond with observed stable statesetland
systems (Beisner et al. 2003; Scheffer, 1990; $ehet al. 1993), i.e. algae (phytoplankton)-dortédastate
represented by the platykurtic PDF area, vs. magytepdominated state represented by the sharpkiepio
area. Given the wide range conditions exploredréssmted by the wide range of input factors PDIE) expect
to capture both states of the system. However, Mlais only achieved at complexity Level 3. This diea
indicates that additional model complexity is reqdito capture the complicated, but real, behawiothe
system, and that the lower levels might not appabgiin this context.

4. OPPORTUNITIES AND CHALLENGES

Important questions remain after the analysisqmeed above. Does Level 3 represent the optimwtersy
description? Can this optimum be determined? Aegetlother equally optimal model formulations? Altgb
answers to these questions fall, at least in patt, the subjective realm of the "art of modelingfie tools
presented here offer the modeler the opportunitynoferstanding the tradeoffs, some unexpectedduated by
increasing the complexity of the system descripiiorthe models. We suggest that today we are attierb
position to unravel the complexity vs. relevancawalrum than in 1973 when L. Zadeh presentedgriadiple
of incompatibility (Zadeh, 1973):

"... the conventional quantitative techniques o$tegn analysis are intrinsically unsuited for degliwith
humanistic systems or, for that matter, any syssdrase COMPLEXITY is comparable to that of humanisti
systems. The basis for this contention rests ot whight be called the "principle of incompatibilityStated
informally, the essence of this principle is thatthe complexity of a system increases, our abititymake
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precise and yet significant statements about itetier diminishes until a threshold is reached Inelyahich
precision and significance (or RELEVANCE) becomaa@dt mutually exclusive characteristics..."
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