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RESUMEN. La relación entre complejidad e incertidumbre de los modelos de simulación limita su 
adopción. Mientras que el modelo resulta de la simplificación práctica de la realidad para su estudio o 
gestión, la propia simplificación introduce incertidumbre en los resultados. Una alternativa a esta 
limitación sería el aumento de la complejidad del modelo para mejorar la descripción de los procesos. 
Sin embargo, la incertidumbre en la estructura del modelo no es la única, y ésta se suma otras 
incertidumbres derivadas de los errores en los datos usados en el modelo, o la variabilidad 
espaciotemporal del dominio de aplicación del modelo traducido en la incertidumbre de los factores de 
entrada del modelo. Como resultado, el modelo más complejo, aunque puede producir resultados más 
exactos, puede tener mayor incertidumbre asociada que limita su relevancia para la aplicación deseada. 
Mediante la combinación de modelos de estructura flexible definida por el usuario, y técnicas modernas 
de análisis global de sensibilidad e incertidumbre es hoy posible evaluar formalmente los efectos 
inesperados del aumento de complejidad de los modelos durante la etapa de diseño y desarrollo del 
modelo. Se presenta un ejemplo de un modelo biogeoquímico formulado con tres complejidades crecientes 
para el estudio del fósforo en disolución en el agua superficial de un humedal del Sur de Florida. Los 
resultados de la evaluación del modelo indican que existe una tendencia clara entre la complejidad del 
modelo y la sensibilidad de sus parámetros, con un aumento progresivo del efecto de las interacciones 
con la complejidad, y reducción complementaria de los efectos directos de los parámetros sobre las 
salidas (carácter aditivo), así como reducción de la incertidumbre global. Un resultado interesante es que 
sólo mediante el máximo nivel de complejidad es posible reproducir el comportamiento ecológico 
observado en humedales, caracterizado por dos estados estables (dominado por algas y dominado por 
macrófitos). 

ABSTRACT. The relationship between model complexity and uncertainty in model results limits efforts to 
develop and apply these tools. While models result from the practical simplification of reality for prediction or 
study purposes, the simplification process introduces limitations in the model results expressed in terms of 
uncertainty.  An alternative to overcome these limitations could be to increase the model complexity to improve 
the description of the underlying system processes. However, these structural uncertainties combine with those 
from data errors and intrinsic spatial and temporal variability of the model application domain that translates in 
input factor uncertainty. As a result, although a more complex model can potentially produce more accurate 
results, it can also compound additional sources of uncertainties that ultimately limit the relevance of the model 
for the intended application. Today the combination of modern flexible modeling tools combined with global 
sensitivity and analysis methods during the model building steps, allows for the formal evaluation of the 
sometimes unintended impacts of increasing model complexity. An example is presented where a biogeochemical 
model is build with three increasing complexities to predict the surface water concentration of phosphorus in 
South Florida wetlands, and the changes in model sensitivity and uncertainty evaluated at each step. The 
sensitivity analysis results show clear trends of increase in interactions among input factors, with a 
corresponding reduction in the direct contribution of individual inputs over the output, and a general decrease 
in uncertainty on the predicted surface phosphorus concentration. Interestingly, the correct representation of 
observed wetlands bimodal system states (i.e. algae-dominated vs. macrophyte-dominated) requires the 
maximum complexity level explored. 
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1. INTRODUCTION 

  Our inability to truly validate models of open systems (Oreskes et al. 1994; Konikow and Bredehoeft, 1992) is, 
at its heart, due to our inability to reproduce the complexity of real systems.  Reasons for this include a lack of 
understanding or capacity to conceptualize complicated systems, the inability to obtain true observations because 
of measurement uncertainties and heterogeneities in space and time and scale of physical parameters, and the 
discontinuous nature of numerical solutions that imperfectly reproduce the continuity of reality. The cumulative 
effect of such limitations is a source of growing unease among developers and users of dynamic simulation 
models (Manson 2007, 2008; Messina et al. 2008). In particular, there is anxiety about the effects of various 
sources of uncertainty on model output, and this issue has prompted doubt that the considerable effort going into 
dynamic system modeling will in fact yield the expected payback in terms of new insights about complex systems 
(Zadeh, 1973; Ascough et al. 2008). In lieu of true validation, we strive for confidence in model results, which 
we consider by evaluating the extent of our lack of confidence – the degree of uncertainty associated with a 
model’s results (Naylor and Finger, 1967; Beven, 2006). 
  Consequently, there is growing interest in evaluating the contributions of model inputs and structural uncertainty 
(i.e. from model algorithms and design) to the overall uncertainty of model outputs (Beven, 1993; Beven and 
Binley 1992; Draper, 1995). However, the sources and magnitude of uncertainty and its effect on dynamic model 
output has not been studied comprehensively (Beven, 2006; Haan et al. 1995; Muñoz-Carpena et al. 2007; 
Shirmohammadi et al. 2006). The role of uncertainty analysis is to propagate the various uncertainties onto a 
model output, while sensitivity analysis is used to determine how uncertainty in model output can be apportioned 
to different sources of uncertainty in the model input (Saltelli et al. 2008). Whereas uncertainty analysis 
quantifies the overall uncertainty, sensitivity analysis identifies the key contributors to uncertainty; together, they 
constitute a reliability assessment of a model (Scott, 1996). The sensitivity of a model output to a given input 
factor has been traditionally expressed in terms of the derivative of the model output with respect to the input 
variation (Haan et al. 1995). These sensitivity measurements are "local" because they are fixed to a point (base 
value) or narrow range where the derivative is taken. Local sensitivity indexes are classified as "one-parameter-
at-a-time" (OAT) methods, i.e., they quantify the effect of a single parameter by assuming all others are fixed 
(Saltelli et al. 2004). Local OAT sensitivity indices are efficient only if all factors in a model produce linear, 
direct (first-order) output responses. However, if changes in the input factors are non-linear and exhibit 
interaction (higher order) effects on model output responses, an alternative global sensitivity approach is needed 
(Leamer, 1990), where the entire parametric space of the model is explored simultaneously for all input factors. 
In complex models, the output response is often non-linear and non-additive, so local OAT techniques are not 
appropriate, and global techniques that evaluate the input factors of the model concurrently over the whole 
parametric space must be used. Different types of global sensitivity (Cacuci, 2003; Saltelli et al. 2000, 2004) and 
uncertainty (Haan, 1989; Shirmohammadi et al. 2006) methods can be selected based of the objective of the 
analysis. 
  Given our inability to simulate reality with simplified tools, it is not surprising that more complex models are 
pursued (Freeze, 1969; Arthur, 1999; Chwif et al. 2000), supported by other factors like the dramatic advances in 
computing and data acquisition by remote sensing and other automatic methods (Schaller, 1997). However, 
increasing model complexity has important effects on model uncertainty. Models that are too simple may not 
capture important processes and cannot be proven to reproduce the measured data patterns for the right reasons 
(Nihoul, 1994). Although increasing complexity by incorporating more state variables and processes can initially 
reduce uncertainty, it can have the opposite effect after a certain point (Hanna, 1988; Fisher et al. 2002) (Fig. 1b). 
This makes identification of a potential “inflection point” important, for it reveals the optimal scale for modeling 
a system that incorporates sufficient complexity to gain information while avoiding greater uncertainty. Recent 
work has tried to identify some general relationships between complexity and two components of model 
uncertainty; error and sensitivity (Snowling and Kramer, 2001) (Fig. 1a). The authors showed that as complexity 
increases, model error (the difference between measured and simulated results) decreases while model sensitivity 
(by how much an output changes due to changes in inputs) increases. They based their hypothesis on the general 
concept that increased complexity, due to the inclusion of more simulated processes, requires fewer simplifying 
assumptions and provides a more accurate representation of the real system (less structural uncertainty). 
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Consequently, model error should decrease. Conversely, sensitivity would increase because of the higher number 
of parameters required by the model to simulate more processes. This hypothesis has been recently corroborated 
by Lindenschmidt (2006) and Lindenschmidt et al. (2006). 

 

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

  However, these works are limited in scope because they have corroborated the proposed relationships only for 
limited ranges of parameter values centralized around calibrated applications (Snowling and Kramer, 2001; 
Lindenschmidt, 2006), or based on local OAT sensitivity analysis (Lindenschmidt et al. 2006). To elucidate more 
general relationships between model complexity and uncertainty, Cox et al. (2006) present a method for 
systematic simplification of complex models, and Lawrie and Hearne (2007) pursue this using sensitivity 
analysis. 
  The growing interest in the issue of complexity and uncertainty is particularly pertinent today because of the 
recent availability of flexible computational modeling tools, which give the user the opportunity to define the 
model structure and complexity. The degree of model complexity has previously been largely imposed on model 
users, and although a choice between potential tools of varying complexity exists, the decision itself is more often 
a product of other modeling considerations, i.e. the “art of modeling”. Model developers are more commonly 
responsible for choosing a complexity – users more often than not simply have to deal with the consequences. 
This has been particularly so for mechanistic, numerical models of complex environmental systems, with large, 
spatially-distributed domains and numerous state variables. Typically, development of such tools is the task of 
specialists, and is not very amenable to flexibility. Today, the economics of computer code reusability make it 
seemingly inevitable that the adoption of flexible computational tools will continue to grow. Dynamic systems 
that can be conceptualized without a spatial domain have had such flexible modeling tools for many years, with 
popular systems such as STELLA (Doerr, 1996), and found applications in a wide array of fields. Similar 
flexibility has been pursued with GIS modeling tools (see for example Wesseling et al. 1996). Recently, Jawitz et 
al. (2008) have developed a flexible tool for spatially-distributed numerical modeling of environmental 
biogeochemical processes controlling water quality, the Transport and Reactions Simulation Engine (TaRSE). 
Another driver of increased interest in model complexity is the development of multi-disciplinary integrated 
models that combine environmental and socio-economic drivers, sometimes through coupling of existing 
specialty models into a multi-modeling framework that can incorporate larger uncertainty than conventional 
models (Lindenschmidt et al. 2007). 
  In this paper we integrate a step-wise model-building approach using global uncertainty and sensitivity analysis 
to evaluate several sources of uncertainty in order to guide model development across multiple levels of model 
complexity. Given uncertainty about model input factors, model development closely coupled to global 
uncertainty and sensitivity analysis can reveal unintended effects not only in terms model sensitiviy and 
uncertainty, but also precision and capacity of the model to reproduce real, and complicated, system responses. 
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2. MATERIALS AND METHODS 

2.1. Global Sensitivity and Uncertainty Analysis Methods 

  Two state-of-the-art global sensitivity and uncertainty methods were used: the screening method of Morris 
(1991) and a variance-based method, extended Fourier Amplitude Sensitivity Test (FAST) (Saltelli, 1999) based 
on the methods proposed by Cukier et al. (1973, 1978) and Koda et al. (1979). A brief summary of each method 
is given below with more details summarized by Muñoz-Carpena et al. (2007). 
  The Morris (1991) method, extended by Campolongo and Saltelli (1997), is qualitative in nature and therefore 
can only be used to assess the relative importance of input factors. A simplified explanation of the method is that 
the absolute values of the elementary effects for each input factor produces a statistic named m* whose 
magnitude, when compared for all the model input factors, provides the order of importance for each factor with 
respect to the model output of interest (Campolongo et al. 2007). The standard deviation of the elementary 
effects, s, can be used as a statistic indicating interactions of the input factor with other factors and of its 
nonlinear effects (higher-order effects). For each output of interest, pairs of (m* i, s i) for each input factor Xi can 
be plotted in a Cartesian plane to indicate qualitatively the relative importance of each output (distance from the 
origin on the X-axis), and its interaction effects (distance from the origin on the Y-axis). 
  The extended FAST variance-based method provides a quantitative measure of sensitivity of the model output 
with respect to each input factor, using what is termed as a first-order sensitivity index, Si, and defined as the 
fraction of the total output variance attributed to a single input factor). In the rare case of an additive model 
where the total output variance is explained as a summation of individual variances introduced by varying each 
parameter alone, SSi = 1. In addition to the calculation of first order indices, the extended FAST method (Saltelli, 
1999) calculates the sum of the first and all higher order indices for a given input factor in what is called a total 
sensitivity index, STi. 

 
njkiTi SSSSS ...1111 ...+++=  (1)  

  Based on equation (1), interaction effects can then be determined by calculating STi - Si. It is interesting to note 
that m* of the Morris (1991) method is a close estimate to the total sensitivity index (STi) obtained through the 
variance-based global sensitivity analysis (Campolongo et al. 2007). Since the extended FAST method uses a 
randomized sampling procedure, it provides an extensive set of outputs that can be used in the global uncertainty 
analysis of the model. Thus, probability distribution functions (PDFs), cumulative probability functions (CDFs) 
and percentile statistics can be derived for each output of interest. 
  In general, the proposed analysis procedure followed six main steps: (1) probability distribution functions, 
PDFs, were constructed for uncertain input factors; (2) input sets were generated by sampling the multivariate 
input distribution, according to the selected global method (i.e., Morris method for the initial screening and 
extended FAST for the quantitative refining phase); (3) model simulations were executed for each input set; (4) 
global sensitivity analysis was performed according to the selected method; (5) for the input factors identified as 
important by the Morris method, steps 2 through 4 were repeated for these factors using FAST to quantify the 
results; and (6) uncertainty was assessed based on the outputs from the extended FAST simulations by 
constructing PDFs, cumulative distribution functions (CDFs), and statistics of calculated errors. The Monte-Carlo 
based software Simlab (Saltelli et al. 2004) was used for multivariate sampling of the input factors and post-
processing of the model outputs. Pseudo-random sample sets were created for all the parameters in each of the 
levels, and for each of the two sensitivity analysis methods; 6 sets in all for the three complexity levels and for 
the Morris and extended FAST methods. The number of computed runs was selected according to the number of 
parameters in each complexity level according to Saltelli et al. (2004). Overall, 1,170 Morris and 45,046 FAST 
simulations were conducted. Simulations were performed using the High Performance Computing Center at the 
University of Florida. 
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2.2. Model Description, Application and Selection of Modeling Complexity Levels 

Model description RSM:TaRSE 
  A water quality numerical modeling framework, the Transport and Reactions Simulation Engine (TaRSE), has 
recently been developed to simulate the biogeochemistry and transport of phosphorus in the Everglades wetlands 
of south Florida (Jawitz et al. 2008; James et al. 2009). The Comprehensive Everglades Restoration Plan (CERP) 
is a US$10 billion ecosystem restoration effort, the largest in the world, aimed at restoring historic flows and 
phosphorus levels to the ecosystem. A significant component of this plan entails modeling the water quality with 
respect to phosphorus levels, and TaRSE was developed to meet this need. 
  TaRSE is comprised of two principal modules; one that simulates the advective and dispersive movement of 
solutes and suspended particulates (the “transport” module) (James et al. 2009), and one that simulates the 
transfer and transformation of phosphorus between model components (the “reactions” module) (Jawitz et al. 
2008). The term “Simulation Engine” refers to the generic nature of the tool; the reactions component has been 
designed such that the user specifies the state variables of the model and the nature of the equations linking them. 
State variables are classified as “mobile” if they are to be transported, or “stabile” if they are not. Thus, even 
though the initial setup of TaRSE is aimed at phosphorus water quality simulations, this flexibility in model 
structure means it can be easily adapted to different systems, biogeochemical or other. The user selects relations 
among components based on a suite of equations including zeroth-order, first-order, Michelis-Mentin growth and 
decay, sorption-desorption kinetics and rule based relations (Jawitz et al. 2008). TaRSE requires that 
hydrodynamic state variables, stage and velocity, be provided by a coupled hydrologic model. TaRSE employs a 
triangular mesh to discretize the spatial domain for the Godunov-mixed finite element transport algorithm, but the 
reactions module is independent of mesh geometry; once the reactions have been simulated and mobile quantities 
updated within each cell, they are transported. 

 

Figure 2. Levels of modeling complexity studied to represent phosphorus dynamics in wetlands. Levels include a) Level 1: interactions 
between soluble reactive P in water column and soil pore water P, b) Level 2: addition of living plankton; c) Level 3: addition of 

macrophyte. Notation and details on processes included in each Level is given in Table 1. 
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Model application 
  A 1,000 × 200-m flow domain was selected and discretized into 160 equal rectangular triangles (cells). Flow 
was set from left to right so that the inflow boundary consisted of cells 1, 41, 81 and 122, and the outflow 
boundary consisted of cells 40, 80, 120, 160. A no-flow boundary was used for the top and bottom (longer) sides 
of the rectangle. For the purpose of this study, steady state flow conditions were established on a standard 
rectangular mesh to exclude any influence of transient velocities, spatial heterogeneity. Constant velocities of 
500, 100 and 10 m/d across the domain were fixed with an average water depth of 1.0 m. 

Levels of Complexity 
  Three models of increasing complexity were created (Fig. 1a-c). Following the recommendations of Chwif et al. 
(2000), complexity was progressively added to the model in an organized and step-wise fashion. Each new 
complexity level correlated to the addition of one new state variable and the associated processes relating the 
variable to the existing system. No other conditions were changed; the range and distribution of parameters that 
were common across complexities were held constant, as were the scale, initial and boundary conditions, and 
hydrodynamics of the system. Consequently, any changes observed in the sensitivity dynamics can be attributed 
to the effects of the additional model complexity. Table 1 lists the state variables and processes that appeared in 
each complexity level. For full details of the model equations and numerical solutions see Jawitz et al. (2008). 

Table 1. Process description for the increasing levels of complexity studied 
Process Levels Key, 

fig. 2  
Affected variables Process equation 

Diffusion 1, 2, 3 1 Surface water SRP concentration 
(mobile), Csw

P  (g/m3) 
dCsw

P

dt
=

kdf

zwzdf

Cpw
P - Csw

P( ) 

Soil porewater SRP concentration  
(stabile), Cpw

P  (g/m2) 
Sorption-desorption 1, 2, 3 2 Soil porewater SRP concentration  

(stabile), Cpw
P  (g/m2) 

dSP

dt
=

r bkd

q
dCpw

P

dt
 

 
Soil adsorbed P mass (stabile), SP 
(g/m2) 

Oxidation of organic soil 1, 2, 3 3 Soil porewater SRP concentration  
(stabile), Cpw

P  (g/m2) 
dSo

dt
= - koxS

o 

Organic soil mass (stabile), So (g/m2) 
Inflow/outflow of surface water SRP 1, 2, 3 4 Surface water SRP concentration 

(mobile), Csw
P  (g/m3) 

 

Uptake of SRP through plankton 
growth 

2, 3 5 Surface water SRP concentration 
(mobile), Csw

P  (g/m3) 
dCpl

dt
= kg

plCpl Csw
P

Csw
P + k1

2

pl

�  

�  
�  �  

�  

�  
�  �  

 

Plankton biomass concentration 
(mobile), Cpl  (g/m3) 

Settling of plankton 2, 3 6 Plankton biomass concentration 
(mobile), Cpl  (g/m3) 

dCsw
pl

dt
= kst

plCsw
pl  

Organic soil mass (stabile), So (g/m2) 
Inflow/outflow of suspended 
particulates (plankton) 

2, 3 7 Plankton biomass concentration 
(mobile), Cpl  (g/m3) 

 

Uptake of porewater SRP through 
macrophyte growth 

3 8 Soil porewater SRP concentration 
(stabile), Cpw

P  (g/m2) 
dCmp

dt
= kg

mpCmp Cpw
P

Cpw
P + zasqk1

2

pl

�  

�  
�  �  

�  

�  
�  �  
 

Macrophyte biomass  (stabile), Cmp  
(g/m2) 

Senescence of macrophytes and 
subsequent deposition 

3 9 Macrophyte biomass  (stabile), Cmp  
(g/m2) 

dCmp

dt
= - ksn

mpCmp 

Organic soil mass (stabile), So (g/m2) 

2.3. Parametrization of input factors across complexity levels 

  We selected the application of TaRSE without prior calibration, using input base values based on the most 
frequent values for the testing area and the largest range possible based on literature values. This allows testing 
the model’s theoretical validity across a wide range of possible scenarios as a necessary step in the development 
process, prior to evaluation of its performance for a particular application (Saltelli et al. 2000). Results from the 
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global sensitivity and uncertainty analyses were evaluated to ensure the consistency of the simulation results  with 
the conceptual model and that nonsensical ones did not emerge, thus testing the model quality. 
  The field scale ambient variability of many inputs has been reported to be adequately modeled with log-normal 
distributions (Haan et al. 1998; Jury et al. 1991; Loáiciga et al. 2006). When there is a lack of data to estimate the 
mean and standard deviation for such PDFs, the (beta) b-distribution can be used as an acceptable approximation 
(Wyss and Jørgensen, 1998). When only the range and a base (effective) value are known, a simple triangular 
distribution can be used (Kotz and van Dorp, 2004). Finally, a uniform distribution is recommended in cases 
where values are assumed equally distributed along the entire parametric range. 
  The input parameters used in the analysis of TaRSE (Table 2) were assigned ranges and probability 
distributions based on an extensive literature review that can be found in Jawitz et al. (2008). Since the goal of 
this initial work was a general model investigation, rather than a specific study of its application to a particular 
site, the modeled domain selected was a generic rectangular area and parameter ranges were selected to cover all 
physically realistic values for Floridian wetlands; the target area of the model. Given the wide range of physical 
sites and conditions that the data from such an all-encompassing approach include, and that values were based on 
reviewed literature rather than directly derived from sets of data, the more general b-distribution was selected for 
parameters typically characterized by Gaussian distributions. Consequently, all parameters except for transverse 
and longitudinal dispersivity (l t and l l, respectively) were described using b-distributions; dispersivity is related 
to the composition of the physical system (that is, vegetation density, domain dimensions, velocity, and so forth) 
rather than natural variation, and the probability of the different values within their range were considered to be 
constant, and accordingly allocated a uniform distribution. 

Table 2. Probability distributions of model input factors used in the global sensitivity and uncertainty analysis 

Parameter definition Nomenclature 
Process no. (fig 

2) 
Distribution Units 

Input present 
in 

L1 L2 L3 
Coefficient of diffusion kdf 1 b (7×10-10, 4×10-9) m2/s x x x 
Coefficient of adsorption kd 2 b (8×10-6, 11×10-6) m3/g x x x 
Soil porosity q 2 b (.7, 0.98) Unitless x x x 
Soil bulk density r b 2 b (.05, 0.5) Unitless x x x 
Soil oxidation rate kox 3 b (.0001, 0.0015) 1/d x x x 
P mass fraction in organic soil Cso

P 3 b (.0006, 0.0025) Unitless x x x 
Longitudinal dispersivity l l 4 U (70, 270) m x x x 
Transverse dispersivity l t 4 U (70, 270) m x x x 
Plankton growth rate kgpl 5 b (.2, 2.5) 1/d   x x 
Plankton half saturation constant k1/2

pl 5 b (.005, 0.08) g/m3   x x 

Plankton settling rate kst
pl 6 b (2.3×10-7, 5.8×10-

6) 
m/s   x x 

P mass fraction in plankton Cpl
P 6 b (.0008, 0.015) Unitless   x x 

Macrophyte growth rate kg
mp 8 b (.004, 0.17) 1/d     x 

Macrophyte half saturation 
constant 

k1/2
mp 8 b (.001, 0.01) g/m3     x 

Macrophyte senescence rate ksn
mp 9 b (.001, 0.05) 1/d     x 

P mass fraction in macrophytes Cmp
P 9 b (.0002, 0.005) Unitless     x 

  Several outputs were selected for the analysis, accounting for each of the model’s state variables at each 
complexity level. For outputs of mobile quantities, averages across the outflow domain were calculated at the end 
of the simulation period.  For stabile quantities, outputs were expressed as the difference between the initial and 
final value of averages across the entire domain. Table 1 describes the state-variables that were also selected as 
model outputs in the global sensitivity and uncertainty analyses. 
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3. RESULTS AND DISCUSSION 

3.1. Effects of Complexity of Model Sensitivity 

  Figures 3a-i depict the trends in the results from the Morris method analysis for the soluble reactive P in the 
surface water, Csw

P, the output generally considered to be of greatest interest in management of water quality for 
the Everglades Restoration in South Florida. 
  Firstly, as the complexity increases, the relative location of input factors in the m*-s  plane changes. At lower 
complexities (Levels 1-2) inputs are found closer to the m*-axis (almost never approaching, and never exceeding, 
the 1:1 line). For all outputs at Level 3, the parameters are generally above the 1:1 (shaded triangle in each 
graph) and associated with proportionally higher s-values.  Higher s-values denote role of interactions among 
input factors.  Secondly, as the complexity increases, especially at Level 3, progressively more parameters are 
drawn out into the m*-s  plane. Since the important parameters are distinguished from the unimportant by their 
relative distance from the origin, this result indicates that more parameters become relatively important as 
complexity increases, or conversely that fewer parameters are uniquely important. This is a root cause of non-
identifiability (Beven, 1993; Beven and Binley, 1992; Beck, 1987) 
  The sensitivities of Csw

P to different parameters at different complexities shows the changing role of certain 
parameters as others are added.  In Level 1 we see that soil parameters kox, kdf, r b and Xso are the most important 
parameters.  For Level 2, plankton in the water column was added to the model, and parameters associated with 
plankton growth (kg

pl and k1/2
pl) become the most important, though kox and Xso still appear important. With the 

addition of macrophytes for Level 3 it becomes difficult to separate obviously important parameters. Instead, 
because of the increased role of interactions, the majority of the model parameters become noteworthy. The lack 
of any consistency between complexities is indicative of the impact of each subsequent increase in complexity 
and the associated state variable and processes. While it may be feasible to calibrate a model to fit to surface 
water P data without a plankton component, clearly the absence of such a component is questionable when it is so 
clearly important when included. Similarly, the strong influence of a macrophyte component on the results 
indicates that the omission of this component could undermine the validity of results for this output. 
  Quantitave results from the variance-based extended FAST confirm that the percentage of total variance 
attributed to first order effects decreases with increasing complexity (Fig. 4). Conversely, interactions rise 
sharply, as suggested by the Morris method results. This is consistent across the different model outputs. 
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Figure 3. Morris method global sensitivity analysis results for surface-water soluble reactive phosphorus outflow (Csw
P) across complexity 

levels and velocities tested. 
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Figure 4. Changes in probability distributions of model outputs with increasing levels of complexity. 

3.2. Effects of Complexity of Model Uncertainty 

  Some of the uncertainty (95% confidence interval, CI) results (Fig. 4) seem to question the Hanna (1988) 
conceptual trends (Fig. 1), indicating that these are not always as simple and monotonic as proposed. In fact, this 
is explainable because the first of the outputs presented (soluble P in the water) is an integrative output of the 
model where all system components participate to produce the final outcome. For this, the expected reduction of 
uncertainty holds. For the other intermediate outputs (see Fig. 2), the effects of increasing complexity are not 
received in the same way (that sub-component might not be affected by the added complexity in other parts of the 
model and thus no impact would be expected). 
  Fig. 5 depicts the changes of the output PDFs across complexity levels for the same output, from the simpler 
leptokurtic distribution of the lower complexity level (represented by the lower number of input factors), 
platykurtic at the intermediate level, ending up with a bimodal distribution combining the further platykurtic 
nature of the first equilibrium point with a strongly leptokurtic end-point. The sharp leptokurtic end-point 
corresponds to conditions when die-off of macrophyte is caused by their explosive growth that results in draining 
of porewater P at a rate faster that diffusion or oxidation can supply it back to the system. In this case, 
macrophytes outcompete and eliminate the effect of the other system components so that no P net-reduction 
between inflow and outflow is obtained. The platykurtic area represents conditions for which macrophytes are 
suppressed and mimics that of Level 2 complexity (with no macrophytes), where phytoplankton dominates the 
surface water system dynamics. 
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Figure 5. Changes in probability distributions of the model output with increasing levels of complexity. 

  Interestingly, the two system states offered by the Level 3 correspond with observed stable states in wetland 
systems (Beisner et al. 2003; Scheffer, 1990; Scheffer et al. 1993), i.e. algae (phytoplankton)-dominated state 
represented by the platykurtic PDF area, vs. macrophyte-dominated state represented by the sharp leptokurtic 
area. Given the wide range conditions explored (represented by the wide range of input factors PDF), we expect 
to capture both states of the system. However, this was only achieved at complexity Level 3. This clearly 
indicates that additional model complexity is required to capture the complicated, but real, behavior of the 
system, and that the lower levels might not appropriate in this context. 

4. OPPORTUNITIES AND CHALLENGES 

  Important questions remain after the analysis presented above. Does Level 3 represent the optimum system 
description? Can this optimum be determined? Are there other equally optimal model formulations? Although 
answers to these questions fall, at least in part, into the subjective realm of the "art of modeling", the tools 
presented here offer the modeler the opportunity of understanding the tradeoffs, some unexpected, introduced by 
increasing the complexity of the system description in the models. We suggest that today we are at a better 
position to unravel the complexity vs. relevance conundrum than in 1973 when L. Zadeh presented his “principle 
of incompatibility” (Zadeh, 1973): 
"... the conventional quantitative techniques of system analysis are intrinsically unsuited for dealing with 
humanistic systems or, for that matter, any system whose COMPLEXITY is comparable to that of humanistic 
systems. The basis for this contention rests on what might be called the "principle of incompatibility". Stated 
informally, the essence of this principle is that as the complexity of a system increases, our ability to make 
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precise and yet significant statements about its behavior diminishes until a threshold is reached beyond which 
precision and significance (or RELEVANCE) become almost mutually exclusive characteristics..." 
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