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INTRODUCTION AND METHODOLOGICAL APPROACH

The main concept explored in this document is theential usefulness of a Monte Carlo
simulation as an analysis tool aiming to capture pinoperties and patterns of change for
sequences of events, and to generate scenarioglasslifications of water quality change
(WQC) in the Great Barrier Region of Australia.

Examples of such properties are rare events tbadran time and affect the capacity for
resilient characteristics of systemic perturbatiohdger et al., 2005). In other cases, they can
also represent a major flood event or storm evemhajor polluting event and so on. Beyond
these major and genuine natural events, many wrar have identified additional
extraordinary societal events that cannot be tdeatemeasured directly using traditional risk
analysis as they involve substantial levels of uadety and complexity (Alacs, 2004;
Lovkvist-Andersen et al., 2004).

Extreme events have serious impacts on policy,ab@d economic characteristics of the
systems they affect, and often go beyond the lohigpatial (geographic) and temporal
boundaries of their immediate physical presenced$y2000; Brown et al., 2002).

Treating water quality parameters as endogenousapiiity density functions used in model
construction is not a new idea. The methodology been identified and established in the
relevant scientific literature. Thierfelder (1998es calibrated normal distributions to describe
the distribution of the mean of seven key waterliguaneasurements such asl, alkalinity,
conductivity, hardness, color, Secchi depth, anthlTBhosphorousn pre- and post-treatment
or management regimes in lake ecosystems (ThierfeltP99). Similarly, Uddameri (2007)
uses normal Bayesian priors for estimating the iguaglarameters of a groundwater water
system in a semi-arid coastal ecosystem in US.

The use of probabilistic distributions to prediatfavorable water quality events is also
documented in the relevant literature. Dolgonosed Korchagin (2005) use this approach to
estimate a probabilistic deviance from regularitresvater quality characteristics such as flow,
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turbidity, color index, oxidability, ammonia andygbplankton concentrations in river systems.
They argue that the probability of observing anamofable value of these parameters can be
modeled using power law approximations and thesoegted distributions, using a general
density function of the form (Dolgonosov and Korgima 2005):

P{x>>}:Tp>§ dk= &' ¥  (Eq.1)

where,

P{ X > % : the probability that a random water quality cleéegistic variable X exceeds a
threshold value of.

A a : parameters describing the properties of the wateity characteristics from a set of
Fokker-Plank stochastic differential equations atav flow.

For other water quality characteristics, such ash®mical indicators, bacterial contaminants
and microorganisms often similkng-normaldistributions have been used to approximate their
measured values against some non-arbitrarily chdkesshold values (El-Shaarawi and
Marsalek, 1999). For large enough sample sizesethag-normal distributions also provide
indicators for the presence of power-law relatigoshin contaminant concentrations (Ruggeri
and Sivaganesan, 2005). In the case of some wataitygcharacteristic that exhibit the
presence of single or multiple chemical equilibtize use of botfiinite Furrier distributions
andthree parameter Gamma distributiohave been proven to provide acceptable and useful
approximation of contaminant loads in the MissigsiRiver in US (Tsai et al., 2001). For
anthropogenic microbiological contaminants Mormalized Laplace transformation of
distribution densityhas been used to predict the level of contamimattie Moskva River in
Russia (Dolgonosov et al., 2006). Some periphexedrpeter distributions that indirectly affect
the values of key water quality characteristicsciisias hydraulic conductivity, pore size
distributions, degradation rate coefficients) cae bstimated directly from preexisting
theoretical and empirical distributions. For exam@ohrabi et al. (2002) uses a combination of
triangular, normal and lognormal distribution® represent these input parameters for a non-
point source water quality model. Using a stat#tistarting point, Van Buren et al. (1997)
evaluate the suitability of tHegnormalandnormal distributionso model storm water quality
parameters and they provide a series of goodnelis4aists and techniques for assessing
candidate distributions (Van Buren et al., 199R09).

Sadiqg et al. (2006) provide a methodological prdistic approach to the estimation of water
quality parameters, especially in the face of uaiety about their distribution. They
demonstrate their approach using evidential bekelsoning and the Dempster-Shafer (DS)
inference theory for the evaluation of potentiagkrof two key water quality characteristics,
namely thetotal coliform level(TC) and theheterotrophic plate countéHPCs) in a water
distribution network. Non-distributional probabflss assessment of water quality data was
provided by Preston and Shackelford (2002), whée probability of an acute or toxic
ecotoxicological threshold of heavy metal contamisavere estimated from empirical evidence
and spatially-explicit data collection in North ©lna’s surface waters. Empirical distributions
of evidential data can be tested and evaluatedtHeir fit against known probabilistic
distributions. Borsuk et al. (2003) used a numbgrpbability elicitation techniques to
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estimate the components of a water quality Bayegrabability network model for predicting
key water quality parameters in a river estuarilorth Carolina (Borsuk et al., 2003, p. 275).
King and Richardson (2003) use numerical probdhlisioassessment of water quality criteria
to estimate cumulative probabilities of cut-off dnange-point values, and indicative and
defendable ecological thresholds. Thompson et280Z) use a Markov Chain Monte Carlo
(MCMC) probabilistic analysis of Gaussian randonxing distributions for estimating the
temporal distribution of tidal cycles. Borsuk an (2000) demonstrate the usefulness of a
Bayesian approach to estimate the posterior digtab of a nonlinear mixed-order BOD decay
model from a set of marginal priors in North Camals river systems.

Beyond the dominant temporal distribution of thetevaguality characteristics, as they are
determined by the distribution and flow networkso tadditional factors contribute to the level
of uncertainty and variability of these values. Séadactors are the spatial configuration of the
region under study (i.e., landscape homogeneityhmterogeneity), and the seasonal variation
of contaminant loads (i.e., annual, monthly andydaycles). Many of these variations require
monitoring and analysis while others exhibit a mtble regularity across various scales of
analysis (Danielsson et al., 2004; Hall and Ander@903). Some of the contaminant and key
water quality characteristics are subject to glptedional and local biogeochemical cycles and
hydrological processes (Harris et al., 2004; Kuithat al., 2000; Kundzewicz and Somlyody,
1997; Vanni, 2002). Robarts et al. (2005) use englidata from a Canadian hypertrophic
prairie lake to estimate seasonal variation of ai&sl oxygen characteristics, and their
associated risk threshold probabilistic criteri@li§Rrts et al., 2005). Giri et al. (2001) tested fou
alternative distributions, namely, theiform, normal, exponentigdndlog-normaldistributions
for estimating key random parameters and their higniariability of a biochemical pollutant
(TCDD) transport concentration levels in a shaltower system, using Monte Carlo techniques.

Measuring and predicting probabilities of eventsvalus to avoid many important pitfalls on
modeling the dynamics of whole systems (e.g., errir water distribution system) across
various spatial and temporal scales. The heterayeiné water uses and water quality
parameters used to assess the suitability andhthicesalues of the water, would otherwise
require a very large variety of models includingcstastic and dynamic equations, mass
conservation, momentum and energy conservatiommtiiynamic equilibrium equations,
hydraulic and engineering flows, chemical and kgalal reactions, climatic interaction
equations, to name a few (Chiang and Gates, 208dplification and transparency of
modeling assumptions thus, becomes a central etefoethe ability of decision makers and
stakeholders to monitor, evaluate and adopt diffeneanagement regimes. The level of detail
to which the state of water quality of a river orer catchment becomes a single dimensional
element of decision making and as such is oftergtsoto be captured by probabilistic
assessment techniques (Briske et al., 2006; Rager2005; Sohrabi et al., 2002), or
probabilistic inference algorithms (C. F. Chenlet2007; da Concei¢cdo Cunha, 1999).

When the level of uncertainty is large, or the kElde data for assessing scale or latent
probabilistic relationships with thresholds, the wé simplified binary responses (e.g., success-
failure) and their derivatives (e.g., time-to-fadu success thresholds), have been modeled and
represented using discrete probabilistic binarytribistions. Hamed and El-Beshry use
probabilistic uncertainty analysis to estimate @rnmal binary success-failure response
distribution of the dissolved oxygen (BOD) concatitns in steams (Hamed and El-Beshry,
2004). Worrall et al. (1998) use a logistic distitibn (output of a logit regression analysis) for
the probabilistic threshold estimation of three kegter quality characteristics: dissolved
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oxygen, biochemical oxygen demand and ammoniadawed river system in Northumberland,
UK (Worrall et al., 1998).

The above described distributions and probabilispproaches to modeling key water quality
characteristics, mostly describes a closed systéndigiributions that model endogenous
parameters of the water quality characteristies,(physical, chemical, and biological), and its
properties across space, time and scales (shotire disst nested box in Figure 1, labeled “Key
water system characteristics”).
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Figure 1: Key systemic characteristics of probabdiassessment of the water quality system

Beyond this rather limiting view of water systenmlaheir qualitative characteristics, a series
of events and their characteristics affect the ritada, scale and distributions across space and
time of the water quality values. Events such esds, extreme rainfalls or draughts, accidents,
industrial and agricultural runoffs, often magnifypultiply and propagate the water quality
characteristics, exceed threshold levels and diffnany of the undesired pollutant levels across
spatial and temporal scales. In many other casksstvthe actual values of pollutant loads
within the closed system do not change, any chaimgélse rate to which these runoffs are
delivered across different end-points of the watstribution system, directly or indirectly
affect the quality and health of the ecosystem iwitlthich the water system is embedded
(Heathcote, 1998; Lake and Bond, 2007; Moran eR8D6). The inclusion of these key events
and their characteristics into a modeling reginievad us to treat the water quality system as an
open system with exogenous modeling parametersv(shdgth the second nested box in Figure
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1, labeled “Key event characteristics”). The usehaf term “open system” here, signifies the
fact that not only the key water quality charadtics and their distributions affect the state of
the water system, but also a series of event-thipeacteristics contribute to the systems’ state.

The relevant literature provides some applicatiohassessing the water quality implications
under the presence and occurrence of events. GdidJdmonas (2002) provide quantitative
probabilistic estimates of the runoff and deliveryves for storm water quality events such as
extreme rainfall. They focus in events that canmmtclassify as extreme (as their long-term
appearance is within the expected range of thetéwazon), but they exhibit aexponential
distribution over time and runoff volume. Both Van Buren et(4R97) and Chen and Adams
(2007) showed that when assessing storm water esgirthe nature of the underlying
distribution changes from mormal distributionunder base flow conditions (normal expected
runoff and its effect to key pollutant loads),lég-normal distributionunder event conditions
(intense or extreme rainfall, extreme slopes ansteveater flow), thus altering the physical and
chemical composition of water quality charactecs{Van Buren et al., 1997, p. 101).

Finally, beyond both the key water quality charaste distributions and the event
characteristic distributions, a number of key cdagitions are important determinants and
inflectors of the state of a water system and itdew quality values. These factors include
considerations of uncertainty and randomness @gtéhie system (i.e., in cases where empirical
distributions are estimated from uncertain datayloere event occurrences cannot be predicted
with a reasonable confidence), variable levelstotigsticity (i.e., in cases where varying the
level of stochasticity and specificity of our asgiions allow us to capture boundary
distributions and events), alternative scenariasnodeling, or ranges of target maximum
loads, management goals and objectives. Thesergactihough non-explicit in terms of a
water system and its water quality characteristao® implicit on many of our modeling
assumptions and distributional representations atew quality values and events. Any
modeling regime that explicitly accounts and tesstsh factors as inclusive to a water system,
allows us to address such a system as an opemsyste endogenous modeling parameters
(shown with the outer nested box in Figure 1, lefd€ékey inference characteristics”).

An example of modeling such processes is shown k& (2003) using an implicit

phosphorus TMDL goal and its probabilistic disttibn to estimate the level of uncertainty and
variability of daily loads within a lake water sggat. Similarly, Carrasco and Chang (2005) take
advantage of the stochastic characteristics of at&#1Garlo simulation analysis to perform risk
assessment analysis for wastewater disposal caoatiens (Carrasco and Chang, 2005).
Similarly, Sohrabi et al. (2002) use Monte Carlmliation techniques to estimate the level of
uncertainty and assess the risks in non-point sopotiution models. Maier et al. (2004) uses
empirical case-study data to perform a risk assessmf flow management approaches to
microbiological bacterial concentrations in Ausaal rivers. Vieira et al. (1998) study the

variability and vulnerability of eutrophication iriver flow systems using a state-variable
approach. Ghosh and Mujumdar (2006) use a fuzzybghmibstic and risk/uncertainty

assessment of water quality indicator thresholdsstomate membership distribution functions
in the Tunga-Bhadra river system in southern In@iaen et al. (2007) use influence diagrams
to perform a six-step qualitative uncertainty asedyf water quality management TDML goals,
including qualitative assessment of key polluticoursees and quality parameter expected
distributions. Thompson et al. (2002) utilize thechastic attributes of a Markov process to
evaluate the complex regularity of tidal mixingdoastal river system. In a similar modeling
application, Malve et al. (2007) use the stochastioperties of MCMC techniques for
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estimating algal mass occurrences in a lake watstes. Revelli and Ridolfi (2004) also
provide further verification of the important roté stochasticity and randomness in studying
water quality system parameters. Mailhot and Véleve (2003) demonstrate the value of
uncertainty analysis and its applications to prdksic water quality modeling. Finally Varis
(1998) showcases the use of Bayesian probabilistiief estimation for water quality
characteristics optimization by matching manageraeadtcontrol targets and goals.

The benefits of using alternative and complementgpyroaches to modeling water quality
parameters and the state of the associated wattensy is shown by Stow et al. (2003), by
analyzing and comparing the advantages and distalyes of alternative modeling techniques
for estimating TDML eutrophication levels in rivestuaries in the US. They recognize the
importance of recognizing that “each model is atreawely crude representation of complex
system behavior, based on an incomplete undersiqradithe system. There are likely to be
unexpected feedbacks and changes in system behdathotime that are not captured in any of
these models. (...)" (Stow et al., 2003, p. 313).

SIMULATION ToOOLS

For the purpose of this analysis the Crystal Batihi¢-Carlo simulation framework is used. The
concept development includes (a) the generatioa simulation model of probability density
functions and the development of a series of rg&itdrs of these events; (b) the replication of
the water quality characteristics of distributiémfs for hundreds or thousands of times; and (c)
the study and analysis of the results.

MONTE CARLO SIMULATION MODEL CHARACTERISTICS

A. EXTREME EVENT DISTRIBUTION

The model considered in this example is inspiresnfthe natural hazards type of process
modeling. The general idea involves the simulatiba process framework of the form:

Natural Hazard -~ Damage- Lot (Eq. 2)

We can represent this hazard asatreme events’ occurrengeobability distribution. In other
words, the distribution denotes the probabilitiesthe occurrence of an extreme event within a
finite time horizon. The longer the time that imemes between the two events is, the smaller is
the frequency of events for a given time interiz@spite the fact that extreme events in general
are the result of complex (and often unobservalognamics across multiple scales (Adger et
al., 2005; Rosenzweig et al., 2001), according ticnAnn et al., “(...) the characterization of
extreme events is usually done in a single sciealiy or socially relevant observable
(dimension) (...)" (Altmann et al., 2006, p. 435). Wan use a number of distributions to
generate the probabilistic frequencies of thesatsve

We can use anaximum extreme value type | distributimngenerate the probability density
function. It is also known as @umbel (maximum) distributiofunction, and it represents the
distribution of the maximum value of an extremerdgvever a given period of time (Gumbel,
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1958). It has been proven useful for the probalaliprediction of extreme events (such as
earthquakes, floods or other naturally occurringjeare events).

The following example represents the simulatiorthef probability of an extreme event. The
likeliest probability of the event’s occurrence2%, and the scale of the events’ occurrence is
0.1 (e.g., a 100-year storm event occurring imidne 10 years). Symbolically, we can represent
this distribution as,

&(n) = MaxExtremeValue Likeliest Scake  Gun(ife?5,0.1 (Eq. 3)

Using the parameters of the above distributiondoegate a Monte Carlo simulation, produces
the following empirical distribution shown in FiguP.
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Figure 2: A Gumbel (maximum extreme event) probghdistribution example

The probability for an extreme event such as the @escribed above represents an uncertain
assumption variable (independent) in the model.

B. VULNERABILITY PARAMETER (IMPACT OR DAMAGE)

This is a second component in the model consideréds approach. If the natural hazard (i.e.,
extreme event occurrence) leads to some form ofadanthen such a damage (especially its
observable impacts) is a significant part of thalysis. Nevertheless, although damage and
impact are not entirely dependent to each othdferdnt types or characteristics of events
generate different, and often uncertain types gbaicts. On the other hand, also similar
characteristics of events (e.g., extreme eventpdrapg in the same time frequency), might
also generate different and uncertain types of atgpa hus, a significant part of the observed
and realized impacts in the society is an unceriatependent variable.

We can simulate such a distribution withBata density function in which we can model
probabilities based on Bayesian statistics, andpeadict the random behavior of percentages
and fractions. ABeta distributionranges between two possible valuasalpha andb-betg,
and has a minimum and maximum range.
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For a standardized distribution we need a Betdriloigion with the following
characteristics:

C(n) = Betamin, max, alpha betp= Befa0,1,3,B (Eq. 4)

Where, - < Betd0,1, 3, 3)< 0. Such a distribution is shown in the next Figure 3
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Figure 3: A Beta probability distribution for vulradaility (impact or damage)

Similarly, this variable (distribution) will alsoebrepresented with an assumption parameter,
since it is also an uncertain (independent) vagiablmodel component, and we do not have any
control over its values.

Nevertheless as seen previously, there is alsagrafisant relationship between an extreme
event and the impact it generates. This relatignghicausal, synergistic, and/or symbiotic.
Arbitrarily (or intuitively) a correlation coeffieint is chosen to represent this relationship
(r ==0.75). In this relationship between extreme eventsetto-failure (higher time-to-failure
mean less time between events, or less eventsngienfuitime), and impact magnitude (higher
impact means more damage) the correlation coeftiéggenegative. Also, this correlation has a
non-linear form, since the distributions chosemepresent the extreme events’ time-to-failure
and vulnerability have different slope charactasstThe correlation coefficient is shown in the
following figure.
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Choose an assumption and enter a correlation coefficient:
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Figure 4: Correlation between extreme events’ timé&ilure and vulnerability (impact)

C. EXPOSUREPARAMETER (PREPAREDNES)

This is the third component of the model. As saerhie hazard type of model (Eq.1), the
hazard-damage coupling leads to a higher levedssf from damage. This loss is affected by the
amount of exposure the damage is facing, in otlmdsy the degree of preparedness to which,
for example, a society or a system in general ljested to. A system that its functionality is
designed to withstand and absorb the damages chysdw occurrence of an extreme event,
will present less losses than a system that eshabitery low degree of preparedness.

The degree of preparednessunlike the previous two variables (distributioishot something
that is beyond our control, but it is determinedday actions and responses (individually and
collectively) to changes, damages, and extremeteemurrences. Any uncertainty involved in
its determination will only be related to the degie which we are uncertain about the extreme
events that are likely to occur, and the magnitidgamages or impact that they may cause. In
other words, for a given frequency of occurrencexifeme events, and a given magnitude of
impacts observed, we are certain about the dedeeparedness or exposure we have in place.

We conceptualize a continuous range of preparedieggee, from 0.0 to 1.0 (a consistent scale
with the previous two variables). The simulatiorCrystal Ball will not directly alter the degree
of preparedness, but will compute the forecastsH level (see next session) for a given
preparedness threshold. We know in advance thhtehigvels of preparedness can ameliorate
the effects of low frequency of event occurrenced high impact levels. Consequently, our
global optimum preparedness threshold is 1 (coomdipg to a 100% preparedness to any
frequency and magnitude of event occurrence anédimpespectively). Yet, we do not know
how this threshold is and can be reached, and whidrelift levels and patterns of thresholds
mean in terms of their respective risks.

We can study these effects by looking at differenenarios for this decision variable
(preparedness). In other words, we will be consitigca scenario ensemble based on realistic,
simulated values of the constructed model.
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Finally, in a sub-optimal world many different reas render the achievement of the globally
optimal threshold of preparedness (=1.0) as umstéldbr even impossible. Some of these
reasons include limited amount and availabilityefources, increased or unreal costs involved,
or simply because we cannot imagine, visualizelmngdrepared for, event horizons and futures
that never have been observed in the past. In a&lingdparadigm, the later can be calibrated
further using an empirical assessment that aimgleatify a reasonable sub-optimal (local
optima) threshold for which a social target carsbie
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Figure 5: Degree of preparedness as a decision
parameter (variable) in the simulation model.

The degree of preparedness is represented inrthidased model by decision parametei.e.,
a variable for which we have control over its avhvalues.

Following a similar logic, we can define a secaegision parameteg, to represent the degree
of decision fading in the model. In the contextled model we are examining, fading represents
an inherent systemic property: if a sequence ohtsvhave a lower magnitude than the ones
expected (or prepared for), then fading indicabespgrobability of incremental lowering of the
threshold values.
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Figure 6 Fading degree as a decision parameter (variat
the simulation model.

D. RISK EVENT ASSESSMENT(MOVING THRESHOLD)

The notion ofrisk has very solid grounds in the theory of probatiisassessment and
reasoning. In probabilistic terms, given an unéergaent,risk can be defined as the product of
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the probability of occurrence and the consequentesccurrence (LOvkvist-Andersen et al.,
2004). Symbolically,

q(n) = pdf(d N x G,y) (Eq. 5)

where,

q(n): a risk factor (threshold)): an uncertain evenB(n): the probability of event occurrence;

Cn-a consequence or cost or loss function, andan uncertainty parameter (similar to the
parametera andg above, indicating our level of certainty on oupested risk assessment). For
the purpose of this model example, the risk assasisthreshold function is simulated as a
normal distribution with mean the productdgh)andC,, and standard deviation the uncertainty
parametery.

In the constructed model the risk event threshelactively dependent on a series of additional
parameters that are simultaneously forecasted.fif$teone is the dominant threshold value,
d(n) that allow us to determine whether or not élkpected probability of an extreme events’
occurrence exceeds the expected or perceivedhriskitold value.

d(n) = max{£ (n),q(n+ 1} (Eqg. 6)
The expected or perceived risk threshold valuebeacalculated from the bimodal distribution:

max{a¢ (n).Ba(n}  if £ (n)> q(n)

Bq(n) otherwise (Ea.7)

q(n+1):{

The equations 5, 6 and 7 allow us to compute iteslgt and estimate the probability
distributions of the risk threshold values.

The following figures showcase the simulated matimates for the example considered in
this document. A more intuitive and perhaps moreeresting indicator of the model
performance (adaptivity) is the computation of teent barrier differencey(n), as the
difference between the probabilities of observecenéy and expected risk threshold
preparedness, post-estimated from the data. Im witbwels,

y(n=¢(n-dn (Eq. 8)
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Figure 7: Forecasted probability distribution foe tdominant adaptation threshold
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Figure 8 Simulated forecast of the extreme events’ badifference threshold.
Values of the threshold above 0 indicate positesponse feedback (adaptation).
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Figure 9 Risk event assessment of moving threshold digioh for the Monte Carlo
simulation. Threshold values above the mean thidsfmue are likely to increase
the adaptive capacity of the response system.

SYNTHESIS OFSIMULATION RUNS

Synthesizing the results of the Monte Carlo simiokatruns described in the previous
paragraphs, we can see how the model allow ustitnage the adaptive dynamics of a moving
risk threshold in the presence of extreme, uncgersaid turbulent events entering the water
quality system. From the following Figure 11, wencsee that the risk event assessment
threshold trails successfully the dominant threshahd the cases where the difference between
observed (extreme) and expected (prepared for)tewmeturs mainly where threshold values
are negative (the present risk threshold exceeslgittreme event frequency). By looking also
the assumption parameters in the cross-tabulatiatmibxmof Figure 12, we can see that the
moving threshold is very responsive to changes ssumed event frequencies (relatively
clustered data cloud). On the other hand, the ngotlineshold seems to be less responsive to
vulnerabilities inherent in the system. The grayed in the cross-tabulation matrix represent
response curves among any two pairs of parameters.

This analysis does not include the study of theadyis behavior of the three decision
parameters included in the model B, v). Initial repeated tournaments of simulation resul
confirmed the sensitivity of results to these dedigarameters, and more successful response
curves under varying combinations of these paramesevery possible to indicate a strong
policy mix associated with them. The mix betweepasure (degree of inherent preparedness of
the water quality management system), fading (aegrk inherent relaxation of policies,
regulations, etc.), and uncertainty (degree of nahe uncertainty about estimated risk
assessment) represents a very important aspelisanbdeling exercise and deserves a closer
examination in future implementations.
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