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EXECUTIVE SUMMARY

The Irvine Ranch Water District retained EQA, Inc., in association with the University of
California School of Public Health, to explore new approaches to microbial risk assessment
applicable to assessing the population risks of ingestion of reclaimed water. The general
technical approach proposed for development in this project was based on earlier work by
project investigators relating to the risk of infectious waterborne disease for the U.S.
Army. To supplement the experience and expertise of the project team, a Technical
Advisory Committee was established to provide input on all phases of the project.

The primary objectives of the project were to: (1} develop an epidemiologically based risk
assessment model that allows for the assessment of the public health risk of exposure via
ingestion to microbial agents associated with water recycling projects; (2) conduct a
formal analysis of uncertainty of key model parameters; and (3) estimate the level of
microbial risk associated with several combinations of recycled water treatment methods
and uses.

A principal failing of much of the earlier work in this area was its neglect of population-
related aspects of risk, e.g., immune status and community-specific exposure factors. To
address these issues from the outset, a risk assessment model was developed that was
based closely on models used in infectious disease epidemiology. The great advantage of
this form of model is that it can be used to integrate and organize the diverse data bearing
on disease risk, account for immunity to disease, model aspects of the transmission
dynamics of the agent in the environment, and explicitly acknowledge the uncertainty and
variability in the many parameter values characteristic of comprehensive modeis.

The uncertain and variable nature of environmental systems such as those modeled in this
study makes an absolute assessment of risk questionable. Therefore, a comparative risk
approach was developed in which a background simulation scenario was analyzed for each
pathogen under study. The risk associated with each of several alternatives for reclaimed
water use was then compared with a background prevaience level. All subsequent
uncertainty analysis was performed by assessing whether or not a simulation produced an
output above or below a mean background level plus one standard deviation.

Unfortunately, in many biological models there is sufficient uncertainty in parameter values
to make the selection of any particular parameter set about which to conduct a typical
sensitivity analysis a questionable procedure. The technigue know as regional sensitivity
analysis (RSA) was utilized to overcome the short comings of the typical sensitivity
analysis approach. RSA involves describing the uncertainty or variability in each model
parameter by a statistical distribution function and then, within the structure of the risk
model, use the set of parameter distributions to define the system under study. The
strength of this type of analysis is that it overtly acknowledges both uncertainty and
variability in the parameter values and avoids the pitfalls of worst-case analysis.

Giardia lamblia was selected as the agent to consider in detail because the literature was

more extensive than for any of the other agents reviewed. In particular, there were reports
which provided data on the non-outbreak background incidence of giardiasis in a

EOA, INC.
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community setting which allowed a "calibration” of some of the biological parameters of
the model. RSA was used to establish a set of "valid” parameters that reproduced non-
outbreak conditions from routine surveillance data.

This information was then applied to investigate the risk associated with ingestion of
reclaimed water containing Giardia while swimming in an impoundment. As in all of the
studies carried out under this project, computer simulation was used to calculate the
disease risk for defined ranges of parameter uncertainty and variability. In the Giardia case
study, the simulations forecast significantly higher prevatence of giardiasis in a community
with a public swimming impoundment than in a community without such an impoundment.
Filling the impoundment with tertiary treated wastewater did not increase mean prevalence
levels above those obtained when the impoundment was filled with water from a
pathogen-free source. However, the predicted disease prevalence is highly variable under
both scenarios due to the uncertainty and variability of the model’s parameter values and
this may have masked differences in predicted public health impact. The results of this
simulation study of a hypothetical closed community point towards two findings: 1)
Shedding by swimmers may be an important source of pathogens in swimming areas, and
2} The levels of uncertainty and variability inherent in the system preclude a conclusive
assessment of the importance of shedding by swimmers relative to treated wastewater in
producing a given level of pathogen exposure, Results from RSA suggest, in ranking
order, which parameters contribute to this uncertainty. The uncertainty in the risk was
driven principally by uncertainties and variabilities in the biological parameters rather than
the exposure-related parameters. For example, uncertainties and/or variability in the rate
of shedding of pathogen by infected swimmers highly influenced the risk of disease as did
the rate at which diseased individuals return to the non-infectious state.

Including calibrating the model for background prevalence, a total of nine exposure
scenarios (including seven water reclamation alternatives) were studied as summarized in
Figure ES-1. Even in the presence of substantial uncertainty, it can be seen that, in the
case of Giardia, exposures in restricted recreational impoundments and from industrial
cooling towers result in public health risks indistinguishabie from background levels. It
should be noted that the prevalences calculated are case-specific and, while the
information found in the literature relating to the values of the biological parameters can be
used in more general analyses, the exposure-related parameters must be selected for
specific sites, populations and water reuse applications.

A significant advantage of the type of model used in this study is that it can track
exposure events, like treatment plant failures, that produce outbreaks of infections and
disease that vary over time. While the Giardia study did not overtly utilize this feature, the
model was also applied in this dynamic mode to an outbreak of enteric disease, now
attributed to Cryptosporidium, which occurred in Milwaukee in 1993. In contrast to the
risk assessment mode of the Giardia analysis, the Cryptosporidium study focused on
understanding the risk-related factors centra! to the Milwaukee outbreak in mechanistic
terms that might inform future control or water treatment strategies.

The same approach to the analysis was applied to Cryptosporidium as for Giardia in which
only parameter sets consistent with the background prevalence of the disease were used

EOA, INC.
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in attempting to simulate the outbreak conditions. Simulations of the outbreak scenario
were then performed. Only 124 cases were found out of 500,000 simulatiofhs that met
the outbreak definition. The fact that so few cases were found suggests that conditions
governing which parameter set combinations are consistent with the outbreak scenario, as
defined by our initial parameter ranges and output criteria for the outbreak, are highly
constraining. Therefore much information is contained in these 124 parameter sets. Based
on univariate statistical analyses, three parameters were highly constrained within their
sampled range, two associated with the concentration of oocysts in the treated water and
a third which relates to the baseline transmission rate. Six additional biclogical parameters
were important to reconstruct the outbreak pattern. These results are very informative in
that they contain considerable information about both the exposure intensity and the
population distribution of various biological parameters that underlie the Milwaukee
outbreak. The results should be subjected to a more sophisticated multivariate statistical
analysis which has the potential to identify interactions between the biological and
exposure-related parameters and thereby add significantly to the current understanding of
the circumstances contributing to this epidemic of waterborne disease.

A literature review was performed for seven microorganisms, in addition to Grardia and
Cryptosporidium, with the objective of determining if the modeling approach could be
easily extended to other organisms and exposure situations. Six of the microorganisms
appeared suitable and were selected for the risk assessment which included the nine
exposure scenarios used in the Giardia analysis. This literature review provided the data to
assign parameter ranges for both the biologica! and the exposure alternatives. A general
observation was that the rate at which diseased individuals return to the non-infectious
state, o, followed by T,, the fraction of pathogen remaining after water treatment, were
most often identified as important determinants of disease risk for all the microorganism
and water reclamation alternative combinations.

The original motivation for this project arose from a need to improve methods for carrying
out risk assessments for waterborne pathogens by providing a modeling approach that
integrates public health information and data in a way that acknowledges the specifics of
the situation in particular communities. The analysis requires an explicit statement of
what is known about the infectious disease processes involved, the size of the population
at risk, and the site-specific details of the exposure scenarios. |t became clear only during
the course of the project that our use of models whose origins lie in epidemiological
analysis did not support the development of simple regulatory procedures which neglect
community-specific determinants of risk. This conclusion suggests that the differences in
particular community and exposure scenarios are likely to be significant and produce
widely varying levels of risk. The costs of risk mitigation are generally community or
situation-specific which suggests that the approach to risk assessment applied in this
study leads naturally to exploring site-specific strategies for risk management.

However, a number of generic water reclamation alternatives were evaluated in this study.
The results provide a foundation for identifying those parameters that tend to influence the
risk assessment results as well as a general sense of the relative relationship and
significance, in terms of public health risk, among various alternative uses {i.e., exposure
scenarios) and background levels of risk. This information, while not community or

EOA, INC.
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situation-specific, can be useful in generally evaluating the relative degree of public health
risk posed by different water reclamation alternatives. From the risk management
perspective, we believe that although risk assessment modeling using generic or site-
specific input data can be valuable in providing general information pertaining to risk, the
results should not be considered definitive. Risk assessment modeling should instead be
considered one of many tools available to policy makers in the decision making process.

While this project has been successful in showing the feasibility of a new and effective
approach to assessing the public health risks of waterborne pathogens, the risk
assessment methodology remains in an early stage of development. More work is
particularly needed in studying the dynamic properties of these models in the risk
assessment application. It is clear that expanding the scope of the model to incorporate
seasonal patterns of exposure and the susceptibility status of different groups within the
population will be fruitful directions to pursue. In addition, the uncertainty analysis needs
to be refined to include nonlinear multivariate techniques, first in the case of
Cryptosporidium.

EOA, INC.
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3 Figure ES-1
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Giardia Average Daily Prevalence
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The figure above shows the results for Giardia. 6,000 simulations were performed for each water reclamation
alternative. Giardia is described in Appendix A, and each of the water reclamation alternatives is described in
Section 3.3. '

For each alternative, the average daily prevalence is shown with the standard deviation indicated with error bars.



1.0 INTRODUCTION

This report documents the work performed and the results of the risk assessment. It is
divided into six chapters. Chapter 1.0 is an introduction which includes a brief overview
of the risk assessment process and a discussion of past modeling efforts. Chapter 2.0
presents a conceptual description of the new risk assessment model and applies the model
to examine the risk associated with ingestion of the protozoan parasite Giardia lamblia
while swimming in an impoundment filled with reclaimed water. The uncertainties in the
process are examined. Chapter 3.0 describes the identification and selection of the
microorganisms included in the risk assessment, the literature review performed for these
microorganisms, and the water reclamation alternatives selected for modeling and their
corresponding exposure assumptions. In Chapter 4.0, the model is applied to an outbreak
of cryptosporidiosis associated with inadequate drinking water treatment which occurred
in Milwaukee during the spring of 1993, Chapter 5.0 summarizes the results of modeling
a number of microorganism and water reclamation alternative scenarios. Chapter 6.0
discusses the overall results and identifies areas where further research is needed.

1.1 Motivation for Study

There is continual interest in the use of reclaimed water in California and other regions of
the United States and the world. The extended California drought dramatized the need for
reuse in urban areas and it is becoming clear that, even without a drought, population
pressures are such that reclaimed water will be an important water supply adjunct. With
this interest in the use of reclaimed water, the effectiveness of the water treatment
process, including disinfection of pathogenic agents, has become a central public health
issue. Regulators in charge of monitoring the prevalence of infectious diseases within the
human population are in constant need of a way to estimate the risk of waterborne disease
transmission. This need has become more acute with the increased use of reclaimed
water.

As current exposures to environmental pathogens are often quite low, field epidemiology
can no longer produce sufficiently sensitive information for assessing these risks. An '
alternative to the epidemiological approach is the quantitative estimation of the intensity of
human exposure and the probability of human response from this exposure. This approach
is highly developed in assessing cancer risks arising from environmental exposures to
chemical agents, and has resulted in a field of study called quantitative risk assessment.

Because environmental risk assessment is subject to a variety of uncertainties, the process
is often cast in probabilistic terms. Moreover, field data are frequently unavailable to
guantify some elements of the process, and mathematical modeling is used to bridge these
data gaps. The principal advantage of mathematical modeling in risk assessment
applications is that it makes assumptions explicit, including structural mechanisms relating
human exposure to pathogens and the public health outcome, and quantitative
assumptions such as water treatment efficacy and the dose-response relationship. A
mathematical model organizes data and assumptions in a framework leading to
quantitative predictions and can be an indispensable tool for decision making, However,
the model itself brings no new data or information to the process. Thus the biological
significance of a model’s output is completely dependent on the appropriateness and
accuracy of the assumptions used to build the model.

1.2 Previous Related Work

Attempts to provide a quantitative framework for the assessment of human health risks
associated with the ingestion of waterborne pathogens have generally focussed on the

EOA, INC.
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probability of individual infection or disease as a result of a single exposure event. Most
models described in the literature are of the same generic form. They give a point
estimate of the probability of a particular exposure leading to infection or disease in a
single individual and, except for Dudley’s work', carry little or no information about the
uncertainty or variability in this estimate. Much of quantitative risk assessment, in
particular, focuses on a point estimate of the response probabiiity, often using worst-case
assumptions for exposure and other parameters. From a public health perspective, the
probable number of people infected in an exposed population is more meaningful than the
probability of individua! infection. In the past, the probability of individual infection (using
worst-case assumptions) has sometimes been muitiplied by the population number in an
attempt to predict the disease incidence in the population. This may lead to unrealistically
high risk forecasts.

The project team took a somewhat different point of view in a risk analysis of waterborne
disease carried out for the U.S. Army.5? In this work a population perspective was taken
and the analysis was carried beyond the risk of infection to an individual by estimating the
probability distribution of the number of infected/diseased people in the exposed
population. One feature of the Army model was its probabilistic treatment of dose-
response data (i.e., data which provide a quantitative linkage between the number of
organisms ingested and the probability of infection or overt disease). From this model's
population perspective, each member of the population received a different dose and also
had a different probability of responding to this dose. The combination of these two
factors resulted in each member of the population carrying a different probability of
becoming infected or diseased.

1.3 New Risk Assessment Model

In general, the above models assume that the populations are homogeneous and the
disease transmission processes static. In designing the new risk assessment model for
this project, we took advantage of a large literature describing the use of deterministic and
stochastic dynamic population models in the study of epidemics.® These epidemiological
models emphasize the importance of the changing immune status of a population over
time and are therefore dynamic, requiring a subdivision of the population by susceptibility
status. This work motivated the development of an epidemiological risk assessment model
that accounts for immunity and the transmission dynamics of the system.

One central issue in biological risk assessment is how to extract information from
biological data, which tends to be highly uncertain and variable. In particular, the
uncertainty and variability of factors affecting infectious disease transmission limit the
usefulness of traditional curve-fitting techniques. An alternative goodness-of-fit procedure
that explicitly acknowledged these uncertainties and variabilities was therefore used. The
approach consisted of assigning probability distributions to each parameter, sampling
these distributions during Monte Carlo simulations, and using a binary classification to
assess the output of each simulation.

As a case study, we chose Gjardia lamblia as:the pathogen, and swimming in an
impoundment filled with reclaimed water as the exposure scenario. A simulation study in
which the model was used as a comparative analysis tool was designed. Three
transmission scenarios were compared to analyze the relative risk of contracting giardiasis
while swimming. The first scenario, based on a Vermont study,® described a situation in
which reclaimed water was not the exposure vehicle. The results were used to establish a
baseline prevalence with which to compare the effects of the next two scenarios. The
second scenario was swimming in an impoundment supplied with reclaimed water from a
pathogen-free source but includes shedding of pathogens by the swimmers, and the third

EOA, INC.
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explored the additional effect of filling the impoundment with water reclaimed from the
wastewater of the community.

EOA, INC.
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2.0 CASE STUDY - THE RISK TO HUMANS FROM G/ARDIA LAMBLIA IN A
RECREATIONAL SWIMMING IMPOUNDMENT

To evaluate the utility of the risk assessment methodology, we chose a specific application
of the risk assessment model for in-depth exploration. For this application, Giardia larmblia
was chosen as the pathogen because of its public health importance and because it is one
of the more researched waterborne pathogens. The water reclamation alternative chosen,
a swimming impoundment, was also selected because of its public health importance and
to allow exploration of the effect of swimmers shedding pathogen at the exposure site.

2.1 Conceptual Description of Model

The structure of the model is illustrated in Figure 2.1. The model is composed of five
state variables and 14 parameters, as summarized in Table 2.1. Four of the state variables
represent the human population, which is divided into four epidemiological groups:

X - susceptible individuals

Y - infectious/asymptomatic individuals

Z - non-infectious/asymptomatic individuals
D - infectious/symptomatic individuals

Individuals in state X are susceptible to infection. For the remaining groups, the terms
infectious or non-infectious define whether or not individuals sheds pathogen in their stool,
and the terms symptomatic and asymptomatic define whether or not an individual exhibits
symptoms of disease. The state variables X, Y, Z and D keep track of the population levels
in each group. The remaining state variable, W, keeps track of the concentration of
pathogen in the water to which the population is exposed. The movement of individuals
from one state to another and the concentration of pathogen are governed by the set of
five differential equations shown in Table 2.1.

The rate at which members of the population move from state X to state Y is governed by
two factors. One is the background rate of infection, which accounts for non-outbreak
transmission due to exposure routes other than ingestion of reclaimed water. The second
is a dose-response term specific to the scenario under evaluation, which is dependent on
the pathogen concentration in reclaimed water and the amount of water ingested.

Once in state Y, an individual can move in any given time step to either state D or state Z.
The rates of these two transitions, represented respectively by the parameters p and a, are
dependent on each other, i.e., at any given time step an individual in state Y will, with
probability of 1, either stay in this state, move to state D, or move to state Z.

individuals in state D, who show symptoms of disease and shed pathogen, move to state
Z at a rate of o. Individuals in state Z are asymptomatic and do not shed pathogen. The
parameter ¢ is defined as the rate at which symptoms of disease disappear as an individual
recovers, i.e., the reciprocal of the duration of symptoms. This definition was chosen
because state D is used to calculate average daily prevalence in the population, which is
the model output used to assess risk. To minimize the number of state variables, it was
assumed that an infectious/symptomatic individual will transition directly to the non-
infectious/asymptomatic state. '

Individuals in state Z revert back to state X at a rate of y. By definition, y is the reciprocal
of the period of time for an immune individual to become susceptible, i.e., the rate of
immunity loss. Thus it is assumed that non-infectious/asymptomatic individuals in state Z
are immune.
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In addition to movement of individuals among the epidemiological states, the mode! also
describes the concentration of the waterborne pathogen at the exposure site. The
pathogen may arrive at the exposure site in three ways. First, individuals in state Y
directly shed pathogen into water in the swimming area of the impoundment during
swimming at a rate of A, Second, individuals in both states Y and D shed into raw
wastewater, which is then treated before discharge into the impoundment. And third, the
parameter | represents the pathogen loading from raw wastewater that originates from
external sources and is also treated prior to discharge into the impoundment.

Assumptions made in designing the model include the following:

° The period of time that an individual is asymptomatic and infectious is short relative
to the duration of the symptomatic and infectious period.

e Background disease transmission occurs independently of the water reclamation
scenario under study.

o Alt wastes from all members of the population are sent to the treatment plant.
. Exposure to pathogen occurs via ingestion of rectaimed water containing pathogen.
® The discharge rate of reclaimed water into the impoundment from the treatment

plant is equal to the rate of volume loss due to evaporation. (This assumption
results in the swimming area having a constant volume, and is valid if the
impoundment is used only for recreation and not for other uses, such as drinking
water storage).

To describe the 14 model parameters, 26 pieces of data were required. Therefore 26
sampling parameters were established, each with a lower and upper bound selected to
account for the variability of the available data found during the literature search
performed for this project (Table 2.2). Chapter 3.0 describes the literature search.
Appendix A contains a write-up for Giardia based on the literature search results and
Appendices B through | contain write-ups for other microorganisms selected for the risk
assessment (see Chapter 3.0).

The 26 parameters were sampled from uniform distributions, except for values that
spanned three or more orders of magnitude, in which case log uniform sampling was used.
Table 2.2 lists the 26 sampling parameters and classifies the parameters as biological,
community or water treatment-based parameters. Seven of the 14 model parameters are
dependent on other sampling parameters. Table 2.3 shows the relationship between the
seven dependent parameters and the appropriate sampling parameters.

2.2  Analysis and Simulation Approach

In general, biological systems have large variability due to both genetic differences among
individuals and environmental factors that are not explicitly modeled. Standard analytical
tools, such as curve-fitting techniques and sensitivity analysis, become less useful when
data such as that produced from surveillance of infectious diseases are so variable.
Traditionally, a sensitivity analysis procedure involves selecting a point in the parameter
space and perturbing the parameter values about this point. Unfortunately, in many
biological models there is sufficient uncertainty in parameter values to make the selection
of any particular parameter set about which to conduct the sensitivity analysis a
questionable procedure. This is particularly true with infectious disease data, which are
often hard to quantify. For example, with respect to studies of giardiasis, Veazie et al.'
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report an average disease duration of 14.8 days with a range of 1-120, Shaw et al.? report
that in half of the cases the disease lasted seven days and a fourth more than 30 days,
and Dykes et al.® report a mean of 22 days with a range of 10-40 days. Likewise,
prevalence rates range from 2-7% in Western European countries, to 10-13% in Oregon,
to 8-40% in South America, the Middle East, and South East Asia. These rates depend
not only on the geographical location but also on the methods used to collect the data. To
address this problem, a technique termed Regional Sensitivity Analysis {(RSA) was used for
this project.

RSA involves describing, a priori, the uncertainty and variability in each model parameter
by a probability distribution function. Multiple simulations called Monte Carlo simulations
are run and for each simulation a different set of parameter values is used. The parameter
values are chosen by randomly sampling each parameter from its distribution. Assigning a
bounded uniform distribution to each parameter allows us to take into account data from
various literature sources without bias toward one value or another.

A binary classification algorithm is then applied to each simulation output, in which the
simulation output either passes or fails a set of criteria. The multivariate parameter
distribution associated with a pass classification can be analyzed through a variety of
statistical procedures to assess parameter sensitivity. The binary classification is basicaily
a goodness-of-fit criterion based on whether or not the output is representative of the
data. The strength of this approach is that it acknowledges both the uncertainty and
variability in parameter values in a structured fashion. The RSA procedure has now been
applied to a variety of problems.*’

Due to the nature of this study, the approach used was slightly different from previous
applications of RSA. The simulation approach consisted of a three-scenario comparative
study, in which the first scenario used the same binary classification scheme as RSA. The
remaining scenarios then used the "valid” parameter sets obtained from the first scenario
to generate a distribution of prevalence levels. ‘

Specifically, a classification scheme was used to identify the ten parameter values that
describe the background scenario of the model, in which exposure to reciaimed water is
not the vehicle of disease transmission. Each simulation was classified as acceptable if its
output was consistent with available disease incidence data for non-outbreak conditions.
For other scenarios, the remaining parameters that describe human exposure to reclaimed
water were sampled, combined with the valid parameter sets from the background
scenario, and used as a complete model representative of a community using reclaimed
water. The outputs generated by running the model with this complete parameter set
were statistically analyzed to identify parameters whose values strongty influence the
magnitude of risk.

For this study of Giardia transmission, surveillance data from non-outbreak conditions in
Vermont® were used to obtain baseline values for nine of the parameters not associated
with reclaimed water transmission. The Vermont study found that between 1983 and
1986 the annual incidence rate was 45 cases per 100,000 per year. Selecting a range
around this value, the incidence rate criterion was set at 20 - 60 cases per 100,000 per
year. To calculate the incidence rate from the simulation runs, the following equation was
used:

I'=p - Ys - 365 /N

where / is the annual incidence rate, p is the fraction of individuals in state Y who move to
state D per day, Y, is the number of individuals in state Y at day 365, and NV is the total
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population. This equation assumes that the system is at steady state, a good
approximation for these non-outbreak simulations.

Using the above criterion, Scenario 1 simulations were performed until 6,000 sets of
parameter values were produced consistent with non-outbreak conditions in Vermont. The
number 6,000 was selected to produce a body of data sufficiently targe for meaningful
statistical analysis without making the simulation process unreasonably time-consuming.
Since none of the parameters related to exposure to reclaimed water was required for this
scenario, these simulations used only ten of the 26 sampling parameters (X,, 01, Pps Tranas
a, 0, v, U4, By, 8). Five of the remaining 16 sampling parameters (., R;, T, Ps and A;) were
set to zero, which removes their effect on the output of the model and results in the rest
of these 16 sampling parameters being mathematically canceled.

Once established, the parameter sets for which a Scenario 1 stmulation resulted in an

~ annual incidence of 20-60 were used as a basis to run Scenarios 2 and 3. Therefore, in

the last two scenarios the ten parameter values were predetermined while the remaining
16 parameters were obtained by randomly sampling the parameter distributions. For
Scenario 2, the treatment parameter, T, was set to zero reflecting the use of water from a
pathogen-free source, whereas for Scenario 3 it was randomty sampled.

One-year periods were simulated on a Sun Sparc Station using the MCSim simuiation
software package.® The output variable used in the analysis was average daily prevalence,
which was defined as the proportion of population that was symptomatic (in state D)
calculated for each day of the simulation averaged over the one-year simulation period.
Average prevalence incorporates both the number of cases and the duration of the
disease, resulting in a8 measure of disease intensity, whereas incidence accounts for the
number of cases but not the duration of disease. Average prevalence can be compared
with incidence by the folilowing approximation:

P=1-d
where | is the incidence and d is the duration of the disease.

2.3 Parameterization

This section describes the use of sampling parameters in the model. The parameters are
divided into three groups: biological, treatment, and community parameters. Biological
parameters are generally based on properties of the microorganism under study, including
those associated with host-parasite interaction. Community parameters are based on
properties of the community and the exposure scenario under study. The two remaining
parameters that relate to water treatment comprise the final group. The following is a
detailed description of the parameters. The model parameters and differential equations
are summarized in Table 2.1. The sampling parameters are described and the ranges from
which these parameters were sampled are given in Table 2.2. Dependent parameters and
their relation to sampling parameters are shown in Table 2.3. '

Biologica! Parameters

1. pe, pr The dependent parameter g, the fraction of individuals in state Y who move
to state D per day, is a ratio of sampling parameters p,, the fraction in state
Y that move to state D and p;, the incubation period:

e =p,/pr
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2. Oe.s The dependent parameter g, the fraction of individuals in state Y who move
to state D per day, depends on the value of p. For each unit of time, a
fraction of the population in state Y will move to state D, at the rate p. The
remaining population in state Y either remains in state Y or moves to state Z.
The sampling parameter ag,,, is sampled from a uniform distribution of O to 1
and determines the fraction of the remaining population in state Y that
moves to state Z. Therefore ¢ is defined as follows:

a = Uy * {1-p)

3. Bo The dependent parameter 8,, the background transmission rate, is based on
the expected non-outbreak incidence of disease in the community. The
sampled range of B, is established by running a series of calibration
simulations. First, simulations of the model are run with the value of 8,
sampled from an arbitrarily large range. The incidence rates generated from
these calibration simulations are compared with the expected non-outbreak
incidence rate range, and if within this range, are classified as passes. The
sampling range of B, is adjusted to reflect the distribution of g, for the
passed simulations. Hence, the sampling range of 8, is narrowed by these
calibration simulations to provide a high likelihood of matching the expected
non-outbreak incidence of disease in the community.

I 4. Bexp For Giardia, the standard single-hit exponential model to describe the
probability of infection when an individual is exposed to a certain dose of

I pathogen was used. This model assumes that infection is a two-step
process: 1) the host is exposed to a certain number of microorganisms, and
2) a fraction of the microorganisms ingested survive and cause disease.

I From these assumptions the probability of an infection resulting from the

ingestion of d organisms is:'®
P, =1-exp (-8B - d)

where d is the dose that an individual is exposed to and £y, is the fraction of
ingested organisms that survive. This function has been used to calculate
the risk of disease due to exposure to various waterborne pathogens,
including viral diseases'' and Giardia Jamblia.’* The range of the sampled
parameter Sg,, is determined using a maximum likelihood estimator {(MLE)
approach, derived in a previous study on risk assessment of pathogens in
drinking water.'? The likelihood equation for the exponential function was
maximized:

L =22 (pjln[M]+njln[(1 'Pfi)(pl+”i)])
J pl n,.

where p, is the number of diseased at each dosage, n, is the number of non-
diseased at each dosage (see Appendix A for a description of the dose-
response data), and P; is the probability of infection, as described above.
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For this study, the dose d is described by the following function:

d=W- Bl - BTsHour * ﬁTsDay / 365

where W is the state variable representing the concentration of pathogen in
water in the swimming area, B, is the volume of water ingested per hour
swimming, and B+, and Br,,, together represent the amount of time in
hours spent swimming per year. Dividing by 365 accounts for the fact that
d represents pathogen ingested per day. These four sampling parameters
will be described later in the community parameter section.

The dependent parameter A is the number of pathogen shed per liter of
water in the swimming area per day per infectious/asymptomatic individual.
This parameter is a function of three community parameters {8y, the
number of hours spent swimming per day; Br,p,,, the number of days spent
swimming per year; and Pg, the proportion of the population that swims) and
one biological parameter {A;, the number of pathogen shed per swimmer
hour):

A = A - Ps - Bropouw ° (Brspey / 365))/volume of swirmming area
The calculation of the volume of the swimming area will be discussed later.

Two methods were used to calculate A;, as described below.

Method 1

In the first method it was assumed that the ratio of concentration of
pathogen to concentration of indicator organisms in an infected person’s
stool is equal to the ratio of the rate of shedding of pathogen by an infected
person during swimming to the rate of shedding of indicators during
swimming. This relationship is described by the following equation:

[pathogen in_stool] = rate of pathogen shedding

[indicators in stool] rate of indicators shedding

where the rate of shedding of pathogen can be used to represent the
sampled parameter A;.

Data are available in the literature on three of the four terms in the above
equation: the number of indicators (total coliforms) per gram of stool; the
number of pathogen per gram of stool for an infected person; and the
number of indicators (total coliforms) shed per hour swimming. Therefore,
this relationship can be used to provide an approximation of the remaining
term, A;, the number of pathogen shed per hour swimming by an infected
person.

The following ranges were estimated using data obtained from the literature:

o For Giardia lamblia, [pathogen in stool] = 10° to 10® per gram of
feces {see Chapter 3.0, Table 3.3).
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o For total coliforms, [indicators in stooll = 107 to 10° per gram of
feces.'®

. For total coliforms, from a study by Hanes and Fossa,'* the rate of
shedding by swimmers = 107 to 5 X 10° indicators per hour
swimming.®

Solving the above equation for the rate of pathogen shedding yields an
approximation of the number of pathogen shed per infected person per hour
swimming that ranges from 10° to 5 X 10"". The five order of magnitude
range reflects the uncertainty in the data. However, the distribution
between this range is not uniform; rather, it is a function of three uniform
distributions. The resulting distribution contains long tails on either extreme.

To narrow the five order of magnitude range, only the most probable values
within this range were sampled when running the model. The new ranges
were determined by sampling independently and uniformly within the above
respective ranges for [pathogen in stool], [indicators in stool] and rate of
indicator shedding 1,000 times and solving the above equation for each
sampled set. Thus 1,000 values were generated for the number of pathogen
shed into water during one hour of swimming. The distribution of these
values was determined and the approximate lowest and highest 2.5% of the
distribution was removed. The resulting distribution for A, ranged from 108
to 4 X 10"

For documentation supporting part of this methodology, see Appendix J.
Method 2

In the second method for calculating 4., it was assumed using professional
judgement that an individual swimmer releases between 102 and 102 grams
of feces per hour into the swimming water. The number of pathogen shed
per swimmer hour, A;, was calculated using the following relationship:

A = grams of feces released per swimmer hour - [pathogen in stool]

Using a range of 10° to 108 for [pathogen in stool] (as in the Method 1)
results in a range for A; of 10 to 10° pathogen per swimmer hour.

This second method resulted in a range that was about three orders of
magnitude below that calculated using the first method. This discrepancy
suggests that assignment of uncertainty bounds for these factors is itself
uncertain, e.g., the data supplied by Hanes and Fossa' was not sufficient to
assign an accurate lower bound. Furthermore, the discrepancy in results
between the two methods for calculating A; illustrates the need to study the
shedding dynamics in more detail. A separate series of simulation runs were
performed to consider the output generated at the lower and higher ranges
of shedding. The details and results of this study will be discussed later.

“This range was selected around tha mean of 2.3 X 10 total coliforms shed per person per hour obtained from Hanes and Fossa, 1970, The same
study reported a median of 5.13 X 107, which implies a highly skewed distribution. It is therefore possible that the range of 10’ to 5 X 10® does not
adequately cover the lower end of the data. Unfortunately, without intraquartiee information this cannot be assessed.
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P. is the number of pathogen per milligram of feces. It is used in calculating
the dependent parameter R, as will be discussed later.

The dependent parameter a, the number of new susceptible individuals who
migrate into the population per day, is set equal to the birth rate of the
community, which was assumed to be equal to the global birth rate provided
by Raven and Johnson.'®

The remaining sampled biological parameters &, ¢, y, ¢, and { were described previously
(see Table 2.1) and are identical to their respective dependent parameters. The parameter
u, the fraction of individuals who die from natural causes per day, is set equal to the death
rate of the community, which was assumed to be equal to the global death rate provided
by Raven and Johnson.'®

Treatment Parameters

The dependent parameter T, the fraction of pathogen remaining per day after water
treatment and dilution, is a function of two sampled parameters {see Table 2.3):

The sampled parameter T, represents the treatment efficiency of the water
treatment facility, and is expressed as the fraction of pathogen that remains
after treatment. Hence, a "log 5" removal cofrresponds to a T, value of 10°.

The sampled parameter T, is the fraction of the swimming impoundments
volume that is lost to evaporation per day. An evaporation rate of 5 - 7.5
feet per year was assumed based on review of data provided by the State of
California Department of Water Resources.'® By using an assumed
impoundment surface area of 10.4 acres and volume of 1.7 x 108 liters® and
the above evaporation rate, the fraction of the swimming impoundment’s
volume that evaporates per day was computed.

Community Parameters

1. X,

X, is both the initial susceptible population and the total population, since it
is assumed that all members of the population are susceptible at the
beginning of each simulation. It is assumed to be 100,000 individuals in
order to produce output values “per 100,000.”

The sampled parameter P represents the fraction of the population that
swims. The transmission parameter 8 is calculated by multiplying the dose
response equation describing the probability of a susceptible swimmer
becoming infected by Pg:

B = (1-exp (-Bgy -.d) * P

to produce a susceptible individuals probability of becoming infected due to
the ingestion of reclaimed water. As described earlier, P4 is also used to
calculate A, reflecting that only the fraction of the population in state Y that
swims sheds pathogen directly into the swimming water.

'The surface area and volume are based on averages for Lake Temascal, an artificial lake in Oakland, California used by the public for swimming.
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The dependent parameter 8, the infection rate due to ingestion of pathogen
in reclaimed water, is a function of the number of hours of exposure per day
(Brsrioud @nd the number of days of exposure per year {8r,,,). As described
earlier, these parameters are used in the £ transmission function, where dose
is dependent on the fraction of time spent swimming, and to calculate A,
reflecting that the infected population contributes pathogen directly to the
swimming water only when swimming. '

The sampled parameter 8, is the amount of water ingested per swimmer per
hour. As shown earlier, it is used in the calculation of dose for the £
transmission function.

The sampled parameters |. and |_are used to calculate |, the number of
pathogen from external sources per liter wastewater entering the treatment
plant. The parameter |_is the number of liters of external wastewater input
per day, and the parameter I, is the concentration of pathogen in the
external wastewater. | is calculated as follows:

=g+ 1)/ 0+ R, - (X+Y+Z+D)

where (I, + R, - (X+Y+2Z+D)) is the volume of wastewater entering the
treatment plant per day and (. - [} is the number of pathogen per day input
from the external wastewater.

The dependent parameter R, the number of pathogen per liter of wastewater
entering the treatment plant per infectious individual, is a function of three
community parameters (R, the number of milligrams of feces released into
wastewater per individual per day; R,, the number of liters of wastewater
produced per individual per day; and |, the number of liters of external
wastewater input per day) and one biological parameter (P, the number of
pathogen per milligram of feces).

R=(R: - P) /(I + R, - (X+Y+Z+D))
where (I, + R, * (X+Y +Z+D)} is the volume of wastewater entering the

treatment plant per day and (R; * P;) is the number of pathogen shed per
infectious individual per day.

WV' PVS

The sampled parameter W, is the total volume of the swimming
impoundment and the sampled parameter P is the fraction of W,, used for
swimming. These two parameters are used in calculating the concentration
of pathogen in the swimming area, as described below.

R is the number of pathogen per liter of wastewater, or pathogen
concentration, entering the treatment plant per infectious individual.
Multiplying R by the state variables Y and D, which together represent all the
infactious individuals in the population, gives the pathogen concentration in
the influent to treatment plant contributed by the population:

[pathogen in influentlomunes = R - {Y+D)
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| is the number of pathogen per liter wastewater, or pathogen concentration,
entering the treatment plant from external sources. The total concentration
of pathogen in the influent to the treatment plant is the sum of the influent
pathogen concentration from the population and the influent concentration
from wastewater from external sources:

[pathogen in influentl... = (R - (Y+D)}+ |

The concentration of pathogen in the treatment plant effluent is equal to the
total pathogen concentration in the influent multiplied by T, the fraction of
pathogen remaining after treatment:

[pathogen in effluent] = [pathogen in influentl,.. - T¢

A fraction of this effluent is discharged into the swimming impoundment per
day:

Volume Discharged Per Day = W, - T,

where W, is the total volume of the swimming impoundment and T, is the
fraction of the swimming impoundments volume that is lost to evaporation
per day. It is assumed that the amount of water discharged by the
treatment plant into the swimming impoundment per day is equivalent to the
volume of water evaporated per day.

The number of pathogen discharged per day into the impoundment is
determined by multiplying the volume of water discharged into the
impoundment per day by the concentration of pathogen in the effluent:

Number of Pathogen Discharged Per Day =
Volume Discharged Per Day - [pathogen in effluent]

The number of pathogen discharged per day divided by volume of the
impoundment is the average daily concentration of pathogen in the
impoundment water from the tertiary treated water route (complete mixing is
assumed}:

[pathogen in impoundment]l uowem =
Number of Pathogen Discharged Per Day/W,,

The number of pathogen released per day by swimmers directly into the
swimming area is determined by multiplying A, the number of pathogen shed
per day per infectious/asymptomatic individual and Y, the number of
infectious/asymptomatic individuals. The sampled parameter P, represents
the fraction of W,, that is used for swimming, and it is assumed that
pathogen shed by swimmers completely mix in the swimming area but do
not enter the remainder of the impoundment. Hence the average daily
concentration of pathogen in the swimming area from the shedding route is:

[pathogen in swimming arealuewm:. = (A < Y} / (W, + Pyl
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The daily change in W, the average daily concentration of pathogen in the
water in the swimming area, is calculated from the concentrations of
pathogen from the tertiary treated water and shedding routes and the
pathogen die-off rate as follows:

dW/dT = [pathogen in impoundment] .o wae +
[pathogen in swimming areal,os - {W

2.4 Results

Scenario 1 - Background Transmission Rate

Scenario 1 modeled the infectious process of giardiasis due to factors other than those
associated with reclaimed water. 8, the infection rate due to the ingestion of pathogen in
reclaimed water, was therefore set to zero. Simulations were run for Scenario 1 until
6,000 simulations were produced with an incidence rate between 20 and 60 cases per
100,000 per year, consistent with the Vermont background rate. The mean average daily
prevalence was approximately 2 per 100,000, with a standard deviation of 1.53 (range:
0.27 - 11.62). Figure 2.2 is a histogram that shows the distribution of background
prevalence values in the population.

A multiple linear regression analysis was performed using the ten parameters sampled in
the background transmission scenario (R? = 0.8386). The most important determinants of
the level of disease prevalence were the parameters o, the fraction of individuals in state D
who move to state Z per day (P<0.0005), and to a lesser extent, §,, the baseline
transmission rate (P<0.0005). A regression was performed using only the two parameters
(R? = 0.7636).

Scenario 2 - Swimming Impoundment Filled with Water from a Pathogen-Free Source

In Scenario 2 the swimming impoundment was filled with water from a pathogen-free
source. T, the fraction of pathogen remaining after water treatment, was therefore set to
zero. Shedding of pathogen into the water occurred when infectious individuals went
swimming and susceptible individuals were exposed to this pathogen during swimming.
Shedding was represented by the parameter A, the number of pathogen shed per liter of
water in the swimming area per day per asymptomatic/infectious individual. For these
simulations, A;, the rate of pathogen shedding per infectious swimmer, was assigned a
range using Method 1, described previously {108 to 4 X 10'° pathogen/hour}. The
parameter sets from the 6,000 simulations produced for Scenario 1 were reused one at a
time during a sampling of the remaining 16 parameter distributions. The resulting 26
parameters were used to perform 6,000 new simulations. The mean average daily
prevalence of these 6,000 new simulations increased to approximately 717 cases per
100,000. In addition, the standard deviation increased to 1,252,

Using a multiple linear regression analysis, the parameters from the background scenario
were found to be the most significant determinants of prevalence value when all the
parameters are sampled within the ranges given in Table 2.2 (with the exception that T is
set to zero). The parameters o, v, Py, Opangr Pp, and B, were all significant to P<0.0005.
Of the 16 parameters not used in the background scenario, only the parameters B+, and
Brpay Were significant to P<0.05. The remaining 14 non-background parameters were
statistically insignificant.
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Scenario 3 - Swimming Impoundment Filled with Tertiary Treated Water

For Scenario 3, the 6,000 simulations were rerun analogously to Scenario 2, with the
addition that the parameter T, was sampled. T, was sampled between 5 X 107 and 0.02,
corresponding to 1.8 to 6.3 log removal treatment. This range was selected based on the
approximate removal of protozoa by tertiary wastewater treatment (See Chapter 5.0,
Section 5.4). The mean average daily prevalence value for this reclaimed water scenario
was approximately 717 cases per 100,000, which was the same result for Scenario 2. To
further observe the effect of treatment on average daily prevalence, the results of
simulations from Scenarios 2 and 3 were paired and the percent differences between each
pair were binned into four levels of treatment efficiency (Figure 2.3). The results suggest
that even with the lowest treatment efficiency, less than a 1% difference exists in average
daily prevalence between Scenarios 2 and 3.

To assess which parameters are most significant in controlling the output for Scenario 3, a
muitiple linear regression analysis was performed on the model parameters. Similariy to
Scenario 2, biological parameters strongly determined the prevalence output when ail the
parameters are sampled within the ranges given in Table 2.2. Specifically, when a linear
model was used with all 26 parameters included, the resulting R? was 0.917. A best-
subsets regression was performed using C; as the evaluation criteria {see Appendix K).
This procedure identified p, (the fraction of state Y that moves to state D per day), p; (the
incubation period), ag,,s (the fraction of state Y that does not move to state D that moves
to state Z per day), o (the fraction of state D that moves to state Z per day), and y (the
fraction of state Z that moves to state X per day) as a particularly good subset of the total
parameter set. A linear model with these five variables produced a resulting R? of 0.9158,
indicating that for the sampling ranges used, the model using only these variables
describes the output nearly as well as the model using all the parameters. After
considering the residuals from the linear model, the squared values of the five important
parameters were added to the model and the best-subsets regression was rerun. A linear
model with pp, 01, Trangr T: Vo Pp’r Pr°s Trana>r 07, @nd y? produced an R? of 0.9824, A linear
model with two of the squared terms removed (pp? and y?) produced an R? of 0.9755. A t-
statistic calculation suggested that the following five parameters {in order of decreasing
importance) highly influence the output of the model when all the parameters are sampied
within the ranges given in Table 2.2 [t-statistics and P values shown in parentheses):

o fraction of state D that moves to state Z per day (t = -179.787,

P <0.0005)
fraction of state Y that does not move to state D that moves to state

Z per day (t = -115.837, P<0.0005)
P+ the incubation period (t = -115.346, P<0.0005)

QRand

Y fraction of state Z that move to state X per day {t = 73.665,
P<0.0005) ‘

Pr fraction of state Y that moves to state D per day (t = 57.275,
P <0.0005)

Although the regression analysis showed that these five parameters control the output for
Scenario 3 when all the parameters are sampled within the ranges given in Table 2.2, it is
still unclear why there is a large difference in average daily prevalence between Scenario 1
and Scenarios 2 and 3. One might initially conclude that biological parameters account for
this difference, since these parameters were most important in predicting the prevalences
for Scenarios 2 and 3 and parameters that influence shedding, treatment efficiency, and
exposure were of lesser importance. This conclusion would be incorrect, however, since
the ranges for all the sampling parameters were set such that all Scenario 2 and 3
simulations produced high prevalences relative to Scenario 1. To assess the impact of the

EQA, INC.

F:\IRO2\REPORT\3RDDRAFT.RPT 2-12



parameters in determining the change from background to elevated ranges of prevalence,
the sampled ranges of one or more of the parameters would need to be expanded to the
point where the prevalences generated spanned the range from background to elevated
levels.

Analysis of Shedding Range

The fact that swimming in an impoundment filled with water from a pathogen-free source
increases the average daily prevalence output of the model compared to background
suggests that shedding of pathogen by swimmers is a potential cause of the increase in
prevalence. Furthermore, as described previously, the rate of shedding is highly uncertain.
For these reasons, A was chosen for further exploration.

In the previous scenarios, A. was sampled from 10° - 4 X 10'® pathogen per swimmer
hour, the range calculated using the most probable region of a shedding distribution
(Method 1). For this analysis, additional simulations were performed expanding the range
of A-to 1 - 10"". This very wide range encompasses the ranges calculated using both
Methods 1 and 2.

The results of these simulations are shown in Figure 2.4. Figure 2.4 suggests a strong
relationship between the rate of shedding and the probability of a simulation producing a
high prevalence. Above a rate of 10° pathogen per swimmer hour, all simulations
produced relatively high prevalences. Shedding therefore clearly drives the output of the
model above this rate when all other parameters are sampled from the ranges given in
Table 2.2. It appears that relatively high shedding rates result in relatively high
concentrations of pathogen in the swimming water, which because of the dose-response
relationship results in increased prevalence.

At rates of shedding between 10° and 10° pathogen per swimmer hour, Figure 2.4 shows
that many simulations produced much lower prevalences. At approximately 10° pathogen
per swimming hour, the number of simulations producing high and low prevalences were
approximately equal. Within the 10° to 10° range, the rate of shedding did not completely
control whether high or low prevalence resulted and the prevalence produced by a given
simulation depended on the sampled values of other parameters in the model. However,
the rate of shedding did influence the probability that simulations resulted in high or low
prevalences.

At rates of shedding from 1 to 10° pathogen per swimmer hour, Figure 2.4 shows that the
majority of simulations resulted in iow prevalences. However, there was no shedding rate
below which all simulations resulted in low prevalences. Even with shedding set at a rate
of one pathogen per swimmer hour there were still simulations which resulted in high
prevalences. Therefore, as with the 10° to 10° range of shedding, other parameters were
able to push the results of the simulations to high prevalences regardless of the rate of
shedding within the 1 to 10° range. To determine which parameter played the most
important role in producing high prevalences within this range of shedding, a linear multiple
linear regression was performed (R* = 0.5789). The fraction of pathogen remaining after
treatment, T,, predominantly drove the resuits to high prevalences for this range of
shedding (P<0.0005). Figure 2.5 is a three-dimensional plot illustrating how prevalence
increases with both increasing A; and decreasing treatment efficiency {increasing T). It
illustrates that if the rate of shedding was within the 1 to 10° range, then relatively high
values of T. (corresponding to relatively low treatment efficiency) were capable of driving
the output to a high prevalence.
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2.5 Discussion

The use of a comparative simulation design allowed us to contrast the risk from swimming
in an impoundment filled with water from a pathogen-free source with the risk from
swimming in an impoundment filled with tertiary treated water. The results of both of
these scenarios were compared with non-outbreak prevalence to observe the relative
impact of adding pathogen to swimming water either directly by shedding during
swimming or indirectly through the use of tertiary treated water. Any simulation for which
the prevalence was in the range of 0.27 to 11.62 per 100,000 was considered within the
background prevalence range. Given the model structure and the ranges of values selected
for model parameters used in this study, the simulations forecast significantly higher
prevalence of giardiasis in a community with a public swimming impoundment than in a
community without such an impoundment. Filling the impoundment with tertiary treated
wastewater (at least a 1.8 log removal of pathogen) did not increase mean prevalence
levels above those obtained when the impoundment was filled with water from a
pathogen-free source. However, the uncertainty and variability of many of the parameter
values are quite high. The standard deviation of output prevalence in each of the two
swimming scenarios (Scenarios 2 and 3) was more than 1.5 times the mean value. ltis
possible that these uncertainties masked any significant difference between the two
scenarios in terms of mean prevalence and therefore predicted public health impact. For
the swimming impoundment filled with tertiary treated water {Scenario 3}, preliminary
analysis showed that the uncertainty of the shedding dynamics highly influenced the
output of the model.

The analysis of shedding uncertainty demonstrated the power of using the model as a tool
for analyzing parameters whose values are uncertain and/or variable. The rate of pathogen
shedding by a swimmer is not a parameter that is easily found in the literature.
Furthermore, any vaiue found would be highly variable. By performing simulations over a
wide range of values for shedding which probably more than encompass the uncertainty
and variability of this parameter, a picture of how prevalence changed with rate of
shedding was obtained. Hypothetically, the results might have shown that throughout this
large range the leve! of prevalence did not change. If this were the case, then it could
have been concluded that A- was not a significant parameter, and even though its value
was highly uncertain and variable it was not critical to the results. However, Figure 2.4
shows that the rate of shedding clearly played a role in determining whether prevalences
were high or low when all other parameters were sampled within the ranges given in Table
2.2. By further dividing the wide shedding rate range into subranges and analyzing high
(10° - 10" pathogen per swimmer hour), medium (10° - 10° pathogen per swimmer hour),
and low (1 - 10° pathogen per swimmer hour) rates of shedding, the role of A; in the model
was clarified. For high rates of shedding it controlled the results, driving outputs to high
prevalences. For medium rates of shedding, it produced simulations that resulted in both
high and low prevalences. For low rates of shedding, the majority of simulations resuited
in low prevalences and T, the fraction of pathogen remaining after treatment, became a
critical parameter in the model.

It can be concluded that although the shedding uncertainty is not resolved, it is already
well understood within the context of the model. If future research suggests that shedding
is most likely to be in the high range, then the model will always produce high prevalences
if the ranges for the other parameters do not change. If, however, research suggests that
shedding is most likely to be in the low range, then researchers should begin to focus on
the level of wastewater treatment. If future research suggests medium levels of shedding,
then the model could once again become a critical tool in identifying other parameters that
determine whether prevalence is high or low.
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The rate of shedding is just one parameter whose uncertainty and variability is a factor in
the mode! output. More work is needed to understand how other parameters affect the
output of the model. For example, a similar wide-range analysis could be performed for
other model parameters. The results of these studies would help identify other parameters
that need better definition and inform the process of selecting parameter distribution
ranges that reduce the overall uncertainty in the model output.
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Table 2.1

Differential Equations, State Variables, Parameters and Input Variables

Equations:
X gy Z-pX-PX-B(WX
212 uX-BX-B(W)

dT:’=p°X+[3(W)X-u Y-pY-a(p)¥Y

®_
dt

Y-5D-uD-0D

%=a(p) YioD-y2Z-p2

% =(1+R{Y+ D) T+AY-{ W

State Variables:

SOUN<X

Number of susceptible individuals

Number of infectious/asymptomatic individuals
Number of non-infectious/asymptomatic individuals
Number of infectious/symptomatic individuals
Concentration of pathogens in reclaimed water

Parameters:

AT o,<~qgQd

D™ %

— v o

Fraction of individuals in state Y who move to state D per day (day™)

Fraction of individuals in state Y who move to state Z per day (day™)

Fraction of individuals in state D who move to state Z per day (day™)

Fraction of individuals in state Z who move to state X per day (day”)

Fraction of individuals in state D who die due to modeled disease per day {day™)
Fraction of individuals who die from natural causes per day {day™)

Number of pathogen shed per liter of water in swimming area per day per
infectious/asymptomatic individual (day’ - liter)

Baseline transmission rate (day)

Infection rate due to ingestion of pathogen in reclaimed. water (day')

Number of pathogen per liter of wastewater entering treatment plant per infectious
individual (liter'')

Fraction of pathogen remaining per day after water treatment and dilution (day™)
Fraction of pathogen in water which become non-viable per day (day™’)

Number of new susceptible individuals who migrate into population per day {day™)
Number of pathogen from external sources per liter wastewater entering treatment
plant {liter)
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Table 2.2

Parameterization for Giardia lamblia

and Swimming Impoundment

) Units of
Sampled Range of Sampled Sampled Dependent
Parameter Definition Parameter Parameter Basis of Sampled Parameter Parameter
Biological Parameters:
3-60 day incubation period
o1 Incubation period 3-60 days P
Fraction of state Y that 20 - 70% infected develop
PR moves to state D 0.2-0.7 symptoms P
Fraction of state Y that does Randomly generated number from Q
a not move to state D that 0-1 to 1 a
Rand moves to state 2 per day
Rate of movement from state “Reciprocal of time for an immune
y Z to state X 5.6e-3 - 0.033 day™ person to become susceptible (1-6 vy
months)
Rate of movement from Reciprocal of duration of symptoms )
o state D to state 2 0.01 -0.2 day™ {5-100 days) o
Fraction in state D who die 0% case-fatality due to disease
5 due to disease per day (o} day” S
Rate 6f migration of new Birth rate
a susceptible individuals into 6.85e-5 - 9.59e-5 day™ a
population
Rate of death due to natural Death rate
[ causes 1.37¢-b - 4.11e-5 day”’ u
Concentration of pathogen in pathogen/ Concentration of
PF feces 1e3 - ted mg 1e6 - 1e8 pathogen per gram of R, A
feces !
Rate of pathogen shedding pathogen/ Most probable range of shedding
A per infectious swimmer 1e8 - 4e10 hour distribution (see text) A
Calibration simulations using yearly
8, Background transmission rate 0-0.00021 day™ incidence of disease of 20-60 per B
° 100,000 {see text) °
Disease transmission Result of fitting transmission
Bew function parameter 0.008 - 0.04 function to dose response data (see B
text)
Reciprocal of survival time of
¢ Rate of pathogen die-off 4.2e-3-0.07 day”’ pathogen in fresh water (100-240 ¢
days)
Community Scenario Parameters:
Initial number of individuals All output "per 100,000
X in state X 1e5 X
0
Fraction of population that Assumption that 100% of
Ps swims 1 population swims B. A
Rate of water ingestion Assumption that 30-50 mi/hour of
uring swimming .03 - 0. liters/hour | water is ingested during swimming
BI during i i 0.03 - 0.05 i h is i d duri i i ﬂ
Number of hours per day Assumed average of 2.6 hours for
BT exposure occurs -0.5-3 hours/day | children and 0.5 hours for adults g
sHour swimming per day
Number of days per year Assumption that individuals swim
B o exposure occurs 1-40 days/year 1-40 days per year B
U3y
Flow rate in of external No external wastewater modeled
IL wastewater 0 liters/day 1
Concentration of pathogen in pathogen/ No externa! wastewater modeled
Ic externat wastewater v} liter 1
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Table 2.2

Parameterization for Giardia lamblia

and Swimming Impoundment

day

surface area and volume of 1.7e8
liters

Units of
Sampled Reange of Sampled Sampled Dependent
Parameter Definition Parameter Parameatar Basis of Sampled Parameter Parameter
| Community Scenario Parameters: (continued)

Volume of wastewater Assumption that average volume of

R, produced per individual per 400 - 600 liters/day wastewater produced by an R
day individual per day is 500 liters
Weight of feces released into Assumption that an average person

R. wastewater per day per 2.5e4 - 2e5 mg/day produces 25 to 200 grams of feces R
individual ) per day
Volume of impoundment 5e7 - 5e8 liters Hypothetical impoundment volume

W, w
Fraction of impoundment Assumption that 5-15% of

Pys used for swimming 0.05 -0.15 imFoundment volume is used by wW

swimmers
Water Treatment Scenario Parameters:

Te Fraction of pathogen Ses - 0.02 Assumed log 1.8 to 6.3 removal of
remaining after water {Log Uniform} pathogen T
treatment
Fraction of impoundment Assumed 5 - 7.5 ft/year

TL volume which evaporates per 1e-3 - 1.6e-3 day” evaporation rate for hypothetical T

impoundment with 10.4 acre
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Table 2.3

List of Dependent Parameters and the Functional Dependence on the Sampled
Parameters

Dependent | Description Relation to Sampled Parameters

Parameter

p Rate of movement from state p=pp/pr
Y to state D

a Rate of movement from state o = Opaa-{1-p}
Y to state Z

B Infection rate due to ingestion | B = F( W - B, - Branour * (Brscay / 365) - Ps)
of pathogen in reclaimed water | where F(d) = 1 - exp (d - -Bg,,}

A Rate of pathogen shedding by | A = A¢ - PS - Brgnour * (Brsday / 365)/ (Pys - W,)
infectious swimmers

1 Concentration of pathogen V= g I/ U+ B - (X+Y+2Z+D)
entering treatment plant from
external sources

R Concentration of pathogen R=R:-Pe/{l, + R -{X+Y+2Z2+D)
entering treatment plant per
infectious individual

T Fraction of pathogens T=T-T,

remaining per day after water
treatment and dilution
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Figure 2.1

a X
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= Movement of individuals.
—————— - Pathogen entering treatment plant.

--------- > Pathogen released directly into swimming water by infected swimmers.
------------ > Pathogen remaining in treated water entering swimming impoundment

Model Structure
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