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ABSTRACT

Site-specific risk assessments commonly result in large amounts of
information that needs to be processed for a wide, often non-scientific, audience
consisting of risk managers, regulators, and other decision makers. For this work
we combined a series of models into a large virtual representation of the study
system. By using a location-based approach, we were able to arrive at a more
accurate determination of risk compared to just a maximum-dose approach.
Caddo Lake at Longhom Army Ammunition Plant was used to study the impacts
of perchlorate (C104') on thyroid hormone secretion in the channel catfish
(Ictalurus punctatus). Two hypothetical contaminant plumes were modeled
accounting for groundwater upwelling into the lake and effluent discharge near
the surface. Results were compared between environmental systems and the three
dosing techniques; maximum dose, time-lapsed maximum dose, and locationbased dose. Perchlorate tissue concentrations for liver, kidney, gill, skin, muscle,
GI tract, and thyroid, as well as thyroid hormone levels and secretion rates were
simulated. We have shown that a standard maximum dose approach vastly
overestimates exposure for individuals and populations. By simulating large
numbers of individuals we are able to achieve low probability extreme events,
thereby limiting the need for uncertainty factors. Through the use of
commercially available graphics software Maya®, we were able to generate 3dimensional visualizations of our study site, PBTK model, thyroid hormone
secretion, catfish movement, and contaminant plumes, further aiding in data
vi

comprehension. This is the first study to generate a 3-dimensional PBTK with
commercially available software, as well as use grid computing and 3-d
visualization for risk assessment.
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CHAPTER 1
INTRODUCTION AND BACKGROUND

Over the last decade, scientists, regulators and the general public have focused on
the issue of perchlorate (CIO4") contamination in groundwater and surface water. One of
the primary catalysts for this concern is the phasing out of military complexes across the
United States. Before the land can be handed over to civilian control, a risk assessment
must be performed to identify the presence of any contaminants and their potential risk to
the population. As a result of its use in rockets and explosives, as well as the necessity
for regular stockpile renewal, perchlorate contamination is common at military facilities
specializing in the creation and/or disposal of such items. The majority of these facilities
are located in California and the Southwest United States. High water solubility and a
relatively low reactivity level allow perchlorate to be environmentally persistent and
highly mobile. Human health concerns focus primarily on reduced thyroid hormone
levels resulting from inhibited iodide uptake. With the potential for drinking water
contamination and the demonstrated thyroid effects, perchlorate has become a major
pollutant-related health concem.
The purpose of our research was to employ advanced techniques and technology
as a means to improve current risk assessment methodology. The exposure scenarios are
purelv hypothetical, and based on data from 2001, prior to the implementation of
perchlorate tieatinent at the site. It is also important to note that all samples taken from
Caddo Lake, water and biological, have had no measurable levels of perchlorate in them.

While the methodology and models used in this work are valid risk assessment
techniques, this work itself is not a risk assessment of any perchlorate contamination at
Longhom Army Ammunition Plant (LHAAP) or Caddo Lake.
Site-specific risk assessments commonly result in large amounts of information
that need to be processed for a wide, often non-scientific, audience consisting of risk
managers, regulators, and other decision makers. For this work we combined a series of
mathematical computer models into a large virtual representation of our study system.
By using a location-based approach, we were able to arrive at a more accurate
determination of risk compared to just a maximum-dose approach. LHAAP and Caddo
Lake were used to study the impacts of perchlorate on thyroid hormone secretion in the
charmel catfish (Ictalurus punctatus). While there have been no measurable perchlorate
concentrations in the lake system we simulated, we set out to test new risk assessment
methodology, not conduct an actual risk assessment. The exposure scenario modeled
accounted for groundwater upwelling into the lake and effluent discharge near the
surface. Results were compared between the three dosing techniques; maximum dose,
time-lapsed maximum dose, and location-based dose. Perchlorate tissue concentrations
for liver, kidney, gill, skin, muscle, GI tract, and thyroid, as well as thyroid hormone
levels and secretion rates were simulated using a physiologically based toxicokinetic
(PBTK) model. Through the use ofthe commercially available graphics software
Maya®, widely known for its use in movie special effects, we were able to generate 3dimensional visualizations of our PBTK model, thyroid hormone secretion, plume
movement, study site, and catfish movement, further aiding in data comprehension. This

stiidy shows the use of technological and computational advancements to generate more
realistic and understandable risk assessment scenarios.

1.1

Chemical Profile

Perchlorate salts have had a wide array of uses over time, ranging from military to
medical (Table 1.1, US EPA 1998). The main use of ammonium perchlorate has been in
rocket motors where it is the oxidizer and primary ingredient by mass in solid propellant.
A standard solid propellant rocket contains 65-75% ammonium perchlorate by weight,
30% metal fuel (usually aluminum), an organic binder (e.g., hydroxyl-terminated
polybutadiene (HPTB), carboxyl-terminated polybutadiene (CTB), or polybutadiene
acrylonitrile acrylic acid), a curing agent, and additional mission specific components
(Sutton and Biblarz 2001). Potassium perchlorate (KCIO4) and sodium perchlorate
(NaC104) are also used on occasion, however this is very rare. Because of a limited shelf
life, perchlorate must be regularly flushed out and replaced with a new supply, leading to
massive disposal requirements. The U.S. Air Force Space and Missile Systems Center
and the Aerospace Corporation identified the following missile and space launch
facilities as potentials perchlorate sources from flight operations; Vandenburg Air Force
Base (VAFB), Cape Canaveral Air Force Station (CCAFS), Kodiak Launch Complex
(KLC), Central Pacific Island Broad Ocean Area near the Kwajalein Missile Range
(KMR), and other broad ocean areas (BOA) in the Atlantic and Pacific Oceans (U.S.
Dept. Air Force 2001). During launch operations the solid fiiel and oxidizers are fully
bumed prior to spent motors being dropped in the ocean. Currently, spent solid rocket

boosters are retiieved by the National Aeronautics and Space Administiation (NASA)
Shuttle operation at Kennedy Space Center, the only U.S. program to do so (Lang et al.
2001).
Concem was raised in 1998 that chemical fertilizer was a potential source of
perchlorate contamination (TRC Environmental Corporation 1998); this was
subsequently refined to fertilizers containing Chilean caliche (Urbansky 2000; U.S. EPA
2001a,b; Urbansky and Collette 2001). Recent modifications to production methods,
however, have eliminated this potential source.
Ammonium perchlorate dissociates in water to form perchlorate:

NH4CIO4 (s) -^ NUA" (aq) + CIO4" (aq)

(eq. 1.1)

Once formed, perchlorate possesses a tefrahedral geometry with the four oxygen
molecules surrounding the chlorine atom (Figure 1.1). Because of its low charge density,
perchlorate exhibits limited affinity for cations, which in turn leads to high solubility. As
a result of limited sorption and natural chemical reduction properties, perchlorate
possesses high mobility and environmental persistence within groundwater and surface
water. Some bacteria have been shown to possess reductases that allow them to use
perchlorate as an oxidant in anaerobic metabolic pathways (Coates et al. 1999,2000;
Logan 1998, 2001; Nzengung and Wang 2000; Urbansky 1998).

1.2

Animal Sttidies

Mammalian stiidies of perchlorate exposure go as far back as the 1950s, primarily
related to its therapeutic uses. Transfer of perchlorate across the placenta and resulting
fetal goiter was shown in guinea pigs in 1957 (Postel 1957). hi 1972 the reduction of
iodide transfer through cow milk resulting from perchlorate exposure was quantified
(Lengemann 1972). Male Fisher rats with a dietary intake of 1000 mg/L for 140 d
showed increased thyroid weights and blood levels of thyroid stimulating hormone (TSH)
and related decreases in plasma thyroxine (T4) (Hiasa et al. 1987). Male Sprague-Dawley
rats exhibited a dose-dependent increase in TSH and decrease in triiodothyronine (T3)
and T4 following a 4-d exposure to 50, 100, and 500 mg/L potassium perchlorate in their
drinking water (Mannisto et al. 1979). Another study on Sprague-Dawley rats exposed
through drinking water, this time with ammonium perchlorate, found significant changes
in thyroid hormone levels in blood as well as histopathological effects at 10 mg/kg/day
(Siglin 2000). There was no effect on male sperm parameters or female estrous cycle and
all demonstrated effects were reversible after 30 days of nontreatment. York et al.
(2001a) stiengthened these results when they found no evidence of reproductive toxicity
with doses up to 30 mg/kg/d. The same researchers found no evidence of developmental
toxicity in New Zealand WTiite Rabbits exposed to doses as high as 100 mg/kg/d in
drinking water at gestation days 6 through 28 (York et al. 2001b).

1.3

EpidemioloRical, Occupational, and Human Dosing Studies

There have been confradictory studies on the risk of perchlorate-contaminated
drinking water to newborns. While clinically it is well known that congenital
hypothyroidism occurs when the fetus does not receive an appropriate level of thyroid
hormones, it is unknown how much perchlorate exposure is necessary to elicit this effect
in humans. Newborns in areas in Arizona contaminated with perchlorate showed
significantly increased TSH levels relative to uncontaminated areas (Brechner 2000).
This relationship is confradicted by Li et al. (2000), who found normal TSH levels in
newborns exposed to perchlorate in Las Vegas and Reno, Nevada. Additional newborns
and school age children in Chile exposed to environmental perchlorate showed no
changes in TSH levels or related thyroid problems (Cmmp et al. 2000). Another study of
six counties in southem California and a county in southern Nevada with perchlorate
contaminated drinking water (4-16 jig/L) found no increase in the rates of congenital
hypothyroidism (Doemland and Lamm 1999). A more recent study investigating
Medicaid records from Clark County, Nevada found no increase in the prevalence of
thyroid disease (Li et al. 2001).
With most environmental contaminants, there is only indirect or anecdotal
evidence to determine the impact on humans. There are, however, therapeutic,
occupational, and volxmteer dosing data for perchlorate. Primarily used to freat Graves'
Disease, an autoimmune condition that leads to hyperthyroidism, potassium perchlorate
was used to establish a no-observed-adverse-effect-level (NOAEL) of 0.14 mg/kg-day
with iodide secretion by the thyroid as the monitored effect (Dollarhide 1995).

Groundwater cleanup levels were subsequently recommended at 4-18 ^ig/L based on the
RfD of 0.0001-0.0005 mg/kg-day determined by the EPA. Lamm et al. (1999) conducted
an occupational study of workers exposed to 0.004 to 167 mg of perchlorate per day.
Clinical evaluation determined no significant thyroid abnormalities and a NOAEL for
thyroid function and hemotoxicity was set at 34 mg/d, the highest exposure category.
Male volunteers given 10 mg/d of perchlorate in their drinking water for 14 d exhibited
no change in circulating thyroid hormone levels or TSH, but did show a significant
decrease in l'^^ uptake (Lawrence et al. 2000). Once exposure was discontinued, iodide
uptake rapidly returned to normal These human exposure studies, however, are of
limited value. Both studies focused on adults, while the main group of concem is
developing children. Additionally, a 14 d exposure is a very short period of time and is
not sufficient to fully deplete hormone stores within the thyroid gland, which can last for
months (Dunn and Dunn 2000; Brabant et al. 1992).

1.4

Recent History of Perchlorate

Perchlorate contamination was first identified by the U.S. EPA in 1985 (Takata
1985), with the majority ofthe associated policy and legislation established from 19952000. Califomia was the first state to develop regulatory levels for perchlorate in 1997
with a provisional action level of 18 |j,g/L. In 1998, the EPA released the human health
and ecological risk assessment review draft (US EPA 1998), which was subsequently
revised based on an extemal peer review panel in 1999 (Research Triangle Institute
1999). In 2002, the EPA released a draft of "Perchlorate Environmental Contamination:

Toxicological Review and Risk Characterization" for extemal review (US EPA 1998).
This report coalesced the research conducted on perchlorate contamination and its effects
to date. Hazard identification, dose-response assessment, and risk assessments were
based on guidelines from the National Research Council (1983).
During the early 1990s analytical techniques had a minimum detection limit
(MDL) of 400 |j.g/L. The Aerojet Corporation improved this level to 100 |ag/L in 1996,
and the Califomia Department of Health Services Sanitation and Radiation Laboratory
Branch (SRLB) further lowered it to 1 ^g/L in 1997. Work continues on the development
of new perchlorate detection techniques, including ion chromatography (IC), mass
specfrometry (MS), Raman specfrometry, capillary electiophoresis, and others (Urbansky
2000). Improvements to analytical techniques have resulted in the identification of 49
confirmed and 4 unconfirmed sites in 20 states with perchlorate contamination ranging
from 4 ^g/L to 3,700,000 ^ig/L.

1.5

Site Characterization

The Longhom Army Ammunition Plant (LHAAP) is located near the city of
Kamack, Texas in Harrison County on the Louisiana border. The exhibits moderate
temperatures for the region and has 50 inches of rainfall annually at an elevation of
168.5-335 feet (USGS 1978), Habitat types are 66% mixed hardwood-pine, hardwood,
and pine forests with 23 percent being swamp (Darville and Shellman 1995). A wide
range of animal species is either confirmed or suspected to be present at LHAAP
including; 52 species of mammals, >320 species of birds, 70 species offish, 31 species of

amphibians, and 60 species of reptiles. LHAAP served as a munitions loading and
assembly base for the United States Army from 1942 to 1997, encompassing
approximately 8,500 acres (Figure 1.2). The primary activity was the manufacturing of
TNT and solid propellant rocket engines, although work was also conducted on
pyrotechnics, signal ammunition, and rocket demilitarization. Principal pollutants are
methylene chloride and trichloroethylene (TCE). Additional groundwater pollutants
include perchlorate, trinitrobenzene, dichloromethane, and barium with dinitrotoluene
and trinifrotoluene (TNT) contaminating soil and sediment.
Environmental contamination from LHAAP is of concem because the plant is
surrounded by widely use public lands. In 1933, 483.5 acres along Big Cypress Bayou
was acquired to form Caddo Lake State Park (www.tpwd.state.tx.us/park/caddo/). Caddo
Lake was the only natural lake in Texas prior to being dammed at the begirming ofthe
20* century for oil exploration andfloodcontrol. Covering 26,810 acres of cypress
swamp, lake depth ranges from 8-10' and bayou depth reaches 20'. Caddo Lake is on the
Clean Water Act 303(d) list for dissolved mercury and zinc levels, as well as pH and
temperature criteria exceedance (TNRCC 1998). Because of elevated mercury levels the
Texas Department of Health currently recommends limited consumption of largemouth
bass andfreshwaterdmm (TPWD 2004). Additional contamination of organic pollutants
resulted in LHAAP being placed on the National Priorities List as a superfund site in
1990 (TDH 1999).
Measured environmental concentrations of perchlorate at LHAAP have varied
widely. The United States Army Corps of Engineers (USAGE) reported ammonium

perchlorate and VOC contamination on site with perchlorate concentrations measured at
1,410 and 1,500 |ig/L in Harrison Bayou and 38 and 75 ^ig/L one hundred meters from
Caddo Lake (USAGE 1999). Additional water and sediment samples collected by the
State of Texas Clean Rivers Program in the Harrison Bayou and Goose Prairie Creek area
of LHAAP during 1998 found no measurable levels of ammonium perchlorate (Paul
Price Assoc, and Darville 2003). Water samples collected from LHAAP in eariy
November 1999 ranged in concentration from non-detects (< 1 [ig/L) to 776 |j,g/L (Smith
et al. 2001). Two ofthe main areas of concem are the Harrison Bayou Discharge area
where effluent from the GWTP is emptied, and the INF holding pond where effluent is
temporarily stored when bayou flow is too low. The Harrison Bayou Discharge area
exhibited the lowest concentrations with a mean = 1 |ig/L and SD = 2 (n=3), while the
INF pond had the highest concentrations at mean = 279 \xgfL and SD = 305 (n=6).
Sediment followed similar pattems with three non-detects at the Harrison Bayou site and
a mean = 266 and SD = 318 (n=6) at the INF Pond. Remediation actions fall under the
U.S. Army with EPA and TCEQ oversight.
With 1,500 people residing within 1 mile of LHAAP, the primary concem is
drinking water contamination. In Harrison County, 75% ofthe wells are less than 50 feet
deep and screened within the Carrizo-Wilcox Aquifer (U.S. EPA 2003). Public supply
wells for Kamack and the Caddo Lake area are located in this aquifer at a depth of 200300 feet, and are the only source of drinking water for the area. The closest of these
wells to LHAAP is 500 feet from the northem boundary.
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In January 2001, LHAAP became the first United States Department of Defense
(DOD) facility to install a biological fluidized bed reactor (FBR) for ti-eatment of
perchlorate-contaminated groundwater (AFCEE 2001). The FBR was employed as an
add-on to the existing tieatment plant, which began freating metals and volatile organic
compounds (VOCs) in 1997. Perchlorate is reduced to chloride ions by anaerobic
microbes that also receive acetic acid as a nutrient and electron donor. This process
results in treated water with lower than 4 \xgfL of perchlorate. Prior to installation ofthe
FBR, groundwater was discharged into Harrison Bayou when flow was present, and into
the INF holding pond when no flow was present. Bioreactors have the benefit of being
relatively cheap and easy to operate. Remediation times, however, may be very long and
treated water may require additional treatment (Table 1.2).
In addition to bioreactor remediation for groundwater, laboratory and field studies
were conducted by the DOD on the effectiveness of soil biotreatment. Soil biotreatment
relies on the use of bacteria to degrade the contaminants in either an in situ (i.e., in
ground) or ex situ (i.e., above ground) system. In situ treatments use animal waste as a
carbon source and are either applied directly to the surface (passive) or manually mixed
with the upper layer of soil (active). In ex situ treatment the soil is excavated and mixed
with bacteria and/or additional soil prior to placement in above ground holding areas.
Laboratory studies indicated chicken manure, cow manure and ethanol were "suitable
carbon sources for the enhancement of in-situ bioremediation of perchlorate"
(www.afcee.brooks.af mil). Perchlorate was completely removed from within 1-2 feet
after ten months of tieatment. A companion field study had similar success as areas

11

reached non-detectable levels. Soil biotreatment is a very rapid form of remediation that
can be applied to contaminant sources; however, it may require significant excavation
and result in downstieam contamination from nutrients and carbon sources used in the
process (Table 1.3).

1.6

Project Overview

Our study objectives were to create models capable of simulating the movement
and effects of perchlorate in catfish, more accurately identify risks to individuals and
populations through location-based dosing, and determine the feasibility of using
techniques and tools developed by the gaming and movie industry to express the large
volumes of data associated with a site risk assessment. To effectively achieve these
objectives, a site was necessary that possessed enough complexity, size, and relevancy to
warrant the use ofthe necessary technology and resources. The risk assessment chosen
for this study targeted perchlorate contamination at the LHAAP, described previously.
Our target organism was the channel catfish (Ictalurus punctatus) with hormone
inhibition being our response variable. Because the project was so complex, it was
necessary to break the project up into separate components. Selective data were
generated and transferred as necessary to the next component, i.e., movement locations
generating by the movement model were passed to the environmental plume simulation
to generate location-based dosing. As we were following the contaminant from source to
sink, the overall study design incorporated three main project areas; environmental
tiansport and fate, target organism confrol, and 3-d data visualization (Figure 1.3). This
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project culminated in three distinct computer models, three separate dosing scenarios,
4263 simulated individuals, use of 6 different software packages, -6700 lines of code in
three different programming languages, ~ 1 tiillion data points, ~3 gigabytes of data
files, -3,500 frames of animation, and 44 megabytes of compressed video footage.
With a study site encompassing over 35,000 acres of land and swamp, it was
important to create a means of spatial orientation as well as accurate site representation
by generating a 3-d constmct. To accomplish the visualization ofthe study site, a
combination of data sources was utilized and then joined into one 3-dimensional map.
Boundaries for LHAAP and Caddo Lake were taken from geographical information
software (GIS) data previously entered into Arc View by using the minimum number of
coordinate points possible, while still maintaining the approximate shape and dimensions.
Additional information about lake depth, habitat type, and building and river locations
was gathered from published literature, LHAAP stmctural maps, and Texas Parks and
Wildlife Department (TPWD) web sites. All of this information was coalesced in the
Maya® software to achieve an accurate and visually appealing virtual representation of
the entire study site.
Contaminant movement within the channel catfish was governed by a sevencompartment PBTK. Differential equations were programmed in Maflab® to account for
counter current chemical exchange at the gills and blood flow limitation to chemical flux
for the tissues. Portal blood flow was added to both the liver and kidney to make the
model physiologically accurate. The model was calibrated with appropriate lab data and
mn with doses from three different exposure scenarios. These exposure scenarios

13

represented a range of options commonly utilized in risk assessments from a rudimentary
conservative method to a complex realistic one. In order of increasing complexity and
realism they were maximum dose, time-lapsed maximum dose, and location-based dose.
The location-based dosing required the creation of a model to govem the movement of
the individual catfish based on known parameters such as home range size, swimming
velocity, depth preferences, and movement frequency. An individual's location within
the lake was compared with the concentration of perchlorate within the lake at that point
as simulated by the 3-dimensional plume generation. To take into account the spatial
heterogeneity ofthe location-based dosing, a population of 4263 fish was utilized. We
wanted to have between 4000 and 5000fishbased on the size ofthe lake and reported
catfish densities in other lake bodies. Simulations were mn on the computer grid based
on rough estimates of how long it would take in real time to achieve appropriate
population numbers.
With the data generated from the PBTK model it was possible to simulate the
effect of perchlorate inhibition of thyroid hormones. Differential equations programmed
in Matlab® were used to generate a six-compartment kinetics model accounting for
plasma, slow and rapid exchange compartment T3 and T4 levels. The simulated thyroid
perchlorate concentiation from the PBTK model was used as the input for this model to
show how different environmental exposures can result in different physiological effects.
The model was calibrated with laboratory data and compared to baseline levels to
determine any significant changes.
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Plume generation was conducted within Maya®, using scientific laws of particle
physics computations to account for "real world" behavior and combined with the threedimensionally generated lake model mentioned previously (see Section 4.4 for more
detail on plume visualization). The particle physics engine within Maya® allowed us to
confrol numerous physical parameters, such as concentiation, velocity, decay, and
mixing, as well as take into account field forces like wind and simplistic Newtonian
physics. Two likely pollutant scenarios were generated: groundwater upwelling and
sfream effluent. When a fish entered the plume, the concentiation at that location was
calculated based on the density of particles in a defined area around eachfishand
exported into a text file for the location-based dosing in the PBTK model. The overall
maximum concentiation for the entire simulation and maximum concentration at each
hour were used for the maximum dose and time-lapsed maximum dose respectively.
Fish movement within the lake was added in Maya® using motion paths with
lattice boxes around each fish to allow for the swimming motion as thefishmoved. Each
frame was output individually to allow for more latitude when doing the digital editing.
Additional visual models were generated, based on fish anatomy, to show contaminant
levels in each organ, as well as impacts on hormone secretion. Organ color changed
according to the perchlorate level as generated in the PBTK model. Hormone secretion
was visualized using particle generation withfluxesin rate based on the secretion rate for
the appropriate hormone from the thyroid model. Video footage was rendered and edited
using Adobe After Effects®.
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Table l.l

Various uses for perchlorate salt

Solid rocket fuel oxidizers
Flares
Pyrotechnics
Explosives
Military batteries
Air bag inflators
Nuclear reactors
Electionic tubes

Lubricating oils
Tanning and fishing leathers
Fabrics and dyes
Electioplating
Aluminum refining
Rubber manufacturing
Paints and enamels
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Table 1.2
Pros
•
•
•
•
•

Pros and cons of using bioreactors for remediation

System is small and compact
Easily added to existing systems
Limited operator oversight
Minimal biosludge production
Relatively cost-effective

Cons
Takes years of remediation
Proper maintenance of conditions within the reactor is essential
Requires supplemental nutrients to maintain bacteria colony
Treated water may require additional treatment
Elevated nitiate levels in the wastewater limits effectiveness
Must have an imintemipted power source
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Table 1.3

Pros and cons of soil biotieatinent for remediation

Pros
• Rapid tieatment that can be applied in small specific areas
• Can tieat contaminant sources
• Costs less than conventional methods
• Passive treatment is simple and inexpensive
Cons
• Ex-situfreatmentcan require significant excavation
• Most effective when contaminant is within 18 inches of soil surface
• Non-mixing processes may result in a less homogeneous tieatment
• Nutrients, carbon sources, etc. that are added to the soil may result in
downsfream contamination
• Environmental and soil conditions impact effectiveness
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Figure 1.1 Molecular Stiiictiire of Perchlorate
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CHAPTER 2
PHYSIOLOGICALLY BASED TOXICOKINETC MODEL

Once a dose was determined based on the field data or plume model, it was
possible to mathematically simulate the movement of perchlorate through a living
organism. This was accomplished through the development of a 7-compartment PBTK
for the channel catfish (Ictalurus punctatus) (Albers and Dixon 2002). By accounting
for exposure pathways such as ingestion, inhalation, absorption, and distribution and the
elimination factors of metabolism and excretion, the net flux of contaminant can be
calculated. Model parameters, including partition coefficients, blood flow rates, organ
volumes, and respiration rates, govem a chemical's affinity for specific tissues. The
nature of PBTK models allows for them to be extiapolated to varying doses, as well as to
similar chemicals and across species, making them essential in the risk assessment
process.
PBTK modeling has its origins back in the 1920s with Haggard's (1924) work on
mathematically describing the uptake of inhaled diethyl ether for anesthetic purposes,
from a physiological perspective. Teorell (1937a,b) broke new ground with his work on
PBPK modeling in the pharmaceutical field in the 1930s. Chemical kinetics in the
human body, as a fiinction of physiological parameters such as blood flow rates and
tissue partitioning coefficients, were initially stiidied by Kety (1951) and Riggs (1970).
The numerical integration of mass balance equations was first done by FiserovaBergerova (1975) to describe the behavior of metabolized vapors and gases. Through
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these improvements, a reliable, adaptable, and scientifically valid technique was
developed that is now widely used in the field of risk assessment.

2.1

Background

A great deal can be learned about the likely route of perchlorate exposure from its
chemical properties. The high charge of perchlorate inhibits its ability to penetiate the
skin readily (Scheuplein and Bronaugh 1983). As a result, the dermal uptake of
perchlorate and similar inorganic ions is normally less than 10% and most often less than
1%. In addition, the low vapor pressure of perchlorate at room temperature rules out
inhalation offtimesor vapors. Because of these properties, ingestion is the primary
route of concem for perchlorate exposure in humans.
Research in both rats and humans has shown that perchlorate is excreted rapidly
from the body; however, it is not metabolized. The activation energy for perchlorate is
too high for it to act as an oxidant in the human body, and hence perchlorate is excreted
unchanged. The body's inability to metabolize perchlorate was first established in the
1950s when 99.9% ofthe dose administered to rats was excreted unchanged (Anbar et al.
1959). Two human subjects, who ingested 794 mg of perchlorate in 100 g of water,
eliminated 50% ofthe administered dose in the urine within 5 hours and 95% within 48
hours (Durand 1938). More recentiy, over 90% of cold perchlorate was excreted in rats
and 88% in humans (Yu et al. 2000a; Merrill et al 2001a). Studies in rats and calves
show that perchlorate undergoes a bi-phasic elimination process (Selivanova et al. 1986).
Rats eliminated 96% ofthe administered dose with a half-life of 1-2 hours during the first
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phase and 72-80 hours for the second phase, which removed the remaining 4%. First
phase half-life was 2-2.5 hours in calves, with a second phase half-life of 23-27 hours.
Perchlorate's rapid elimination, heavily weighted in the initial phase, indicates it is
unlikely to accumulate within an organism and will be cleared quickly once the organism
is removed from the exposure area.
The majority of perchlorate work to date has focused on intravenous (iv) or
intraperitoneal (ip) dosing studies in rats, as opposed to the more realistic oral route.
Halmi et al. (1956) found that male Sprague-Dawley rats given sodium perchlorate
reduced the thyroid:blood hormone level ratio from 22.7 to 0.45 at 1.0 to 1.5 hours after
dosing and 4.0 to 4.5 hours post dose. This indicates that equilibrium level is reached
with the first 90 minutes. Additionally stomach walhsemm and gastric juice:semm levels
decreased from baselines of 1.45 and 15.8 to 0.36 and 0.75, respectively. The presence
of a sodium iodide symporter (NIS) within the GI tiact is the likely reason for the
susceptibility of this tissue to perchlorate. Other tissues showing no effect were salivary
glands, pituitary glands, adrenal glands, testes, spleen, kidneys, lung, skin, and
diaphragm. Later work by Goldman and Stanbury (1973) with the same test species
found radionuclide retention to peak at 4 hours after injecting 40 ^ig of potassium
perchlorate and a drop to 5% of peak value after 96 hours. The reported amounts
remaining in thetissues(mean and standard deviation nCi) were as follows: thyroid
(0.142±0.1), kidney (0.125±0.09), spleen (0.098±0.03), liver (0.048±0.04), and brain
(background). Currently there have been no published studies investigating detailed
toxicokinetics of perchlorate in any fish species. Dosing studies on the rainbow tiout
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(Oncorhynchus mykiss) and fathead minnow (Pimphales promelas) reported LC50 at
400,000 ^ig/L and 1,655,000 ng/L, respectively (US EPA, 1998).
While various dosing and toxicokinetic stiidies have been done on perchlorate
only the U.S. Air Force has done modeling work, specifically on the Sprague-Dawley rat
(Clewell et al. 2001a, 2001b; Merril et al. 2001b; Yu et al. 2000b), and humans (Merril et
al. 2001a). Tissue collection in rats dosed with 30 mg/kg/day perchlorate in drinking
water on gestation day (GD) 2 until postnatal day (PND) 5 or 10 showed that tissues with
an NIS (thyroid, skin, GI tissue, and mammary) preferentially accumulated perchlorate.
Tissue:serum ratios ranged from a low of 1 to 2.42 for gut contents on PND 5 to a high of
12.28 to 28.58 for the thyroid on PND 5 (Yu et al. 2000b). Thyroid tissue collected later
at PND 10 ranged from 5.02 to 36.67. It is important to note that the highest tissue:semm
ratios were observed in the 1 mg/kg-day and not the high dose of 10 mg/kg-day. This
abnormality could be a result ofthe rapid rate of uptake and equilibrium into tissues with
an NIS resulting in an increased load in the semm for eventual excretion. Male rats given
an IV dose and sacrificed at one and two hours post dose showed identical tissue
preferences with non-NIS tissues (muscle, fat and liver) having tissue: semm ratios less
than one (Yu et al. 2000a). Also, the GI contents had a ratio of 51.3 at hour one,
dropping to 8.69 at hour two. By passing the majority ofthe perchlorate to the GI
contents, the body is able to more rapidly excrete it.
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Stiidv Species (Channel Catfish - Ictalurus punctatus)

The channel catfish (Figure 2.1) was selected because of its presence in Caddo
Lake and wide spread use as a sport fish. In addition, laboratory-dosing studies with
channel catfish conducted at The Institute of Environmental and Human Health (TIEHH)
provided data for model calibration. The channel catfish is one of 40 species found in the
U.S. and Canada of family Ictaluridae, commonly known as the bullhead catfishes. Fish
in this family are identified by the presence of 4 pairs of barbels ("whiskers") around the
mouth, an adipose fin, no scales, and spines at the origin ofthe dorsal and pectoral fins
(Page and Burr 1991). The geographic range ofthe charmel catfish extendsfromthe
Rocky Mountains east to the Appalachian Mountains and south to the Gulf of Mexico.
Channel catfish can also be found in areas of southem Quebec and Manitoba provinces in
Canada as well as northem Mexico. Commonly feeding near the bottom ofthe water
body, juvenile catfish feed primarily on aquatic insects. Adults are more opportunistic,
going for small cmstaceans, aquatic vegetation, and small fish. Fish become a major part
ofthe diet in larger catfish (greater than 18 inches), which can grow to 50 inches (127
cm). While adult catfishes are habitat generalists (Minckley and Cloutmann 1997;
Layher and Maughan 1985), moving up or downstieam seasonally according to resource
availability (Flotemersch et al. 1999), juvenile channel catfish have been suggested to
vary habitat use among macrohabitat types, depending on season and size offish
(Stauffer 1991).
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It is important to know the diel pattern of a given species, since some are more
active at night than others. Channel catfish at both the adult (Floyd et al. 1984; Muth and
Schmulbach 1984) and juvenile stages (Costley 1998; Irwin et al. 1999) have been shown
to exhibit increased activity at night. Generally speaking, diel changes in habitat
selection have been correlated with resting or foraging behavior (Helfman 1993). Diel
behavior is also important because movement between habitats is normally governed by
predator-prey dynamics and ultimately affects growth and survival rates, making
characterization of periods of increased movement essential.

2.3

Fish Respiration

Water flows over the fish gills, specifically the gill lamellae, which allows oxygen
to diffiise into the blood and carbon dioxide to diffuse out into the water (Figure 2.2).
Counter-current exchange allows the oxygen to flow from water into the lamellae as a
result ofthe high concentiation of O2 in the water relative to that in blood leaving the
heart. Carbon dioxide is released in a similar manner. Diffiision of gas across a
permeable membrane is calculated by Pick's first law of diffiision:

F =- D —
dx

(eq.2.1)

where F = mass flux of gas/solute per unit area per unit time,
D = diffiision coefficient (area/time),
C = solute concentiation (mass/volume),
dC/dx = concentration gradient (mass/volume/distance).
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The physiological methods for blood circulation in fish are well understood. In
1964, Steen and Kruysse showed anatomically in an eel that deoxygenated blood could
bypass the secondary lamellae and go from the afferent filament artery to the efferent
filament artery through a cential compartment in the gillfilament(later called the central
venous sinus). Steen and Kmysse (1964) disproved the previously held theory that all
cardiac outputflowedto the systemic circulation via the counter-current gas-exchange at
the lamellae. The purpose of bypassing the lamellae is to allow for a variable surface
area as needed, especially during times of exertion. Blood vessels are dilated, thereby
reducing vascular resistance to bloodflowby adrenaline and noradrenaline which are
mediated via p-adrenergic receptors (Butler and Metcalfe 1983). Additionally,
muscarinic receptors mediate acetylcholine, which causes consistent constriction ofthe
gill blood vessels. Catecholamines have been shown to increase the number of perfiised
lamellae in trout, resulting in an increased surface area and greater oxygen uptake (Booth
1979; Bergman et al. 1974). Another possible confrol mechanism of branchial perfusion
is simple blood pressure. Increased blood pressure resulted in greater levels of blood
flow across the central region of the lamellae, with concomitant decreases inflowacross
the basal and marginal regions (Randall 1982).

2.4

Model Description

A PBTK model was developed to simulate the movement of perchlorate within
channel catfish. Contaminant movement was govemed by a series of mass-balanced
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differential equations programmed in Matlab®. Model compartments and blood flow can
be seen in Figure 2.3. General equations used in the model were taken from PBTKs
developed by Nichols et al. for rainbow trout (1990; 1991) and channel catfish (1993) (eq.
2.8-2.12). The rate of change for each ofthe seven compartments (skin, kidney, muscle,
GI tiact, liver, gill, and thyroid) at individual time steps were obtained by solving the
differential equations simultaneously using numerical integration. Fish gill physiology
was kept biologically accurate by accounting for countercurrent chemical flux, including
both flow and diffiision limitations (Erickson and McKim 1990b; see section 2.4.2).
Flow-limited distribution was assumed, i.e., chemical equilibrium existed between the
tissues and blood leaving the compartment. Additionally portal blood flow was
incorporated into the kidney and liver from poorly perfiised tissue and richly perfused
tissue respectively. Portal blood flow to the kidney was set as 60% of blood flow to skin
and muscle compartments, with portal flow to the liver equal to blood flow to the GI fract
(Nichols et al. 1990).

2.4.1

Model Paramaterization
Physiological parameters for blood flow and cardiac output in the channel catfish

were obtained from existing literatiire (Erickson and McKim 1990a; Erickson and
McKim 1990b; McKim et al. 1993; Hughes 1984; Nichols et al. 1990) (Table 2.1).
Ventilation volume (QV) and oxygen consumption rate (VO) were based on measured
values for chambered, spinally tiansected catfish (McKim et al. 1993). Effective
respiratory volume (Qw) was calculated by Erickson and Mckim (1990a) as the ratio of
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oxygen consumption rate to the drop in oxygen concentration in waterflowingthrough
secondary lamellar channels. Oxygen concentiation in saturated fresh water is 8.9 mg
O2/L @ 2rC. By assuming that diffiisional resistance to the uptake of oxygen is
negligible, efferent oxygen tension in respiratory water is similar to blood (Nichols et al.
1993) or 20%> of saturation with the atmosphere (Burggren and Cameron 1980; McKim et
al. 1993). Cardiac output (CO) was estimated by McKim et al. (1993) in resting catfish
by applying the Pick's first law of diffusion (eq. 2.1) to ammonia excretion and oxygen
uptake, and the average value of 2.5 L/kg/hr used in the model. Bloodflow,cardiac
output, and ventilation parameters were based on a 1 kg adult catfish, significantly larger
than the 60gfishesused for tissue volumes and calibration in our model. This difference
was accounted for by scaling tissue bloodflowby body weight to the 0.75 power. Tissue
masses were measured in undosed juvenile channel catfish (Bradford 2002; Park 2003),
with their averages used to determine their fractional mass.

2.4.2 Gill Description
Route of exposure for perchlorate in the PBTK model was uptake through
inspired water, which was simulated by using an equation for chemical flux at the gills
(Erickson and McKim 1990b). This method accounts for counter-current exchange with
flows separated by a diffiision barrier made up ofthe gill epithelium and stagnant
boundary layers in adjacent blood and water channels (Nichols et al. 1993). For purposes
of this model diffiision resistances were considered negligible in flow channels. By
integrating diffiisive flux on the gill surface, we arrived at an equation that relates total
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flux (Fg in |ig/hr) to an exchange coefficient and the difference in chemical activities
between the venous blood and inspired water:

F.=K

^

c^
insp

p

(eq. 2.2)

The exchange coefficient (kx) is determined by the chemical capacities of water (kw) and
blood (kb) flowing to perfiised gill lamellae, and the average resistance to chemical
diffusion (kd); each parameters' sensitivity can fluctuate, based on the chemical and
organism (Erickson and McKim 1990b):

k..,

Chemical capacity of water flowing to the perfiised gill lamellae is equal to the effective
respiratory volume (Qw), with chemical capacity of blood calculated as follows:

K = QcPbw
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(eq- 2-4)

Diffiisional resistance was calculated as:

K=Dwhere:

(eq.2.5)

D = molecular diffiisivity (m^/hr),
A = total lamellar gill area (m^),
T = diffiision barrier thickness (m).

Because of limited data on catfish gill morphometry, it was necessary to use values for
total gill area and epithelial thickness reported for other fish species exhibiting
intermediate levels of activity (Hughes 1984). Total lamellar gill area for our 60 g fish
was calculated based on body weight (BW) in g:

^^(mBW^
1000

(eq.2.6)

Erickson and McKim (1990b) calculated diffiision barrier thickness as the sum of
the thickness ofthe epithelial layer plus one-third the combined thickness ofthe water
and blood layers. An epithelial thickness of 4 ^im was used by Fischer et al. (1993) as an
average ofthe values reported by Hughes (1984), resulting in a total diffiision barrier of
12 ^m.
Molecular diffiisivity of perchlorate in water was calculated using an equation
developed by Wilke and Chang (1955), and estimated as 0.0561 cm^/s:
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where (pw = solvent association factor,
Mw = molecular weight of water (g/mol),
T = temperature (K),
riw = viscosity of water (cP),
VB = molar volume of solute B (cm^/mol).
Reduced permeability across the gill epithelia was accounted for by multiplying the
molecular diffiisivity by 0.75 to obtain combined diffiisivity (Erickson and McKim
1990b).

2.4.3

Model Equations
Numerous equations were used to govem the different aspects of our PBTK

model. Abbreviations and symbols used for model equations are listed in Table 2.2.
Water intake (dose) is govemed by the gill flux equation below:

The concentiation of perchlorate in the blood afferent to the gills, also known as the
venous blood, was calculated as follows:
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The concenfration of perchlorate in blood efferent to each tissue compartment was
calculated as follows:
^A'^
C r = ^

(eq.2.10)

The rate of change in perchlorate concenfration for each tissue compartment is defined by
the differential equation:
dA'
= Qs(Cf-''-Cf-')
dt

(eq.2.11)

Finally, the concenfration of perchlorate in the blood efferent to the gills was calculated
as follows:

Cf'^=Cf''+-^

(eq.2.12)

2.4.4 Model Calibration
Model calibration was performed to demonsfrate that the model can simulate
laboratory orfield-measuredvalues. Calibration was accomplished by initially defining
as many parameters as possible with known values and then adjusting unknown
parameter values until the output matches what is measured in the lab\field. In the PBTK
model, all values except the partitioning coefficients were directly measured or reported
in the literature (Section 2.4.1-2.4.2). Calibration is an inverse or backward problem.
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since we are using the model solution to determine parameters. A normal forward
problem is using the parameters to arrive at a solution. The parameters to be adjusted are
given arbifrary initial conditions and the model mn until the solution meets the
calibration condition. Two techniques can be used for model calibration: (1) manual trial
and error parameter adjustment and (2) automated parameter estimation. While
automated estimation is more objective and has better methodological documentation it
entails complex mathematical solutions and has only seen limited use for large parameter
sets. The ease of use, as well as the greater body of demonstrated applications, makes the
manual method the norm. Even though the manual method is easier to do, hundreds of
model runs may still be necessary to achieve calibration.
For our purposes the PBTK model was calibrated by altering the partitioning
coefficients, the only parameters that were not taken from the published literature. The
calibration data itself were taken from a 10-day elimination study in channel catfish (Park
2003). Juvenile channel catfish were exposed to 84 ± 4 mg/L perchlorate for two days,
followed by movement to a clean tank for a 10-day elimination period. Data was
collected at 24,48, 72, 144, and 264 hr after removal from the exposure tank. By fitting
the model to the elimination data, as well as the uptake data, we were able to account for
the lack of a urinary excretion term. The model provided a good fit to the measured data
(Figures 2.4-2.8), with the exception ofthe first data point for the GI and thyroid
compartments (Figures 2.5,2.8). The GI compartment can be partially explained by the
lack of an ingestion term in the model. Fish were fed regulariy and the contaminants in
the water could have easily been absorbed by the food material leading to an additional
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route of exposure. Since the level of contaminant in the food as well as the quantity of
food ingested was not quantified we could not include it in the model. A singular thyroid
compartment may be an oversimplification ofthe kinetic behavior of perchlorate. Chow
and Woodbury (1970) determined that a three-compartment model (sfroma, follicle, and
lumen) was necessary to properly model the behavior of perchlorate in rat thyroids. It is
unknown if fish would follow a similar kinetic behavior since they lack the centialized
thyroid gland of mammals. Skin and kidney compartments were approximated using
data from a 5-day 100 mg/L dosing study (Bradford 2003); however, these data were not
robust enough for calibration purposes (Figures 2.9-2.10). Low sample size, lack of time
course data, and the fact that only one data point was collected at the end ofthe 5-day
period, made these data appropriate for rough approximations only. The skin
compartment was estimated at approximately equal to the thyroid compartment and
kidney set to approximately 45% ofthe muscle. These compartments were left in to
allow for the eventual inclusion of a urinary excretion term as well as any potential
dermal uptake.
Model calibration was tested by calculating the root mean squared error (RMS)
for the gill, GI, muscle, liver and thyroid compartments and conducting a sensitivity
analysis. The purpose of using the RMS was to create a quantifiable measure of
calibration "goodness of fit" while accounting for simulated values greater than or less
than the calibration values. A mean error calculation would not differentiate between the
two, potentially leading to a false low value that was achieved by positive and negative
errors canceling each other out. The RMS errors were 2609, 4969,2194, 1752, and 5495
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tig/L for the gill, GI, liver, muscle, and thyroid compartments, respectively. The square
root ofthe average variance was 3730 |.g/L. While these values may seem high it is
important to remember that the dose was 84,000 tig/L and tissue concentiations reached
as high as 400,000 ^ig/L, making the error relatively minor. Additionally, the data used
for calibration had a low number of replicates, four per time point, and contained a
number of artifacts such as secondary uptake during the elimination period.
Secondary uptake was a result ofthe fish not being placed in clean water each day
ofthe elimination. Only 1/3 ofthe water in each tank was replaced every 48 hr, leaving
water contaminated from excretion in the tank. During the elimination period, individual
tank water concentrations got as high as 410.3 ng/L with average daily concentrations
ranging from 56.0 ± 44.7 ^ig/L on elimination day 10 to 138.3 ± 114.7 ng/L on
elimination day 2 (Park 2003). Perchlorate levels in the tank water likely resulted in reuptake of perchlorate that would not be seen in a real-world scenario because ofthe size
ofthe water body and the catfish's regular movement. It also is not known if the tissue
concentration had reached equilibrium within the first 48 hr. The 5-day dosing study
(Bradford 2002) did not have time course data, so there was no way of knowing when or
if the tissues reached equilibrium. Based on the simulated concenfrations, none ofthe
compartments had achieved equilibrium by the time the fish were removed from the
exposure tank. The most important problem with the calibration data is that the tissue
concenfration that were measured post-dosing were taken after 24 hours of elimination,
not immediately after the cessation of exposure. Even if catfish eliminate perchlorate at a
rate similar to humans, which is highly unlikely because of obvious physiological and
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size differences, 50% ofthe dose would have been eliminated in 5 hours and 95% within
48 hr (Durand 1938). Rats, which are of closer size, would have eliminated 96% in the
first 1-2 hr. While these elimination rates represent whole body elimination we can use
them as a rough approximation of tissue elimination. If we use the 48-hour 95%
elimination in humans and assume 99% elimination after 24 hr for rats we can extrapolate
tissue concenfrations for immediately post-exposure (Table 2.3). Assuming the
concenfration of perchlorate in catfish thyroid tissue 48 hr after dosing represents 5% of
its maximum level, based on the human elimination rates, we would expect a catfish level
of 90,675 ^g/L. Using the 24-hour concenfration with the rat elimination rates we arrive
at a catfish tissue concentration of 1,785,930 |j.g/L, compared to the simulated level of
39,650 ng/L based on the lab data. Based on these extrapolated perchlorate levels, we
came to the conclusion that the PBTK model underestimates maximum tissue levels.
Additional lab data on tissue perchlorate concenfrations at the cessation of dosing are
required to further calibrate the model.

2.4.5 Sensitivitv Analysis
For the sensitivity analysis, each partitioning coefficient was adjusted individually
by ±15% and the parameter sensitivity recorded (Table 2.4). This information provides a
measure of uncertainty in the model and determined how greatiy this uncertainty can
affect model output. While 68 ofthe 98 permutations were sensitive, it does not mean
the model is bad. It simply indicates the need for accurate partitioning coefficients.
Varying the coefficients by ±15% is a very conservative range since they are usually
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derived through laboratory analysis and result in very specific numbers. Our partitioning
coefficients ranged from approximately 1 to 180, so a 15% change allowed for a wide
range around each number. The area of greatest sensitivity in model output is as tissue
concentiation approaches equilibrium and complete elimination in the first 72 hours,
because ofthe very steep slope (Figure 2.11).

P
where Xa = adjusted variable,
Xn = nominal variable.
Pa = adjusted parameter value,
Pn = nominal parameter value.

A compartment was considered sensitive to a parameter adjustment if its sensitivity
coefficient was greater than one.

2.4.6 Dosing Scenarios
Three separate dosing scenarios were developed to allow for a range in accuracy
with regards to what the "real worid" dose would be. In orderfromworst-case to most
realistic scenario they were; maximum dose, time-lapsed maximum dose, and locationbased dose. Maximum dose scenarios are considered a worst-case because they take the
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highest concenfration for an entire study location across all time points; it is equivalent to
the EPA's 99.9* percentile reasonable maximum exposure (RME). The primary problem
with this approach is that it does not account for spatial heterogeneity or temporal decay.
The areas of highest concentration may be located in regions ofthe study site that are not
frequented by the study organism and/or the contaminant may decay exponentially once
it enters the environment The GWTP had a measured effluent perchlorate concentiation
of 9,430 ng/L in a composite sample collected on January 30, 2001 (CES 2001); this
value was used for exposure our maximum dose group.
A time-lapsed maximum dose approach accounts for temporal decay by using the
highest concenfration for a site at each time step, i.e., for 20 hourly increments there
would be 20 different doses. The time-lapsed approach is the equivalent of calculating a
new 99.9* percentile RME at every time step. Data for Jan.-Dec. 2001 from the GWTP
were used to determine effluent concentrations (Figure 2.12, CES 2001). During times
•when there was no perchlorate in the effluent, the maximum value of 50 ^g/L was used
for groundwater upwelling, based on monitoring well data for locations adjacent to
Harrison Bayou during 2001 (personal communication Gary Talbot). In order to address
the issue of spatial heterogeneity we need to employ location-based dosing.
Location-based dosing takes an individual's location at each time step and uses
the corresponding environmental concenfration at that location as that individual's dose
for that time step. To determine an individual's location accurately, direct or indirect
techniques could be utilized. Through the use of radio fracking data, specific fish can be
followed within a lake and then compared with surface water models developed from
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lake sampling data during corresponding time frames. Attempts to gather information on
channel catfish movement, however, frequently have been thwarted by the fishs' ability
to expel surgically implantedtiansmitterseither through the incision or encapsulation and
expulsion through the gut (Marty and Summerfelt 1986). More general information
about fish locations can be gleamed from creel surveys and side scanning sonar. Since no
fracking data were available for Caddo Lake, it was necessary to utilize the more indirect
method of movement modeling.
While no work had been done specifically for Caddo Lake, numerous studies
have been conducted on catfish movement in various lentic and lotic systems. From
these studies we obtained the movement parameters used to govem the model. Velocity
was averaged at 24.25±4.04 m/hr (79.56±13.26 ft/hr mean ± SE) based on the average
daily velocity of channel catfishfrackedin the Red River ofthe North on the
Minnesota/North Dakota border (Wendel and Kelsch 1999). The average velocity for
males and females regardless of sfream direction was used to account for effects of
current. The velocity was adjusted to 723 ± 121ft/hr(mean ± SE) to account for catfish
moving only 11% ofthe time (Fischer et al 1999). This increased velocity is well within
biological limits as some catfish were found tofravelas fast as 450 m/hr (1476ft/hr)in a
small impoundment (Fischer et al. 1999). Seasonal home ranges were set at 72.1 ± 9.5 ha
(mean ± SE), 40.6 ± 2.7, 37.7 ± 14.9,20.3 ± 3.9, for the spring, summer, fall, and winter,
respectively. Fish were programmed to spend 76% of their time at a depth of 15ft or less.
The annual thermal profile cycle was used to identify the season: 8 March through 14
June, spring tumover; 15 June through 6 September, summer sfratification; 7 September
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through 31 December, fall tumover; 1 January through 7 March, winter sfratification
(Fischer et al. 1999). Because of a lack of data, behavioral responses such as habitat
selection, predator-prey avoidance, breeding, and potential contaminant avoidance, were
not incorporated into the model. This lack of behavioral quantification makes the
movement model essentially random, within the series of consfraints mentioned
previously. Model programming was done in Matlab® with initial random locations
being generated within the defined lake boundary. Each subsequent location was tested
against the aforementioned parameters and kept only if all conditions were met. Fish
movement then was visualized in Maya® (see section 4.3 for more information) and a
dose was exported every time afishmoved into the perchlorate plume; at all other times
they were given a dose of zero. These doses then were fed into the PBTK model.
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Table 2.1
Symbol

Physiological parameters used in the PBTK model for channel catfish
Definition
Value
Units

BW
VO
UE
CO
QV

Weight
Oxygen Consumption Rate'
Oxygen Uptake efficiency *
Cardiac output^
Ventilation volume*

Tissue group volumes'''^
VK
Fractional
VL
Fractional
VT
Fractional
VG
Fractional
VS
Fractional
VM
Fractional
VF
Fractional

volume of kidney
volume of liver
volume of thyroid
volume of GI tract
volume of skin
volume of muscle
volume of fat

0.0605
71.9
48.9
2.5
17.7

L/hr per kg
L/hr

0.0074
0.019
0.0941
0.0795
0.03971
0.17785
0.066

%
%
%
%
%
%
%

kg
mg/hr
%

Arterial blood flow to tissues'*
QK
Fractional blood flow to kidney
0.06
%
QL
Fractional blood flow to liver
0.036
%
QG
Fractional blood flow to GI tract
0.16
%
QT
Fractional blood flow to thyroid
0.1908
%
%
QS
Fractional blood flow to skin
0.0805
%
0.3606
QM
Fractional blood flow to muscle
%
0.112
QF
Fractional blood flow to fat
Values given are for a 1 kg catfish.
''Tissue volumes are calculated as a product ofthe fractional volume and body weight.
"^Fractional tissue volumes are calculated as the average of measured tissue mass for
catfish in Bradford 2003 and Park 2003.
"Tissue blood flow (L/hr) calculated as follows: q; = Qi*(CO*BW°-'^).
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Table 2.2.
Symbol

F^

fw

AB
^B
^B

QB
Q'B

A'

V
K's
dA"
•^^
dt

Abbreviations and symbols used in PBTK model equations.
Definition
Units

flux of perchlorate across the gills
exchange coefficient
ratio of free chemical in exposure water to total concentration
ratio of free to total perchlorate in blood
total concenfration of perchlorate in exposure water
perchlorate concenfration in blood afferent to the gills
perchlorate concenfration in blood efferent to the gills
perchlorate concenfration in blood efferent to the i* tissue
blood flow rate from the i* tissue
total cardiac output
amount of perchlorate in the i* tissue
volume ofthe i* tissue compartment
i* tissue/blood partitioning coefficient

mg-kg"'
L-hr'
L-hr'^-kg
mg
kg
unitiess

rate of change in perchlorate concentration in the i* tissue

mg-kg "^-hr'*
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mg-kg''hr''
unitiess
unitiess
unitiess
mg-kg"'
mg-kg"*
mg-kg "'

Table 2.3
Extiapolated maximum catfish tissue concentration (iJ.g/L) at the end of
dosing based on elimination rates in rats and humans.
GI Tract
Liver
Muscle
Thyroid
Gill
Rat
Simulated
Catfish
Human

1,767,000

1,117,730

64,610

33,100

201,980

56,105
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347,400
29,240

1,785,930
39,650

1,191,500
408,060

13,920

90,675

75,425

Table 2.4

Variable sensitivity to parameter adjustment (+ sensitive, •- insensitive)
Gill

GI

Kidney

Liver

Muscle

Skin

Thyroid

k b w _i5%

+

+

+

+

+

+

k b w +15%

+

+

-

+

+

+

k g -15%

+

+

+

+

+

+

+

k g +15%

+

+

-

+

+

-

-

kk-15%

+

+

+

+

+

+

+

k k +15%

-

+

-

+

-

-

-

kl -15%

+

+

+

+

+

+

+

kl +15%

+

-

-

+

-

-

-

k m -is%

+

+

-

-

+

-

-

k m +15%

+

+

+

+

+

+

+

kS -15%

+

-

-

-

-

+

-

k s +150/.

+

+

+

+

+

+

+

kt -15%

+

+

+

+

+

+

+

k t +150/,

+

-

-

-

"

+

'
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Figure 2.1

Channel Catfish (Ictalurus punctatus)
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Figure 2.2
Fish respiration from "Respiration in Fishes" Microsoft® Encarta®.
Copyright 1993-2002 Microsoft Corporation© (www. encarta.msn.com)
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Flow Diagram ofthe PBTK model for perchlorate inhalation in fish.
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Figure 2.9
Approximated curve for kidney compartment using data from the 5-day
dosing study (Bradford 2003). Kidney concentrations were estimated as -45% of those
seen in muscle.
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Figure 2.11 Effect of increasing or decreasing thyroid-blood partitioning coefficient
(kt) by 15% on concentration of perchlorate in the thyroid compartment.
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CHAPTER 3
THYROID HORMONE SECRETION MODEL

Since thyroid hormone inhibition is the primary effect of concem resulting from
perchlorate exposure, it was necessary to develop a model capable of simulating thyroid
hormone secretion in a fish. While there has been extensive work on modeling hormone
secretion in rats (DiStefano et al. 1982a, 1982b; DiStefano et al. 1993) and humans
(DiStefano 1986; Pilo et al. 1990; DiStefano 1991), very little has been done in fish
(Seflcow et al. 1996). Hourly and seasonal fluctuations in fish thyroid hormone levels
make characterizing them problematic. Additionally, there is a void in the literature on
the impact of perchlorate on fish thyroid hormone levels. The majority of work has
focused on dietary impact on hormone levels because of its importance in improved
growth rates for commercially raised fish (Eales 1988; Navarro and Gutierrez 1995; Duan
1998; MacKenzie et al. 1993,1998; Gaylord et al. 2001).
Feed depravation has been shown to elicit lowered thyroid hormone levels as
growth rate decreases, with varying recovery rates once feeding is resumed (reviewed in
Leatherland 1994; Navarro and Gutierrez 1995; MacKenzie et al. 1998). Thyroid
hormones are believed to play a major role in compensatory growth protocols to improve
the efficiency of nutrient uptake upon refeeding, leading to a net weight gain
(Yambayamba et al. 1996; MacKenzie et al. 1998; Gaylord and Gaitlin 2000). It is
believed that hormone levels are decreased to lower metabolic mobilization of energy
reserves during times of limited nutrient availability (Leatherland 1994; Navarro and
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Gutierrez 1995; MacKenzie et al. 1998). Minimal levels of T3 and T4 were achieved
within 72 hours of food deprivation in channel catfish, followed by rapid increase upon
refeeding (Gaylord et al. 2001). Long-term deprivation can result in reduced sensitivity
ofthe pitiiitary-thyroid axis to activation (Leatherland and Farbridge 1992; Gaylord et al.
2001).
Food and nutiient availability are not the only factors impacting thyroid hormone
levels. Plasma T4 has been shown to increase two- to three-fold as the result of acute
physical stiess (Brown et al. 1978; Himick and Eales 1990b) or glucose injection (Himick
and Eales 1990a). Administiation of bovine TSH causes much higher T4 levels (Chan
and Eales 1976), indicating that the thyroid T4 level is not a limiting factor. Circulating
Tj in teleost fishes is believed to come from the peripheral deiodination of T4 by outerring deiodinase (ORD) in liver and other tissues, with circulating T4 serving as a
prohormone (Eales and Brown 1993; Van der Geyten et al. 1998). Data from Gaylord et
al. (2001) indicate that circulating T3 levels are govemed by the availability of
prohormone.

3.1

Iodide Uptake and Hormone Synthesis

Iodide, being an ionic compound, cannot readily penetrate the phospholipid
bilayer ofthe cell membrane, for this reason an active tiansport process is necessary. To
reach the follicular lumen, iodide must penefrate the basolateral and apical membranes,
being tiansported against both electrical and chemical gradients. Iodide enters the
cytoplasm ofthe follicular epithelial cells via the NIS, an integral membrane protein with
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12tiansmembranesegments, found in the basolateral membrane. Iodide uptake is
govemed by the concurrenttiansportof sodium, which is driven by the high electrical
gradient of Na"^ with two sodium ions being transported for each iodide. Perchlorate's
structural similarities to iodide are what allow it to competitively bind (Figure 3.1).
Oaubin inhibits iodidetiansport,suggesting the involvement of a 3Na"^/2K'^ -ATPase,
which constantly pumps Na^ out ofthe cytoplasmic compartment. In cases of congenital
defects of NIS, iodide may be delivered by passive diffiision; however dietary iodide
intake must be increased 50- to 100-fold. Because the organification of iodide takes
place at the luminal side ofthe apical membrane ofthe follicular cells, the iodide
concentiated by the follicular epithelium must be leaked into the lumen through the
apical iodide channels. Cyclic AMP activates these charmels, whereas 4,4'-diisothiocyanatostilbene-2,2'-disulfonic acid (DIDS) inhibits their fiinction.
Iodide is converted to thyroid hormones in a series of eight steps.
1. Activetiansportof iodide into the thyroid gland follicular cells.
2. Peroxidase-catalyzed oxidation of iodide followed by iodination of tyrosol
residues within the protein thyroglobulin.
3. Transfer and coupling of iodotyrosines within the thyroglobulin to form T3 and T4
(mediated by thyroperoxidase).
4. Storage of thyroglobulin in the lumen ofthe thyroid follicle as colloid.
5. Endocytosis of colloid.
6. Proteolysis of thyroglobulin with concomitant release of T3 and T4 as well as free
iodotyrosines and iodothyrosines.
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7. Secretion of iodothyronines into the blood.
8. Scavenger deiodination of iodotyrosines within the thyroid follicular cells for
reutilization ofthe liberated iodine.
Tyrosine is the essential building block for T3 and T4, through the addition of iodide
atoms to its aromatic ring. Tyrosine conversion involves three general steps.
1. Oxidation of iodide to iodine by thyroid peroxidase.
2. Addition of iodine to a limited number of specific tyrosine acceptor residues
present in thyroglobulin, particularly at the four hormonogenic sites.
3. Coupling of two iodotyrosol residues to generate equimolar amounts of thyroid
hormone and dehydroalanine residues within the thyroglobulin molecule.
The release ofthe thyroid hormone coupled to the thyroglobulin (Tg) occurs in a
separate process involving the reabsorption of the Tg from the colloid compartment of
the follicle followed by selective proteolysis (Norman and Litwack 1997). Interaction of
TSH with its membrane receptor on the follicular cell results in pinocytosis of Tg from
the colloid, followed by Tg digestion and subsequent hormone release. At the apical cell
membrane-colloid interface, Tg is engulfed into a colloid vesicle by the processes of both
macropinocytosis and micropinocytosis, so that Tg is delivered inside the follicular cell.
The rate of pinocytosis is proportional to the magnitude ofthe TSH stimulus. Then
lysosomes fiise with the colloid vesicles and hydrolysis of thyroglobulin ensues, releasing
hormones and other compounds (Figure 3.2).
Deiodination of thyroid hormones, in order to deactivate T4 or activate T3, is used
to contiol peripheral thyroid hormone levels and biological activity. Teleosts, like
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mammals, possess three deiodinases, which are the enzymes responsible for the
catalyzing deiodination (Eales et al. 1993; Orozco et al. 1997; Mol et al. 1998). The
regulation of hormone secretion is govemed by the thyroid-hypothalamus-pituitary axis
feedback contiol loop. The loop creates a balance between the consumption/catabolism
of T4/T3 and the combined hypothalamic and feedback actions of T4 + T3 on the pituitary
secretion of TSH. Thyroid hormones suppress the synthesis of prepro-TSH at the
transcription level in the anterior pituitary, creating a negative feedback loop. Unlike in
mammals, where TSH is regulated by thyrotiopin releasing hormone (TRH),fishhave
been shown to use corticotiopin-releasing hormone (CRH) (Larsen et al. 1998). CRH
was shown by Clements et al. (2002) to stimulate locomotor activity in juvenile chinook
salmon (Oncorhynchus tshawytscha). In 1999, CRH was believed to play an important
role in stiess response in salmonid fish (Ando et al. 1999). Regulation of stiess response
intilapiawas believed to be through the use of CRH to regulate circulating leukocytes or
cardiac output, because ofthe presence of CRH receptors in the related organs (Pepels et
al. 2004). It is believed that CRH in the brain oftilapiaacts as a neurotransmitter or
neuromdulator (Pepels et al. 2002). In mammals TRH travels through the hypophyseal
portal vessels to interact with specific receptor sites at the pituicyte membrane ofthe
pituitary. This interaction leads to an activation of adenyl cyclase and an increase in
intracellular cyclic adenosine mono-phosphate (cAMP), which in turn increases
production and secretion of TSH.
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3.2

Difference between Mammals and Fish

Thyroid hormones in mammals are synthesized within the thyroid gland. Located
in the neck region by the lower part ofthe larynx and upper part ofthe trachea, the
thyroid gland consists of two pear-shaped lobes connected by an isthmus and weighing
10-20 grams (Figure 3.3). Septa extend into the gland separating it into various lobules
composed of 20-30 million follicles (Norman and Litwack 1997). hi addition to follicle
cells there are parafollicular cells that produce calcitonin, a polypeptide hormone.
Follicle cells are a single layer of epithelial cells surrounding the follicle lumen. The
lumen is a cavity that houses the colloid, a viscous proteinaceous solution. A thin
basement membrane encompasses the entire follicle cell. Rough endoplasmic reticulum
and Golgi apparatus also are found in follicle cells.
Most fish do not possess a cential thyroid gland, but instead have thyroid follicles
dispersed in the pharyngeal region between the second and fourth aortic arches. The
follicle ulfrastructure is similar to that in humans. In most vertebrates, the bulk ofthe
thyroid hormone circulates in the blood bound to one of three proteins thyroxine-binding
globulin (TBG), thyroxine-binding prealbumin (TBPA or transthyretin), and albumin
(ALB). In fish, lipoproteins also play an important role in tiansport (Babin 1992). The
lower levels of free T3 in fish plasma, relative to free T4, is explained by its greater
affinity for plasma binding sites, 1.8±0.16 (SEM) x 10^ iW' and 1.7±0.17 x 10^ M^ for T3
compared to 0.61±0.08 x 10^ Af' and 0.86±0.11 x 10^ M^ for T4 in rainbow tiout (Eales
1987).
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While mammals and fish both possess three deiodinases, the enzymes responsible
for catalyzing deiodination of thyroid hormones, their activity is different in fish. In
Tilapia, type I deiodinase catalyses both ORD and inner-ring deiodinase (IRD), type II
catalyses ORD, type III catalyses IRD (Mol et al. 1993, 1997; Van der Geyten et al.
1998). Other teleost fish are believed to possess similar deiodinases (Eales et al. 1993;
Frith and Eales 1996; Orozco et al. 1997; Mol et al. 1998; Finnson et al. 1999). Fish red
blood cells, however, do not possess deiodinating activity (MacLatchy and Eales 1992),
meaning hormone deiodination must take place solely in the tissues. Primary tissues that
make up slow and rapid tissue pools are also slightly different between mammals and
fish, this is explained in more detail in section 3.4.
Fish and homeothermic birds and mammals exhibit similar thyroid responses to
food ingestion. Carbohydrates elicit a rapid increase in pituitary TSH sensitivity to
hypothalamic TRH and TSH secretion in mammals (Hugues et al. 1984, 1986; Komaki et
al. 1986). Additionally, peripheral T3 production increases by enhancing T4 5'monodeiodinase (higbar and Galton 1975; Gavin et al. 1981; Sato et al. 1983). While
birds show similar pattems, extiathyroidal T3 formation and release is significantiy more
rapid, potentially causing an initial decrease in T4 levels (Harvey et al. 1981; Klandorf
and Harvey 1985). Even though carbohydrates are a much smaller component ofthe diet
in salmonid fish, relative to protein and lipids, they still stimulate T4 release. This is
possibly because carbohydrates are rapidly digested and absorbed from the gut, and the
resulting glucose may be the fastest way of signaling the brain-pituitary-thyroid axis of
energy uptake (Himick et al. 1991).
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A great deal of research has been done to determine the levels of T3 and T4
throughout fish during a day. Environmental regulation of hormone levels has is
evidenced by a circadian rhythm in some species, with T4 levelsfluctuatingmuch more
than T3. In salmonid and other teleost fishes, pituitary TSH stimulates release of T4, and
only negligible amounts of T3 (Eales and Brown 1993). The appearance of T3 in plasma
is believed to be attributable to the conversion of T4 to T3 in peripheral tissues (Eales
1985; deLuze 1987; Kuhn 1993). Hormone levels are cyclic with the diurnal rhythm of
T4 being govemed by light in many species offish (Leiner et al 2000; Eales et al. 1981;
Spieler and Noeske 1981, 1984; Boujard et al. 1993; Reddy and Leatherland 1994).
Under long photoperiods, entertainment of circadian rhythms is done based on dawn and
dusk, allowing for seasonal adaption (Elliot and Goldman 1981). A dual oscillator
system has been proposed for fishes allowing for light cycle and feedingtimeto influence
the T4 phase (Boujard and Leatherland 1992; Spieler 1992). The fish species is important
in the presence (Spieler and Noeske 1981) or absence (Boujard et al. 1993; Reddy and
Leatheriand 1994) of diumalfluctiiationfor T3. Generally speaking T3 tends to be more
stable than T4.

3.3

Function of Thyroid Hormones in Fish

Thyroid hormone levels likely play an important role infishreproduction. The
current data are too limited, however, to make a definitive conclusion at present. A
positive correlation has generally been found between thyroid status and reproductive
status, and a seasonal rise in thyroid hormones coincident with gonadal maturation and
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reproduction has been observed (Cyr and Eales 1996). These correlations do not,
however, provide evidence for a direct role of hormones in fish reproduction or gamete
quality. Stiidies have shown that hormones accumulate in oocytes during ovarian
maturation (Weber et al. 1992; Tagawa et al. 1994). The role of T3 in larval development
and survival is unknown since in some fish increased levels have positive effects, in some
negative, and in others none. A role for thyroid hormones in embryogenesis and larval
development is further implied in many studies that extracted hormones from eggs
(Leatheriand et al. 1989a,b; Reddy and Lam 1992; Weber et al. 1992; Power et al. 2001).
T4 and T3 arefrommatemal origin as there are no thyroid follicles in the embryo. Given
the high levels of matemal hormones in eggs it is likely that they do provide some role in
embryogenesis, but it is unknown if they are available to the embryo and if they act as a
ligand for a receptor. In many species studied, there is clear evidence that the
concentration of T4 and T3 decreases as embryogenesis proceeds, although the biological
significance of them is still unclear (Leatherland et al. 1989a,b; Tagawa and Hirano
1989). A study by Patiiio et al. (2003) found zebrafish (Danio rerio) exposed to a high,
environmentally relevant perchlorate concentiation of 18 mg/L for eight weeks, dismpts
thyroid histology, but does not affect reproduction. A higher concentiation of 677 mg/L
for four weeks in the same study showed suppressed spawning activity, possibly related
to extiathyroidal toxicity of perchlorate.
As in other vertebrates, thyroid hormones play an essential role in the
development offish species. There is good evidence for T3 and T4 impacting
development offish (growth, maturation, skeletal ontogeny, etc.), although the hormone
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levels appear to be species specific. Exogeneous hormonetieatmentof larvae has had
both positive and negative effects. Treatment by immersion has been shown in some
species to accelerate yolk absorption, increase body growth, fin differentiation and
survival (Lam 1980; Nacario 1983; Lam 1985; Lam et al. 1985; Lam and Sharma 1985;
Reddy and Lam 1992), although the developmental stage and dose impact the effects
(Huang et al. 1998). High doses, at species-specific concentrations, have caused negative
effects of growth, survival, and development (Nacario 1983; Lam 1985; Lam and Sharma
1985; Brown and Kim 1995). Treatinent with T3 caused skeletal anomalies in the caudal
fin and cranium (Power et al. 2001) indicating some involvement in developmental
ontogeny.
The period when a larva becomes a juvenile is especially important because of its
necessity infransformationto an adult form and its susceptibility to damage. The
evidence for developmental defects during metamorphosis lends more credence to
thyroid hormones goveming this area. Thyroid hormones also govem metamorphosis in
fish just like in amphibians; for instance the transformation offlounderlarvae into
juveniles is triggered by a surge of thyroid hormones (Inui et al. 1994). The development
of adult fins, the striped partem typical of adults, and the formation of scales in the
zebrafish are also hormone dependent events (Brown 1997). The developmental
tiansition of muscle protein isoforms, such as myosin, is impacted by T4 similar to birds
and mammals (Yamano et al. 1994).
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3.4

Model Description

A six-compartment model of combined T3 and T4 kinetics (Figure 3.4) originally
developed for mammals (DiStefano 1986; Bianchi et al. 1987; Pilo et al. 1990; Hershman
et al. 1986) and subsequently applied to rainbow trout (Seflcow et al. 1996) was used to
simulate the secretion of T3 and T4 in channel catfish, as well as the impacts of
perchlorate on secretion rates. The six compartments represented included T4 slow
exchange tissue pool, T4 rapid exchange tissue pool, T4 plasma pool, T3 slow exchange
tissue pool, T3 rapid exchange tissue pool, and T3 plasma pool. Skeletal muscle makes up
the majority ofthe slow exchange tissue pool. Although significant amounts of T3 are
exchanged within the gut lumen in mammals (DiStefano et al. 1993), the size ofthe slow
pool T3 is similar to the skeletal muscle T3 pool in fasted trout (Fok et al. 1990) indicating
muscle tissue dominated the hormone pool. Muscle's high overall mass (-65% in a fiill
grown fish) compensates for the low tissue T3 concentiation (Fok et al. 1990) and low
specific activity for T4 deiodination to T3 (MacLatchy and Eales 1992), resulting in a
high T3-generating capacity. The rapid exchange tissue pool is made up of primarily the
liver, but also the kidney and gill, all of which possess deiodinating capacity (MacLatchy
and Eales 1992; Eales and Brown 1993). The liver can exchange T3 and T4 in the
isolated hepatocyte rapidly (Riley and Eales 1993, 1994) in addition to possessing highspecific-activity deiodinating systems for T3 generation (Eales and Brown 1993). While
total T3 production is lower in the rapid pool, compared to the slow pool, its rapid efflux
(twelve times greater) makes it an essential component in the acute adjustinent of plasma
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T3 levels (Seflcow et al. 1996). The liver also possesses the ability to adjust its T4 to T3generating capacity based on physiological state (Eales and Brown 1993).

3.4.1

Model Parameters and Equations
Parameters in the model were either uniquely identifiable (Table 3.1) or

determined within a range (Table 3.2) using the method of interval identifiability analysis
(DiStefano 1983). Interval identifiability analysis uses estimates of identifiable
parameter combinations to determine bounded intervals. An example of determining
bounded intervals for the flow (kai)fromcompartment 1 (T4 plasma) to compartment 2
(T4 rapid exchange) is:
^min ^y2z3l[hL<k^^<.k,, -k^^k^

(eq. 3.1)

Feng and DiStefano (1994) used interval analysis to obtain finite bounds for all
combmations of ky. These relationships were in tum used to bound the unidentifiable
steady-state compartment masses and percentage of T4 converted to T3 (Sefkow et al.
1996).
Only the plasma compartments have uniquely identifiable steady-state masses.
The remaining compartments are defined within a given interval based on the minimum
and maximum values of a unique unidentifiable parameter within each comparttnent.
Steady-state equations were developed by Seflcow et al. (1996) based on data from fasted
rainbow tiout injected with radiolabeled T3 and T4.
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Steady-State mass in T4 plasma compartinent (Qi) was determined by the following
equation:
a =[7;]/,

(eq.3.2)

Steady-state mass in T3 plasma compartment (Q4) was determined by the following
equation:
(eq.3.3)

Q.-[T1V,

Steady-state mass in T4 rapid exchange compartment (Q2) was determined by the
following equation:

Q2 =

r Q^ X
>
"
V -k
"-22/

(eq. 3.4)

Steady-state mass in T3 rapid exchange compartment (Q5) was determined by the
following equation:
Q.=

^ a ^ #20 ^
^•54

^55

/5'"22^55 y

Steady-state mass in T4 slow exchange compartment (Q3) was determined by the
following equation:
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(eq. 3.5)

a=

"•31

(eq. 3.6)

Steady-state mass in T3 slow exchange compartment (Qe) was determined by the
following equation:

Qe =

( ^4 • +^ • ^30
"-66

I

(eq. 3.7)
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?'6^33"-(66.

Secretion rates were found by assuming a rate of change equal to zero and solving for
exogenous constant-rate inputs into the plasma compartments:
(eq. 3.8)

SR,=
''22

SR,=

r

-k

4--^ + - ^
"" k
k
"•55

"^66 J

'^ii J

G
y ^22"-55

(eq. 3.9)

^33"^66 J

T4 to T3 conversion rates in the slow and fast pool compartinents were solved using a
similar approach:

c<T=^63a=-4^a
^33?'6
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(eq. 3.10)

?/"" _ i. n

_

'^2^54

C«=*52!32=^P-a

(eq.3.11)

For our model, we needed to develop mass-balance equations according to the
flow between compartments. All equations followed the same general pattern, with
hormone concentiation in the compartment (Qi in ng/mL) being related to the kinetic
rates of hormones leaving that compartinent (^y,h"') and the kinetic rates of hormones
going into the compartment (ky) from other compartments (Qj).

fi=SeA-Sfi^//

3.4.2

(eq.3.12)

Model Calibration
Since the steady state values reported by Seflcow et al. (1996) were calculated

from laboratory data on rainbow tiout, it was important to make adjustments to hormone
levels to better represent channel catfish. It is also important to note that the steady-state
values are not based on a mass-balance model as used in this research. Compared to the
T3 and T4 levels of 7.1T0"^ ng/mL and 1.04-10"'' ng/mL, respectively, reported by Seflcow
et al. (1996), Gaylord et al (2001) reported plasma T3 levels of-7.6-13.3 ng/mL and T4
levels of-2.3-4 ng/mL in channel catfish. Additionally the regular fluctuations in
hormone levels within fish make a "steady-state" value misleading. T3 levels are
relatively stable with an average of 0.4±0.1 peaks per 24-hour period significantly greater
than baseline with an average amplitude of 1.7±0.2 ng/mL, T4 however exhibited 2.5±0.2
peaks per 24-hour period with an average amplitude of 3.0±0.4 ng/mL (Gomez et al.
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1997). Further evidence of hormonal fluctuations can be seen by the wide range of
values reported for hormone levels in rainbow trout (Eales 1977a, 1979; Eales et al. 1982;
Cyr and Eales 1990). Different fish species also possess significantly different levels of
plasma T3 and T4 (Table 3.3).
Initially the model had to be mn long enough to equilibrate the hormone
compartments to steady-state from a starting concentration of 0 mg/L because ofthe use
of differential equations. The number of time steps (hours) necessary to achieve a
baseline value ranged from 500 to 1000 depending on the compartment. Once our
baseline (steady-state) had been achieved we could proceed with calibration (figure 3.53.10). The first step in model calibration for the thyroid model was to compare the massbalance model results, specifically hormone level in each compartment, to those reported
by Sefkow et al. (1996), as stated previously the values would not be expected to be
similar because ofthe different techniques utilized. Instead the percentage of hormone in
each compartment was used for comparison, as mass-balance ratios should remain
constant. All compartments were within 1% ofthe percentages as reported in the
literature, indicating good model stmcture (Table 3.4). Plasma T3 and T4 compartments
were then adjusted, keeping the same percentage distribution with other compartments, to
meet levels reported by Gaylord et al. (2001) in channel catfish. Alteration of plasma T3
and T4 levels automatically adjusts hormone concentrations in the remaining
compartments due to mass-balance. This model is a fairly simplistic representation of
thyroid hormone regulation in fish. It does not simulate the feedback loop and the related
levels of TSH, TRH, or CRH. The most notable drawback to this model is the lack of
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hormone pools. Fish, like mammals, possess stored thyroid hormone pools that can be
released even if iodide uptake is inhibited by perchlorate. As a result of these pools, there
may be no observable effect of perchlorate exposure for some time, until the pool is
depleted (Patiiio et al. 2003). Until the natiire of this pool is quantified, however, we are
not able to incorporate that feature into the model.

3.4.3

Hormone Inhibition
Hormone inhibition (APfactor) by perchlorate was calculated from data on

mosquitofish dosed with sodium perchlorate for 2, 10, or 30 days at doses of 0, 0.1, 1, 10,
100, and 1000 mg/L (mg/L) (Bradford 2002). Whole body T4 concentrations were
determined by radioimmunoassay for pooled groups offish. A regression curve was fit to
the data to derive the inhibition equation based on the concentiation of perchlorate in the
thyroid tissue (DT):
APfactor = 0.686 - 0.1047 x \og(DT)

(eq. 3.12)

This equation was in tum applied to the three T4 compartments in the model (plasma,
rapid exchange and slow exchange) through adjustment ofthe T4 secretion rate term.
The data used for the inhibition term were not robust enough to draw a definitive
conclusion as to the inhibition properties of perchlorate. Cross-species extrapolation, low
sample size, pooled samples, low recovery rate, lack of T3 data, and the use of whole
body T4 concentration resulted in an inhibition equation of uncertain accuracy.
Unfortunately, at the time of this work they were they only data available on perchlorate
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related inhibition of thyroid hormones in any fish species. We wanted to further test the
model by seeing whether hormone levels were able to recover once perchlorate exposure
ceased. The model was applied to the 10-day elimination study scenario, starting at hour
1000 to go from steady-state to an altered state (Figures 3.11-3.16). The three T4
compartments exhibited the greatest decrease in hormone levels (-51 %) with a
concomitant decrease in the T3 compartments (-16%)) as expected (Table 3.5). As
expected, we saw a rapid decrease in hormone levels during exposure, followed by a
gradual increase. The gradual increase was a result of removal from the exposure tanks;
however, perchlorate concenfrations were still present in the thyroid tissue, thereby
retarding recovery. A sensitivity analysis performed on the inhibition term (APfactor), as
described in section 2.4.4, identified all compartments as insensitive to an increase or
decrease in the APfactor of 15%. The insensitivity ofthe inhibition term, an indication of
robustness, helps compensate for the weak hormone data.
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Table 3.1
Uniquely identifiable parameters and parameter
combinations for thyroid model (Sefkow et al. 1996)
Parameter

Units

B,slin>ote

%CV*

A'li -• '''•;i -'•'n
A:,, = -«r,2 -k;^k^
l(n ='>^\3 - Kn - K-t
IC44 =-'fs^ - ^M

min •
min'
inin~'
min"'

l^kt. =-^-^6 - Kx,
r2 = '^iA-^i
7, = initj,
?2 = ^4r>^'5.;^2i
Ts = ^<i.?^s4
76 = ^iJ^f,i
t. == k..k,.k,.
^3
^•M.^(,^^3\
Vp

min'
niin"^
min "^
min"-^
min min'"^
min"''
min"''
ml/100 gBW
g BW

-u.<jt/n
-0.0476
-0.0464
-0,00198
-0.0551
•0.0544
0,00102
0,00177
8.76E-06
4.31E-07
0.00265
3.86E-06
4.66E-10
5.99

3,<ii
5,41
5,79
4,74
4.90
3.76
5,70
11.4
9.85
9.30
8.66
7.64
10.7
1,43

[T4IP
[T,-,]p

pmol/ml
pmoi/mi

1.36
1.09

85.S
66.6

Ci
Qi

pmol/lOOgBW
pmol/lOO g BW

8.12
6.50

85.5
66.6

SR,
SR3
PCIR,
rcRj

pmol/hr-lOOgBW
p m o l / h r • 100 g BW
m l / h r • 100 g BW
m ! / h r • 100 g BW

2.44
0.835
1.80
0.950

85.5
84.7
0,6.56
1.89

" Parameter estimate variabilities are expressed as percentage coefficient of variation, %CV = 100 • SD/mean,

77

Table 3.2
Ranges for unidentifiable parameters for thyroid model
(Seflcow etal. 1996)
Parameter
k„
A,...
<w
A'3)

^n
^03
*M

k»
^at
Vi

^4^
'•M
Ke,2

k,.^
Q>
Qj

e^

Q,

cRi'r
CRi;v
CR^j"'

%aQ'.'r
%CR^*-*

%ciC5"
PR,
%SRj

%CR5:^''

v^,
Vra
MRT,
MRTs

Units
min''
min"'
min'
min '
min '
min"'
min''
min '
min''
min''
mm"'
min'
min''
mni '
pmol/lOOgBW
f>mol/"100 g BW
p m o l / 1 0 0 s BW
p m o l / 1 0 0 g BW

Mijiimnm
0,0383
0.0413
0.0
0.00466

o.oaoy«
0.0
0.0486
00516
0,0
0.00378
0.000601
0.0
0.00018=;
0.0000492
6.71
19.1
5,H.f
25.9

p m o l . / h r • 100 g 13W
p m o l / h r • 100 g BW
p m o l / l i i • 100 g BW

oaoo

%
%
%

4.60
3,40
8.19

p m o l / h i • 100 g BW

0.112
0.oa32

%
%

104
75.3
19.3

m l / w o g BW
m l / 1 0 0 g BW
hr
hr

24.3
33.5
13.5
35.3

%CV

Maxanum

%CV*

6.29
6.26

0.0430
0.0462
0,00499
0.00927
0.00188
0,000984
0.0513
0.0544
0.00280
0.00643
0.00102
0.000420
0.000218
0,000161

5.75
5.81
3.55
3.09
5.00
2.93
5.14
3.76
3.06
237
5.70
6,04
6.13
8.74

5.29
7.16
5..34
.1.93
3.06
5.79
5.99
9.28
85.6
85.6
66.4
62.4

7,51
38,1
6.16
44.1

85.6
85.6
664
62.4

86.0
85.7
85.6
9.10
S.26
4J1

0.191
0.0877
0,274
7.82
3.59
11.2

86.0
85.7
85.7
9.29
5.29
5.75

66.4
33.1
108.0
1.29
3J3
1.36
5.05

1,11
80.7
24.7
40.1
49.3
22.3
52.0

' Parameter estimate variabilities are expre.sye<l as perrentiige coefficient of variation, %CV = 100 • S D / m c a i i .
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62.2
25,9
101.0
2.31
3.47
2.35
5.10

Table 3.3
species

Comparison of literatiire values for plasma T3 and T4 in various fish

Species
Rainbow Trout
Rainbow Trout
Rainbow Trout
Channel Catfish
Red Dmm
Red Dmm
Pike

Plasma T3 (ng/mL)
7.1*10-^
0.6-7. l"''
-2-5"''^
-8-14"'^

Plasma T4 (ng/mL)
1.04*10-'
2.2-12.6''"
-2-6'''
-2-4"'^

-8-12"'^
-7-21"'^'"''

-3-11"'^
-2-18"*"''

-2.5-6.5"'

~5-20''''

-2-5'''''

-1-12"'

-1.4-.'

-3-20"''

-2-5''''

-3-10"'

-1-3"''

-5-14"'''

Pikeperch
Perch
Bream
Chub
a Approximated range of reported values based on graphs
b Hourly measurements if individual fish
c Average daily T3 concentration of 2.6 ng/mL
^Average daily T4 concentration of 5,5 ng/mL
e Average value for four separate diets four hours post-feeding
/ Measurements taken every other day
g Hourly measurements for different photoperiods
hr Measurements taken after feed deprivation
i Average monthly values
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Citation
Sefkow etal. 1996
Gomez etal 1997
Himick etal. 1991
Gaylord etal. 2001
Leiner and
MacKenzie 2001
Leiner et al. 2000
Bau and Parent
2000
Bau and Parent
2000
Bau and Parent
2000
Bau and Parent
2000
Bau and Parent
2000

Table 3.4
Comparison of simulated and reported values
model compartments
Model Compartment
Seflcow etal. (1996) (%)
Plasma Tj^'"
13.7
12.6
Fast Pool T3'''
73.7
Slow Pool Tj"-'
18.5
Plasma T4''''
16.2
Fast Pool T4''''
65.3
Slow Pool T4'''
a Triiodothyronine
b Thyroxine
c Blood plasma
d Primarily muscle tisssue
e Primarily liver, but also kidney and gills
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for hormone distribution in
Simulated Percentage (%)
13.7
12.2
74.7
17.8
15.9
66.3

Table 3.5.
Comparison of simulated post-10-day elimination and steady-state thyroid
hormone levels in channel catfish.
Model
Steady-State
Post-10-day
Percent Decrease
Compartment
Elimination
(%)
T4 plasma (ng/mL)
4.05
1.97
51.37
T4 rapid exchange
0.18
0.09
51.46
(ng/mg)
T4 slow exchange
0.73
0.35
51.49
(ng/mg)
9.41
T3 plasma (ng/mL)
7.91
15.91
T3 rapid exchange
0.44
0.37
16.04
(ng/mg)
T3 slow exchange
2.97
2.47
16.83
(ng/mg)
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Figure 3.1

Perchlorate (ClO^):

Iodide (I):

Max. Dimension:
(xyz) = 5.420
angstroms

Max. Dimension:
(xyz) = 4.400
angstroms

Min. Dimension:
(xyz) = 4.724
angstroms

Min. Dimension:
(xyz) = 4.400
angstroms

Comparison of perchlorate and iodide structures
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Figure 3.2
Chemical stmctures of thyroid hormones and related compounds
(reproduced from Kacsoh 2000).
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Figure 3.3
Posterior view ofthe gross anatomy ofthe thyroid gland in humans
(reproduced from Kacsoh 2000)
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K31

K 13

K,64

K46

Figure 3.4. Flow diagram of six-compartment model ofthe combined dynamics of T4
and T3 production, distribution, and metabolism (reproduced from Seflcow et al. 1996).
Kij flow coefficient to compartment i from compartment].
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Figure 3.11. Simulated perchlorate induced thyroid hormone inhibition in the T4
plasma compartment based on thyroid tissue concentrations from Park (2003) 10-day
elimination study.
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Figure 3.12. Simulated perchlorate induced thyroid hormone inhibition in the T4 rapid
exchange compartment based on thyroid tissue concentrations from Park (2003) 10-day
elimination study.
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Figure 3.13. Simulated perchlorate induced thyroid hormone inhibition in the T4 slow
exchange compartment based on thyroid tissue concentrations from Park (2003) 10-day
elimination study.
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Figure 3.14. Simulated perchlorate induced thyroid hormone inhibition in the T3
plasma compartment based on thyroid tissue concentrations from Park (2003) 10-day
elimination study.
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Figure 3.15. Simulated perchlorate induced thyroid hormone inhibition in the T3 rapid
exchange compartment based on thyroid tissue concentrations from Park (2003) 10-day
elimination study.
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Figure 3.16. Simulated perchlorate induced thyroid hormone inhibition in the T3 slow
exchange compartment based on thyroid tissue concentrations from Park (2003) 10-day
elimination study.
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CHAPTER 4
VISUALIZATION AND HIGH PERFORMANCE COMPUTING

4.1

Visualization in Risk Assessment

Visualization was defined as using computing methods to tiim the symbolic into
the geometiic, allowing simulations and computations to be observed (McCormick et al.
1987). Some ofthe general techniques used in visualization to obtain/express more data
include image processing, volume visualization, simulations, and animation. For almost
a decade, researchers in fields outside of risk assessment and environmental toxicology
have recognized the importance of computer visualization for understanding and sharing
of results and expression of their work to the public and policy makers (Brown et al.
1995).
When dealing with large data sets, there is the risk that people will not be able to
understand the pages and pages of results, i.e., "information overload." A prime
example of information overload in environmental toxicology is in a study by Chaumot et
al. (2003). A multiregion matrix population model was developed to simulate the effects
of cadmium on various population parameters in brown trout (growth rate, age structure,
etc.) over different spatial contamination pattems. The published results contained -60
graphs, flowcharts, and other diagrams, quickly overwhelming the reader. While print
media does limit the use of certain visualization techniques, steps must be taken to
describe results more succinctly. Additionally, the Chaumot study used a very low
resolution for its location-based dosing as well as simplistic plume generation. The river
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was broken up into 15 equal area regions, with each fish receiving the same dose for a
given region and each downriver region having 50% ofthe concentration as the upstream
region (Chaumot et al. 2003).
A number of researchers feel that the problem is not the volume of information,
but the manner in which it is expressed, hi 1993, George Robertson of Xerox PARC
creating the term "information visualization." One ofthe benefits of information
visualization is that the human brain processes visual information more efficientiy than
textual, numerical, and diagrammatic data (Tufte 1992). On a subconscious level the
human mind infers meaning from a variety of visual cues, such as hue, contrast, shape,
and size. By utilizing these relationships, more information can be "thrown at" the viewer
while maintaining the same level of comprehension (Gershon 1994). It is when the
conscious mind is needed for analysis, such as when looking at tabular numerical data,
that we become limited in what we can process. While primarily of concem for virtual
reality immersion (Krueger and Freohlich 1994), auditory feedback, i.e., voiceovers, can
provide additional information to the viewer that if displayed visually would clutter the
scene. By understanding how the mind processes visual cues we can more readily
convey data to the viewer. Gershon (1994) listed three ways in which understanding
visual perception benefits the visualization process: (1) improves the visibility of detail in
displayed data, (2) improves the faithfiilness of visualization results, (3) makes the
understanding ofthe information represented faster and easier.
When conducting modeling for scientific visualization purposes it is important to
find the best data processors and visualizers for a particular data set (McCormick et al.
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1987), instead of just using the same techniques over and over. However, when dealing
with the applications of new techniques and technology it is important to fiilly understand
the proposed methods to determine which (if any) is the best. There are times when a
simple XY graph is more appropriate than a fancy animation. It is often overlooked in
the initial planning stages that knowing what information one needs is as difficult, if not
more so, than gathering the information itself
One ofthe major problems with scientific visualization when dealing with risk
assessments is the lack of verification data. Rarely, if ever, is the volume of data
collected on par with the volume of data that can be simulated. Also, data are often taken
in a spatially disparate manner. These problems can be mitigated by designing a detailed
sampling regimen, prior to intensive data collection, followed by additional sampling for
model verification in "problem areas." In our work, there was the potential for massive
output generation with our simulation runs. Unfortunately, as more data are saved out,
the simulations run slower and use up more virtual memory, potentially locking up the
machine. To combat processor limitations, we defined an area slightly larger than the
maximum plume extent as the area of interest. Since the area of interest within Caddo
Lake represented a relatively small portion ofthe total area, we primarily focused our
visualization and data capture on that region.

4.2

Grid Computing

A standard home PC has a single processor for computations, while a
supercomputer can have hundreds of them in one unit. Distributed computing creates a
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virtual supercomputer by employing multiple processors working in tandem that exploit
loosely coupled computer systems (Nemeth and Sunderam 2003). For most of a given
day, a computer is not being used, or is being used in a limited capacity. These idle
cycles can then be hamessed by distributed computing to be applied to complex
computations. The idea of harnessing the idle cycles common in most computers for
other computational purposes was arrived at in 1985 by Miron Livny (Mutka and Livny
1991). A well-known example of early distributed computing is the SETI(ghome
project, developed by David Anderson. Spare cycles of over half-a-million personal
computers were used to analyze data from the Arecibo radio telescope to find evidence of
exfraterrestrial intelligence. The SETI(ghome project is one ofthe fastest specialpurpose computers in the world at 1,000 CPU years per day (Foster 2000).
An offshoot of distributed computing is grid computing. Grid computing is a
variety of computer resources (PCs, servers, supercomputers, etc.) working in tandem to
fiinction as a single, uniform operating environment. Computational grids were first used
in the mid-1990's (Foster and Kesselman 1999). While similar to distributed computing,
grids have a number of unique features that set them apart. Primarily grids are more
secure, more adaptable, and possess greater computational power than standard
distributed architecture. Existing computers easily can be tumed into a grid, making this
a realistic and cheap technology for risk assessors.
To generate a large number of individuals for our movement model it was
necessary to utilize the TechGrid at Texas Tech University. Using 13 computers on the
grid we were able to generate a year's worth of movement data for over 4200 individuals
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in a weekend, instead ofthe months it would have taken normally. The original Matiab
code was compiled into C++ and run across this small part ofthe grid with the results
being dumped into an approximately 400 Mb text file. These data were then used as the
input for the Maya® simulations.

4.3

Movement Modeling

Movement modeling is essential to determine location-based dosing. Recent use
of spatially explicit animal movement models and meta-population dynamics in
environmental risk assessments (ERA) (Hope 2000; Landis and McLaughlin 2000;
McLaughlin and Landis 2000; Akcakaya 2001; Wang et al. 2001) have resulted in
exposure estimates an order of magnitude lower than with non-spatial modeling (Linkov
et al. 2002). Spatial and temporal pattems of contamination are important in risk
determination for a number of reasons (Landis and McLaughlin 2000): (1) low levels of
toxicity in one patch can affect populations in other non-contaminated patches with no
direct exposure, (2) spatial arrangement of patches stiongly influences toxicity, (3)
toxicant effects persist after degradation because ofthe impact on population dynamics,
and (4) outcomes can vary with the same initial conditions. Damage caused by
contamination can be mitigated by the migration of individuals from uncontaminated
area, conversely, populations could be damaged by the migration of contaminated
individuals into an unexposed population (Ares 2003). Because the movement pattems
ofthe individual, as well as the spatial distribution ofthe contamination, determine
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population level effects, it is important to incorporate spatial dimensions into
ecotoxicological population models (Caswell 1996).
Location-based approaches commonly have been used as a programming
technique, and not as a means of representation (Abadi and Cardelli 1996). An eariy
simplified form of location-based modeling and visualization was done by Bian (2000)
using a GIS framework. Cubes of various sizes were used to represent fish movement
and growth. While Bian is correct that this form of visualization is not suited for
representing long-term real worid geographic phenomena, it is because ofthe software
that was used and not the overall technique itself Most fish-based models use only two
ofthe following three components (Tyler and Rose 1994): (1) individual-based models,
(2) individual fish movement, and (3) heterogeneous habitats in one system. We
incorporated the first two components, as well as an individual effects model, applied
them to an entire population, and visualized it all in three dimensions. Individual-based
models are improvements over more aggregated models because they do not require as
many simplifying assumptions and mathematical derivations (Huston et al. 1988). Since
we assume a homogeneous habitat throughout the lake we can utilize randomness within
the parameters of our movement model (Railsback et al. 1999).
All ofthe 3-dimensional visualization in this research was done with the Maya®
software by Alias Wavefront®. Maya® is the premier 3-dimensional modeling and
animation package for computer graphics professionals. Commonly employed in the
movie, gaming and advertising industries, it has seen little use in scientific visualization.
Tools available within the software include generation of 3-dimensional meshes of any
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shape, animating detailed object movement, a variety of particle animations, and much
more. The existence ofthe Maya embedded language (MEL) and C++ API allow the
user to program their own animations or computations within the software, effectively
creating endless possibilities. Finally, the large community that uses the Maya® software
provides a large number of easily accessible experts, should problems arise, and a large
volume of freely disfributed meshes, textures and programs.
When developing the catfish movement model and subsequent visualization, it
was important to keep the issue of scale in mind. In most ecological models, the study
site is divided into a grid, with each grid coordinate representing the center point of a
particular cell. For the movement model, Caddo Lake was divided into cells measuring 1
foot X 1 foot x 5 feet (79367 cells x 55285 cells x 4 cells) for a total of 1.755M0'° cells.
Cells were only considered for the lake body, and not the entire surrounding area in order
to conserve hard drive space and virtual memory. A scalar conversion was used for
visualization in order to represent depth within the lake. If the scale had been kept
constant it would have been impossible to perceive any depth because the lake is only 20
feet deep at its maximum and -78,000 feet wide. Scale modifications were accounted for
when determining dose, so that each fish was positioned accurately according to the
movement model data. Ideally, we would have been able to model the impact of
perchlorate on the movement pattems ofthe catfish within the framework ofthe existing
movement model. Unfortunately, there are no data to determine what, if any, correlation
may exist. The lack of general models to link the effect of physicochemical properties to
movement (Tischendorf 1997) fiirther complicates the problem.
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While modeling 4200 individuals may seem excessive, it was done for specific
reasons. Visualizations, including GIS maps, that are based on a few samples may not be
accurate enough (Woodbury 2003) and can oversimplify the system and its relationships
by applying specific data over too large of an area. Additionally, through the use of grid
computing, we have demonstrated the ability to apply individual-based models on a
population level. When conducting data analysis, researchers often reduce their data by
one or more dimensions, commonly through averaging of some sort. While averaging
provides an overall measure of values, it does not elucidate those individual points of
concem. In our work, an average tissue concentration over the entire population for the
location-based dosing approach can be misleading, since those individuals that receive a
dose only represent 15% ofthe population. By visualizing the movement ofthe
individuals instead of relying on a mean value, we are able to see which members ofthe
population are at risk.
Animating actual individual movement (i.e., fish swimming, people walking, etc.)
is much more complicated than just providing locational coordinates computed in a
movement model. Human perception rapidly identifies problems in detailed movement
commonly resulting from oversimplification (Hokkanen 1999). While most people will
not be able to identify exactly what is wrong, commonly it will be described as "just not
looking right." Examples of visual artifacts include rigid limbs, exaggerated curvattire
swimming motion, and even rough looping ofthe animation itself The degree of detail
in movement is directly related to the perceived distance from the viewer to the animal.
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Additionally, as more detail is added to the movement, more computer resources are
necessary to animate it.
One has to sfrike a balance between detail and performance. A number of
techniques are available for this very purpose: (1) individuals can be deleted once they
are no longer visible to the viewer, (2) movement visualization can be altered once an
individual is no longer visible, (3) the level of movement detail can be altered
automatically as the viewer changes its distance from the each animal, or (4) multiple
scenes of varying levels of detail can be generated and then edited together to create the
appearance of a constant level of detail. For ease of use, we utilized the fourth technique
and generated multiple scenes with varying levels of animation detail. The scenes in
increasing level of detail were: (1) a series of oversized cubes moving from each location
to the next (Figure 4.1), (2) distant view of accurately sized 3-dimensional catfish models
moving between each location through the plume with simulated swimming motion
(Figure 4.2), and (3) close up view of 3-dimensional catfish models with simulated
swimming motion, contaminant plume, and lake vegetation (Figure 4.3). Multiresolution
models allow the researcher to use only the level of detail necessary for a given task. By
temporarily removing unneeded data, it is easier to focus on more important regions.
Multiresolution models also allow for compression ofthe data, thereby saving memory
(Nielson 1994).
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4.4

Plume Visualization

Historically, plume visualizations have been done within the software packages
that compute the plume generation and movement (MODFLOW, MT3DMS, HEC-RAS,
etc.). These visualizations tend to be only advanced enough to define areas of differing
concentiations. Frequently they are two-dimensional, and only a few possess any
animation capabilities for time-lapsing the plume movement. Some stack twodimensional slices to represent pseudo-three dimensions. Animations have very few
contioUable options and may not even be exportable in any form of video format (.avi,
.mpg). If they can be exported, image quality is often compromised. No widely used
package in risk assessment allows for "on-the-fly" adjustments ofthe animations. A
wide range of mathematical and computer codes have been developed to describe
groundwater and surface water flow, as well as pollutant migration. The problem now
has become how to analyze and communicate the results in a manner that can be
understood by non-specialists and regulators (Impey et al. 1997).
In the field of visualization, the entertainment industry is the undisputed leader.
Whether it is a commercial, new video game, or the latest summer blockbuster, the odds
are very high that computer visualization was used in some aspect. Unfortunately, the
public tends to think of this work as nothing more than non-scientific pretty pictures, this
could not be further from the truth. Particle physics, kinematics, animal behavior,
artificial intelligence, and lighting properties are some ofthe many scientific principals
that are regulariy incorporated into visualizations. With scientific visualizations, the final
images and/or animations are representations ofthe data generated from mathematical
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models, lab experiments, etc., making them de facto representations ofthe same science
that went into generating the data.
Using the Maya® software, we were able to generate a 3-dimensional
representation of Caddo Lake and LHAAP including important structures, rivers, and
plant boundaries (Figure 4.4). Three plumes were generated: one for effluent from
Harrison Bayou and two for groundwater upwelling. The effluent plume used data
collected from January 1, 2001-December 31, 2001, by the Complete Environmental
System (CES) for the groundwater treatment plant (GWTP), specifically data on effluent
concentrations, release times, and Harrison Bayou flow rates (CES 2001). Effluent
concentration was represented in the visualization by the emission rate of particles, with
each particle representing a 10 |j.g mass of perchlorate. Emisson rates ranged from 0
particles/sec, when no perchlorate was released from the GWTP, to 325 particles/sec.
Effluent concentrations were calculated from GWTP data for maximum allowable
effluent concenfration, Harrison Bayou flow rates, and volume of effluent released from
the GWTP and INF holding pond. The flow rate of Harrison Bayou determined the
velocity ofthe particles released from the emitter. Harrison Bayou flows ranged from
2204 gpm to flood stage, which was quantified as 40000 gpm based on the highest nonflood stage rate of 34,283 gpm. By varying velocity in this manner, pulses of
contaminant could overlap as fast moving particles reached slower moving ones from a
previous release. Velocity in the normal direction was set as Harrison Bayou flow
divided by 3000 (computed velocity range of 1-13) to account for the scale used in Maya
and provide an aesthetically appropriate plume extent. Tangent velocity was set at 1/5 of
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the normal velocity (computed velocity range of 0.2-2), to prevent particles from going
above the lake surface. Effluent plume area was arbitrarily set as 1/3 of lake width at the
source ofthe plume (1.882 km^). Each particle was given a lifespan attribute (240 hours)
that would cause the particle to be eliminated from the lake at the end of that time. This
ageing was used to account for dilution ofthe particle to background levels. Because of a
lack of appropriate data, movement ofthe particles was govemed by the particle physics
engine in Maya® and not as the result of standard hydrologic modeling. A gravitational
field and drag field were added to the scene to give the effluent plume more realistic
movement (Figure 4.5). The gravitational field caused the particles to slowly settie
towards the bottom ofthe lake, while the drag field slowed the velocity ofthe particles in
the horizontal direction by creating the frictional force that would exist from the faster
moving effluent entering the stagnant lake body. Each field had a magnittide and
attenuation attiibute. The magnittide determines the sfrength ofthe braking force in the
drag field and the acceleration rate in the gravitational field. Attenuation represents the
exponential decay ofthe force ofthe field as the object moves away from it. Our drag
field had a magnimde of 1 and an attenuation of 0.1, while the gravitational field had a
magnitude of 5 and an attenuation of 0.5.
Both groundwater upwelling plumes, one from the bottom ofthe lake and one
from the side, used monitoring well data from the same time frame as the effluent data
for wells closest to the lake.

Based on the range of well data, emission rates were

randomly set to concentiations of 10-50 ^ig/L (1-5 particles/sec), with a continual
emission. Unlike the effluent plume, initial velocity for the groundwater particles was
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constant, with a normal velocity of 2 and a tangent velocity of 0.5. Both groundwater
plumes used a Newtonian field to draw the plume away from the edge ofthe lake (Figure
4.6). The magnittide ofthe field (the measure ofthe strength ofthe field pulling an object
towards it) was set with an attenuation of 0.3 and a maximum distance of influence as
0.2.
Since we had no hydrologic or contaminant transport modeling data, the
movement and lifespan ofthe particles was based on aesthetics and boundary conditions
instead of real world levels. This was necessary since there have been no measured
perchlorate levels in Caddo Lake and the primary purpose of this research was to test new
risk assessment methodologies not perform an actual risk assessment. While parts of this
research are common in risk assessments, this is a hypothetical scenario based on data
from 2001, prior to mandatory compliance of regulatory levels for perchlorate. A FBR
was installed in January 2001 that reduced perchlorate in treated water to the EPA
drinking water level of 4 |ig/L (see section 1.5). It is important to note that there was no
release of perchlorate in 2001 after April 15 (CES 2001), and no amphibian or fish
samples from Caddo Lake have shown measurable levels of perchlorate (Smith et al.
2001).
Location-based dosing was achieved by measuring the particle density around
each fish to determine the dose received. To accelerate this process, all fish with an
initial location more than one maximum home range distance away from the maximum
plume extent were ignored. Each fish was tested sequentially against all particles that
existed at that time step, and any particle within 1000 feet of an individual as assumed to
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have been inhaled (Figure 4.7). The inhaled doses were stored and exported in a text file
for input into the PBTK model.
For rendering purposes, clouds were used as the particle shape. A per particle
shading attiibute was added to represent the age ofthe particles. It can also be viewed as
a rough approximation of concentiation for a given area because older particles have
dispersed farther resulting in a lower concentration. Model-based rendering defines a
fiinction that fits a set of data and then samples the fiinction on the appropriate grid
(Cartesian, curvilinear, tiiangular, etc.) for the visualization tool (Nielson 1994). The
values generated are then entered into appropriate rendering software. This was similar
to what was done for our research; however, a series of fimctions were used instead of a
singular one. Advances in software design, primarily the use of programmable software,
allowed us to utilize various data formats instead of being locked into a singular grid.

4.5

3-Dimensional PBTK

Over the last three decades, PBTK models have been developed for over 100
chemicals in numerous mammalian species (Geriowski and Jain 1983; D'Souza and
Boxenbaum 1988; Leung 1991). While there has been a great deal of progress in the
mathematical representation of physiological phenomena, there has been virtually no
improvement in the visualization ofthe results. Nichols et al. (1994) generated the first,
and only, 3-dimensional visualization for a PBTK model using the rainbow front. Crosssectional information was obtained using magnetic resonance imaging (MRI). Generated
images were sequenced and stacked to achieve the 3-dimensional volume. Chemical
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concentiation in each tissue was represented by degree of color satiiration. Frame
generation took -30 seconds per image and were animated at 10 frames/second. This
visualization had very poor resolution and animation quality. We wanted to generate a
tine 3-dimensional PBTK model that visualized the time-lapsed results from our model
rapidly, clearly and accurately.
Three-dimensional meshes were generated for the major internal organs (heart,
brain, kidney, urinary bladder, swim bladder, liver, intestines, pyloric caeca, stomach,
muscle, and gonads) using volume modeling (Figure 4.8). Nielson (1994) defined
volume modeling as methods used to represent and model the internal and extemal
attributes of 3-dimensional objects. A 3-dimensional model of a catfish was used to
represent the skin, gills, and thyroid areas by highlighting specific regions ofthe model
(Figure 4.9). The models are a series of polygons sharing vertices, resulting in a surface
shape. A real world example of this is a soccer ball created with a series of patches sewn
together to form a ball. The organs were generated in Maya® using a variety of
techniques resulting in polygon meshes to allow for vertex color animation. Three sets of
each mesh were generated to represent the three dosing groups (Figure 4.10). The more
complex a mesh is, represented by higher polygon count, the more memory is required to
display and animate it. Polygon count within the meshes was reduced where applicable
to limit the number of vertices to be animated, while achieving the same result visually.
Reducing the polygon count created rougher meshes, so it was important to not make the
mesh unidentifiable by reducing the count too far.
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In order to convey the data (perchlorate concentration) to the viewer, a range of
colors was used to represent different ranges of concentration (Figure 4.11). These
specific colors were chosen because they are processed by the sub-conscious mind and
have inherent value associated with them. By using subconscious colors the viewer is
able to rapidly understand how the tissue concentrations compare between approaches
and which tissues are of greatest concem. This rapid recognition allows the viewer to
focus their attention on specific tissues and/or approaches, which they can then view the
hard data on. With 21 regions of concem in the visualization, it was important to have as
much information processed "without thinking" as possible. By placing three sets of
organs side-by-side, we include an additional visual cue for comparison. Animation of
color change was achieved by altering the shader associated with each organ according to
its concentration. Concentrations were averaged over a 24-hour period to provide a daily
value and subsequently limit the number of frames necessary to express the entire year of
data.

4.6

Thvroid Hormone Visualization

Visualization ofthe results from the thyroid hormone model was set up similar to
the 3-dimensional PBTK model. The heads of three catfish meshes were set side by side
to represent the three dosing scenarios. A particle emitter was placed on the ventral side
of each head with the particles dispersing beneath the fish (Figure 4.12). The individual
particles represented 0.5 ng of T4. Emission rate was set at double the simulated plasma
T4 levels from the thyroid model for each scenario. Emission rate was doubled for
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visualization purposes, because the initial values were too low (-1-3 particles/second) to
generate enough particles for comparison. If too many particles were visualized, for
example with a multiplier often, the differences between the plumes could not be seen
without vastly decreasing the speed ofthe animation. As with the 3-dimensional PBTK,
daily averages were used. To fiirther emphasize the difference between the approaches,
they were colored according to their level of inhibition (red - high, yellow - moderate,
green low). Since we did not have a T3 inhibition term, it was decided not to visualize
those compartments. The slow and rapid exchange T4 compartments were not used to
avoid "cluttering" the visualization, however separate visualizations of them could be
easily accomplished. While we could have made a more detailed simulation of hormone
secretion it would likely confuse the viewer unless they had a deep knowledge of
endocrinology. Just because we have the capability to generate incredibly complex
scenes, does not mean they are the best solution to a given problem. This raises an
essential point related to this work. Three-dimensional visualization is a tool like any
other and so it must be used appropriately, not in a ubiquitous fashion.

4.7

Digital Rendering and Editing

Once all ofthe visualizations were generated, it was necessary to tiim them into a
file format that was viewable on most computer platforms. Rendering is the process by
which all ofthe objects in a scene are tumed into an image accounting for lighting,
shadows, colors, texttires, reflections, and view angle. This static image can be saved in a
variety of file formats (.tiff, .bmp, .jpeg, .iff, etc.) for viewing or import into numerous
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software applications. Our images were rendered using the Maya® software renderer at
640 x 480 resolution. This resolution was chosen as a balance between memory
requirements and image quality. For the purpose of this document and subsequent
publications, static images were appropriate; however, an additional step was necessary
for movie generation. Each frame was rendered sequentially, through batch rendering,
resulting in a series of static image files. Depending on the complexity ofthe scene and
the number of frames, this process could consume a very large amount of time and hard
(hive space. The eight scenes that were rendered consisted of 3,500 total frames using
2.25 gigabytes of hard drive space and took -290 minutes to render. These individual
frames were imported into Adobe After Effects® for editing and movie rendering.
Initially rendering the frames as individual files allows for a great deal more flexibility in
the editing process than if a movie file was rendered directly from Maya®. To save hard
drive space the movies were compressed to ~ 1/50 the size ofthe scene files and saved as
.avi files playable on any computer running a Microsoft® Windows operating system
without the addition of any new software. When setting up the scenes for rendering, as
well as during the movie rendering process, it was important to confrol the camera angle,
lighting, and other factors to ensure "the shot" expressed what we intended. We were
able to zoom into specific objects, rotate the camera, and adjust shadow effects for
greater emphasis. While the final product is incredibly simplistic from an industry
standpoint, it is vastly more advanced than current techniques used for risk assessments
and environmental toxicology.

115

Figure. 4.1. Low-detail visualization of fish movement for computation purposes. One
frame of animation.
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Figure 4.2.
Medium-detail visualization offish movement, incorporating catfish
meshes and plume. One frame of animation.
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Figure 4.3.
High-detail visualization offish movement, incorporating catfish meshes,
plume, and vegetation. One frame of animation.
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Figure 4.4.

3-dimensional representation of LHAAP and Caddo Lake.
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Figure 4.5.
animation.

Effluent plume with drag and gravitational effects. One frame of

120

Figure 4.6.
Groundwater upwelling plume with drag and Newtonian effects. One
frame of animation.
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Figure 4.7
animation.

Particle density sampling for location-based dosing. One frame of
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Figure 4.8.

Volume model for 3-dimensional PBTK

A Thyroid tissue region
B - Gill Region
C - Skin Region
D - Muscle
E - Kidney
F - Swim Bladder
G - Stomach
H - Liver
I - Intestines
J - Gonads
K - Brain
L - Heart
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Figure 4.9.

Thyroid (yellow), gills(red), and skin (green) regions for 3-d PBTK
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Figure 4.10. Comparison of 3-d PBTKs for dosing regimens, maximum dose, timelapsed maximum dose, and location-based (left to right). Legend represents a relative
scale of concentrations for rapid comparison of compartments, see Figure 4.12 for exact
color values. One frame of animation.

125

Figure 4.11 Comparison of simulated plasma T4 concentrations for maximum-dose
(high inhibition), time-lapsed maximum dose (moderate inhibition), and location-based
dosing regimens (low inhibition) (left to right). One frame of animation.
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No data collected
0 - 250 ^g/L
251-2000 iig/L
2001-4000 ^g/L
4001-6000 iig/L
6001-8000 ^g/L
>8000 |ig/L
Figure 4.12

Legend for 3-dimensional PBTK
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CHAPTER 5
RISK ASSESSMENT

Environmental risk assessments are defined by the U.S. EPA as "a qualitative
and/or quantitative appraisal ofthe acttial or potential effects of hazardous waste sites on
plants and animals other than humans and domesticated species" (U.S. EPA 1989). An
ERA can be broken up into three general parts; problem formulation, analysis, and risk
characterization. During the problem formulation stage, risk managers and assessors
determine what the purpose ofthe ERA is as well as what will be sttidied, why, and how.
It is possible in this initial stage to determine that a large-scale assessment is
inappropriate to solve the problem at hand, and instead a simple calculation with limited
data may suffice. Following problem formulation, an analysis of current data is
conducted to create an exposure characterization and an effects characterization. An
important aspect ofthe analysis is to identify the sfrengths and weaknesses ofthe data,
including the uncertainty associated with it (Sergeant 2002). Finally, the risk
characterization coalesces the work from the previous stages into a risk description,
which includes statements about uncertainty and supporting data. The overall process
can be very fluid, allowing for the inclusion of new data and input.
Sergeant (2002) lists three categories of assessment measures: (1) measures of
effect, (2) measures of exposure, and (3) measures of ecosystem and receptor
characteristics. For our purposes, decreases in thyroid hormone concentiations were the
measured effect, perchlorate concentrations in fish tissues were the exposure measure.
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and ecosystem measures included fish movement pattems, home range areas, and effluent
discharge rates.
Conceptiial models are frequentiy developed during the problem formulation
stage ofthe risk assessment. Their primary purpose is to visually outiine the ecosystem
processes associated with the target organisms and the transport and fate ofthe
contaminant of interest, including its impact on the assessment endpoints. For the
purposes of this research, a flow diagram was developed using perchlorate as the
contaminant of interest, treatment plant effluent and groundwater upwelling as the
sources, inhalation as the route of exposure, channel catfish as the target organism, and
thyroid hormone inhibition as the assessment endpoint (Figure 5.1). A great deal of
uncertainty can be associated with the conceptual model process. This uncertainty could
simply be a result of an insufficient understanding of real world processes and/or
behaviors, but it can also be a result of human error. Sergeant (2002) identified "failure
to identify and interrelate temporal and spatial parameters" of specific concem. Our
research deals with this potential source of uncertainty by using the natural spatial and
temporal heterogeneity of a contaminant plume, as well as the organisms that reside in
the environment, to increase the statistical sfrength of our simulations through a detailed
individual location-based dosing regimen over an entire metapopulation.
Certain conditions must be met for a contaminant to elicit a negative effect (U.S.
EPA 1989): (1) the contaminant must exist in a form and concentration sufficient to cause
harm; (2) contaminant comes in contact with target organisms and/or environmental
media; (3) contaminant interaction is detrimental to life fiinction. It is commonly
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assumed that the contaminant is well mixed and/or that the individual's movement is
random (Sergeant 2002). While a certain amount of mixing is likely in a very localized
area, there are varying concentration levels throughout the entire media. Additionally, it
is well documented that animal movement is govemed by various biological and
environmental parameters, and is anything but random.
When designing an effects study, either for the lab or field, it is necessary to
ensure enough statistical power to detect system impacts (Sergeant 2002). One ofthe
benefits of modeling is the ability to increase the statistical power by increasing the
number of individuals or iterations in the model mn. The smaller the sample size the
larger a change has to be for it to be recognized. Small sample size enhances error
associated with outliers, since they may not be identified. With the advent of powerflil
desktop workstations and grid computing, literally millions of data points can be
generated in a short period of time, compared to a few dozen in the lab. When basing
one's own research on published work, it is important to realize that statistical power is
rarely reported (Peterman 1990).
Since regulatory decision-making is done in the political arena, the acceptable risk
level is more accurately the politically acceptable risk level. As a result of this distinction
there cannot be a standardized de minimis level or methodology; instead decisions are
made on a case-specific basis. Risk is considered de minimis if the incremental risk
produced by an activity is sufficiently small that there is no incentive to modify the
activity (Whipple 1987). These decisions must incorporate political, social, and
economic considerations, not just scientific ones. While these considerations often
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frustiates researchers, it is possible to limit the influence of non-scientific data by
thoroughly conveying all ofthe relevant information in a manner that both regulators and
the public at large can understand.
Regulatory agencies tend to use a conservative approach (also known as a "worst
case" or "plausible upper bounds approach") in order to ensure the maximum degree of
safety. This approach can be necessary when there are limited data and/or a high degree
of uncertainty. While this approach greatly reduces the risk of a catastrophic or
unexpected event, it in tum tends to over-simplify and subsequently over-calculate the
degree of risk. As a result, limited resources can be spent on mitigating a perceived risk
instead of an actual one. For example, pesticide exposure computed from real landscape
scenarios were 50 to 100 times lower than those reached through the U.S. EPA Tier II
scenario for the protection of aquatic life from pesticide application to cotton crops
(Maund et al. 2001). Uncertainty factors are used in ERAs to determine a sfressor level
that would not elicit an effect. These factors are employed when there is insufficient data
or understanding about the contaminant to arrive at a conclusion with any surety, creating
a "safety buffer". Without sufficient justification however, they can be overly
conservative (Sergeant 2002). Monte Carlo techniques can be used to quantitatively
determine the uncertainties associated with spatial data and models, through the use of
increased numbers of individuals (Dale et al. 1988; Graham et al. 1991). By analyzing
the manner in which uncertainty is generated, it is possible to make adjustments to the
model or in data collection to limit it, and hence arrive at a more accurate estimation of
risk.
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Limited computational ability has historically constrained the use of larger data
sets and accurate representation of complex relationships. With the rapid increase in
processor speed, as well as a competitive commercial market, a number of relatively
cheap computing solutions are now available (see Section 4.2 for a discussion on grid
computing). Computing power will almost always increase at a faster rate than our
ability to maximize its use. These improvements in computer architecture allow us to
organize and analyze much larger data sets than previously. While there is no longer a
problem with raw computing power, there are still serious limitations in our ability to
depict complex relationships.
Currently there is no computer model that can simulate short-range contaminant
movement throughout all environmental compartments (Ares 2003). Current "multimedia models" over-simplify environmental processes in order to achieve a general
distribution of contaminant for an entire compartment. Since these software packages do
not provide a spatial component, they are not appropriate for accurate ERAs. To achieve
spatially explicit contaminant fransport across multiple environmental compartments, it is
necessary to utilize multiple software packages/models and/or complex particle physics
computations. Because ofthe wide range of software packages, it is likely that "linking
programs" will need to be generated by the user to convert the output data from one
model into input data for another. With the advent of parallel and grid computing,
compiling may be necessary to alter different programming languages to a uniform one.
Unfortunately, compiling into a single computer language requires a fairiy high aptitiide
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in computer programming, as well as a diverse knowledge of available models that is
often not found in the ERA arena.

5.1

Probabilistic Risk Assessment

Probabilistic risk assessment (PRA) defines risk based on the frequency and
magnitude of negative occurrences. Historically, this approach has been used in the
power generation industiy, but it also has applications when dealing with ERAs. By
defining either a de minimis or NOAEL and then plotting the frequency distribution of a
range of response magnitudes, the probability of "risk exceedance" is determined. The
PRA has the added benefit of being able to characterize events or effects that have a very
low likelihood of occurrence and are difficult to replicate in a lab, but are nonetheless
important in the decision making process. Through the use of probabilistic modeling and
analysis, it is possible to characterize the likelihood of risk and not just its presence.
Additionally, uncertainties are more readily accounted for than in a standard ERA
approach by providing a range of likelihood. After reviewing the current state of
population models in ecotoxicology. Ares (2003) concluded that frequentiy they were
relatively archaic, as well as being deterministic and spatially unexplicit. When
conducting population modeling, a probabilistic approach is better than a deterministic
one because of its ability to more accurately simulate dynamic demographic processes
(Ares 2003).
While we conducted the steps of a PRA, we did not have appropriate endpoint
data (mortality, effects of hormone inhibition, movement impairment, etc.) to determine
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risk exceedance. Cumulative distribution functions and exceedance probabilities were
plotted for simulated thyroid tissue concentration for each approach (Figure 5.2-5.7).
The exceedance probability plots highlight the disparity in tissue concentrations between
the three approaches. There was a 99% probability, that at any point in time, the mean
perchlorate concentration in thyroid tissue would be greater than 4600 |ig/kg for the
maximum dose approach (Figure 5.3), compared to only an 8% probability in the timelapsed maximum dose (Figure 5.5). The location-based approach had a 100% probability
that average tissue concentration would be less than 28 [ig/kg (Figure 5.7). Cumulative
distribution fimctions for T4 plasma levels show that the 90% probability hormone levels
were 1.1 ^ig/L for the maximum dose approach, 1.9 |xg/L for the time-lapsed maximum
dose, and 2.5 ^g/L for the location-based approach (Figure 5.8). Once a risk level is
determined we can apply these probabilities to determine whether perchlorate levels are
too great. If we had a hypothetical risk level of 1.5 jig/L of T4 in plasma we would know
there was a 90% probability the mean level at any point in time would exceed our risk
criteria using a maximum dose approach, compared to a 20% probability with a timelapsed maximum dose approach and 0% probability with the location-based approach.

5.2

Spatial Issues in Risk Assessment

Spatial aspects of ERA's are commonly ignored for two reasons (Suter 1993): (1)
ecotoxicology and ERA's are based on human health toxicology and risk assessments,
where spatial relationships are not a factor, and (2) data commonly come from laboratory
or microcosm toxicity studies that are not spatially explicit. It is commonplace to
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develop models of contaminant movement in specific strata, i.e. groundwater, surface
water, atmosphere, when conducting a risk assessment. It also is common to determine
home range areas for populations of species of concem. However, it is not required to
determine the spatial interaction between individuals and the contaminant over time, and
hence it is rarely if ever done. An additional reason for the lack of spatial consideration
in ERAs is temporal and monetary cost. Data collection and modeling of spatially
explicit work, can be expensive and work intensive. Since ERAs are "required tasks"
they are conducted according to the directions ofthe goveming regulators. Focusing on
required tasks creates a "cookbook" mentality where the research is done exactly as the
agency requires, no more and no less. For ERAs to incorporate spatially explicit work
one of two things must happen: (1) regulatory agencies require such work, or (2) there is
some kind of incentive for individuals conducting the ERAs to do the additional work.
Regulatory agencies will only change their docfrine once a substantial body of evidence
exists in conjunction with a push by risk assessors to adopt this approach. There is,
however, a great incentive for assessors to adopt spatially explicit research.. .money.
When done properly, spatially explicit research can identify a much more accurate
level of risk than the standard approaches currently used by regulatory agencies. Since
regulators use a maximum dose approach, the spatially explicit approach will almost
always result in a lower level of risk. The lower the level of risk, the less remediation is
necessary for a given site. The lower risk is not because the spatially explicit approach
underestimates risk, but because a maximum dose approach overestimates it. By
focusing on interactions between individuals and contaminated areas, it is possible to
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determine the areas of concem, instead of remediating a much larger area. Regulators are
able to identify populations at risk, as opposed to declaring an entire metapopulation as
potentially at risk. Identifying specific populations at risk allows the expenditure of more
money to protect those individuals instead of diluting the funds over a much larger group.
By presenting the information in a convincing fashion to the public, it is possible to allay
many concerns associated with statements of widespread contamination.
To accurately determine the extent to which the risk assessment conditions are
met, it is necessary to account for location-specific variables, because location determines
exposure and response to stiesses (Hope 2000; Landis and McLaughlin 2000;
McLaughlin and Landis 2000). Ecologists and ecotoxicologists recentiy have started to
understand the impacts of locational attributes (Ringold 2000; Williams and Kapustka
2000). Simply knowing that an individual shares the same general area as a plume is not
sufficient for determining its level of exposure. Even if one knows that an individual
spends all of its time in the contaminated area the exact locational attributes still need to
be determined to arrive at the actual risk level. With the spatial and temporal variability
of contamination, it is important to quantify the duration, frequency, and timing of
exposures, things that cannot be done using a maximum dose approach. Contamination
is not homogenous or stagnant, and in an era where clean up costs mn in the billions of
dollars and can last a decade or more, we need to focus our efforts on the true zones of
concem by determining areas with a high probability of exposure, as well as defining
acceptable or "de minimis'" levels of risk.
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Accounting for each individual's movement pattern is essential, not just for
determining dose within a plume, but incorporating the ability to move away from the
area of contamination. When dealing with chemicals that are rapidly eliminated from the
body, like perchlorate, movement is an essential mechanism to be taken into account.
One of the components when determining potential adversity associated with a
contaminant scenario is the recovery potential ofthe species or environmental component
being studied. If individuals are frequently outside the plume and rapidly eliminating any
contaminant there is a much lower risk than if it is assumed that all individuals never
leave the plume.
The primary tool used to account for spatial characteristics in risk assessments is a
GIS. This increase in GIS use, however, has not been followed by an increase in use of
techniques designed to determine the uncertainty associated with spatial data and models
(Woodbury 2003). Various operations within GIS, such as map smoothing or changing
projection systems, have inherent uncertainty and error associated with them (Woodbury
2003). These errors and uncertainties are generally not known by the inexperienced user,
and hence are not compensated for or even addressed. Unlike in modeling where there
are various stages of validation and statistical tests to deal with uncertainty and variance,
similar testing is not done with GIS. While these software packages are exfremely
powerful, they do not represent standardized methods. As more people are able to
"understand" this software, there is an increased risk of non-experts making mistakes in
data representation and analysis that are not realized.
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It is often the case that once a particular technique or product becomes more
mainsfream, other alternative solutions are ignored. Pinnel et al. (2000) found that while
there had been a large volume of work done on GIS, there was virtiially no research done
looking at other visualization techniques. They were focused on the field of urban
planning, but the same can be said for environmental toxicology and risk assessments
(see chapter 4 for a discussion on 3-d visualization). GIS software has become so
pervasive that people feel it is a one size fits all solution. Throughout this research we
employed a number of techniques and technology from fields outside of risk assessments.
There is a great deal of "old knowledge" in numerous disciplines, that when applied to an
"unrelated" area can bring research in new directions. We cannot become so comfortable
with a given technique or technology that we stop looking for a better solution;
unfortunately, this has happened with visualization. Early forms of GIS were used in the
1960s and the first widespread commercial version, ARC INFO, was released in the early
1980s. While the GIS technology has evolved since then, there have been no major
improvements to visualization techniques or technology used in risk assessments in the
last 20 years. GIS is a very powerful tool for georeferencing various forms of data, but
we must continue finding new ways to express the massive amounts of data we now
generate.
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CHAPTER 6
RESULTS

6.1

Animal Movement and Home Range Estimates

A number of techniques ranging in complexity were utilized in the analysis ofthe
movement data. Depth preferences were determined using two techniques, a simple
percentage calculation and a one-dimensional adaptive kemel. The percentage
calculation breaks down the time spent in each depth zone by season and over the course
ofthe year for the 4263 individuals (Table 6.1). Time spent was inversely related to
depth, with fish being at a depth of 0-5 ft 45.6% ofthe time and at 15-20 ft only 7.5% of
the time. Some slight seasonal fluctuations were seen at all depths except for 5-10 ft.
While the use of kemel estimators was eventually determined to not be appropriate for
our research we wanted to test its applicability as a risk assessment technique anyway.
The one-dimensional adaptive kemel estimator calculates the probability density function
using a kemel function (in this case the Epanechnikov Kemel) by determining the
probability of an individual given response (depth) across a range of responses
(Silverman 1992). These density estimates are then combined to get the probability
density function. An adaptive kemel uses a pilot estimate derived with a fixed kemel to
adjust the density estimate based on the density ofthe response. The adaptive kemel
allows for a more accurate calculation of low density areas in the tails ofthe distribution.
As expected, the depth preference was skewed towards shallower depths (Figure 6.1),
with no difference seen from the alteration in home range size and activity each season.
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The adaptive kemel was used as an experimental technique and subsequently not applied
to the entire data set.
Individual movement was looked at further in two and three dimensions by using
an adaptive kemel approach similar to that used one-dimensionally. Because the
movement data were simulated and essentially random, this analysis was done to test the
method of analysis and not to analyze the simulation results. While this approach can tell
a great deal about real movement data, it has limited applicability with this research. If
all ofthe output were tested we would have approximately 21,000 probability density
fimctions to analyze - a rather daunting task.

Examples ofthe two-dimensional output

can be seen in Figure 6.2. All probabilities integrated to ~ 1 as expected, depending on
the window width used. For our purposes an initial window width of 200' was sufficient.
Home range distribution within the lake was determined by calculating the
geometiic cenfroid for each individual and then plotting them within the lake boundaries
(Figure 6.3). The centroids show that there was a uniform distribution across the lake as
expected. The use of two-dimensional centroids creates the appearance of more centroids
towards the centerline ofthe lake, where there is the greatest depth.

6.2

PBTK model

Simulations were run for 8760 hours (one year) to determine perchlorate
concentrations in each modeled compartment. Monte Cario simulations were conducted
to account for any uncertainty in the model by calculating the mean concenfration and
95% confidence intervals. The maximum dose (Figures 6.4-6.10) and time-lapsed
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maximum dose (Figures 6.11-6.17) approaches used 20 individuals each, while the
location-based approach (Figures 6.18-6.24) used the 600 individuals that received a dose
based on the plume simulations. In a stiictly mathematical sense, the higher number of
individuals simulated with the location-based approach, compared to the maximum dose
or time-lapsed maximum dose, resulted in smaller confidence intervals. It was important,
however, to simulate all ofthe dosed individuals to determine accurate responses, instead
of relying on a "sub-population." Greater numbers of individuals were not necessary for
the two maximum dose approaches because the model was not stochastic in nature and
doses were constant across individuals for each approach. To highlight the importance of
identifying at risk populations, tissue concenfrations were calculated using the locationbased approach with the entire potentially dosed population (1149 individuals) and the
entire metapopulation ofthe lake (4262 individuals).
Perchlorate concenfrations exhibited a wide range of values depending on the
tissue compartment. From highest to lowest perchlorate concentration the tissues were
gill > liver > thyroid > skin > GI tract > muscle > kidney (Table 6.2). While this order
does not exactly match the lab data (thyroid ~ liver > gill ~ GI tiact > muscle), it is not
unexpected because ofthe reasons stated in section 2.4.4, especially, secondary uptake
and lack of data points at cessation of exposure. The main difference between the
simulation runs and the lab data was the gill compartment having the highest perchlorate
concentrations. The reason for the gill being the highest is because is was the only route
of exposure. It therefore had the fastest uptake and elimination rates, tissue concentration
would change with the activation of an ingestion or dermal uptake term. The dosing
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regimens from highest to lowest tissue concentrations were maximum dose > time-lapsed
maximum dose > location-based dose (dosed population - 600 individuals) > locationbased dose (potentially dosed population 1149 individuals) > location-based dose (entire
metapopulation 4262 individuals). Seasonal fluctuations were most evident in the timelapsed maximum dose approach, as a result of changes in effluent discharge.
To compare the tissue concentrations among seasons and dosing approaches, it
was necessary to mn a Kolmogorov-Smimov (KS) test. This test compares the
distributions of two different data sets and determines if they are statistically different.
Since the data did not fit any defined disfribution (normal, log normal, Weibull, etc.),
except once it reached equilibrium, the KS test was the only plausible statistical
technique available. Compared against an a=0.01, all ofthe seasons within each
approach were statistically different from one another and all seasons were statistically
different from the same season in all other approaches, with p values <0.0001.

6.3

Thvroid Model

Simulated thyroid perchlorate concentrations from the PBTK for each ofthe three
initial dosing approaches were used as the input for the thyroid hormone model. Because
ofthe lack of variance in the maximum dose and time-lapsed maximum dose approaches,
the mean values for each hour across the 20 individuals were used as input for the 20
individuals simulated by the thyroid model. For the location-based approach a simulation
mn was done with the thyroid model for each individual using that individual's simulated
thyroid concentrations from the PBTK (Figures 6.25-6.30).
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As expected, the dosing regimens from highest to lowest inhibition of hormone
secretion were: maximum dose > time-lapsed maximum dose > location-based dose
(Table 6.3). T4 compartments exhibited hormone levels of 34% of steady-state for
maximum dose at equilibrium, 37.8-61.5% for time-lapsed depending on season, and
83.2%-92.6%> for location-based depending on season (Table 6.4). T3 compartments
using the maximum dose approach exhibited hormone levels of-78%) of steady-state for
plasma and rapid exchange compartments at equilibrium and 74.2% for the slow
exchange compartment. Hormone levels for time-lapsed maximum dose were 79.9%87.3% for plasma and rapid exchange compartments depending on season and 76.684.9%) for slow exchange. Location-based levels were 94.4%-97.7% for plasma and
rapid exchange compartments depending on season and 93.5%-97.3% for slow exchange.
It is important to remember that there was no inhibition term for T3 in the model.
Statistical differences between approaches and seasons were tested with the KS test using
an a=0.01. Once again all distributions were statistically different with p values <0.0001.
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Table 6.1

Percentage of time spent at depth
5-10ft(%)
0-5 ft (%)
30.5
Winter
43.5
46.2
30.1
Spring
30.4
44.9
Summer
29.4
49.3
Fall
30.2
45.6
Year
27.6
55.0
% of lake area
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10-15 ft (%)
17.7
16.4
17.1
15.0
16.7
12.1

15-20 ft (%)
8.2
7.3
7.7
6.3
7.5
5.3

Table 6.2
Gill

Winter
Spring
Summer
Fall
Year

Average tissue concentrations from PRTK mnde]
Maximum
TimeLocationLocationDose
Lapsed
based
based
(dosed)'
(potentially)''
46938±857
32932±6388 93.9±3.6
47±1.3
46682±82
3717±3619
124±3.3
62±1.15
46715±132
115±0.61
66±1.7
33±0.6
46995±48
114±0.25
153.6±2.7
77±0.11
46836±378.4 7030±6314
114.6±3.9
57±1.4

Locationbased
(population)*^
13.4±0.2
17.7±0.18
9.4±0.09
21.9±0.02
16.4±0.2

GI Tract
Winter
Spring
Summer
Fall
Year

370U66
3707±0.32
3708±0.32
3707±0.31
3708±27.9

2578±508
297±288
19.3±0.002
19.2±0.002
19.3±495

7.8±0.31
16.7±0.27
11.6±0.15
6.6±0.23
6.1±0.33

3.9±0.1
8.4±0.1
5.8±0.05
3.3±0.1
3.1±0.12

1.1±0.02
2.4±0.02
1.7±0.008
0.94±0.02
0.87±0.02

Kidney
Winter
Spring
Summer
Fall
Year

662±18
656±1
657±1
654±1
657±7.8

460±92
54.6±54
3.4±0.005
3.4±0.005
3.4±89

2.4±0.11
4.9±0.1
3.6±0.06
1.9±0.1
1.9±0.12

1.2±0.04
2.5±0.04
1.8±0.02
0.95±0.06
0.95±0.04

0.34±0.006
0.70±0.005
0.51±0.003
0.27±0.01
0.27±0.006

Liver
Winter
Spring
Summer
Fall
Year

7814±236
7891±0.34
7891±0.35
7890±0.32
7891±101.4

5486±1054
632±598
41±0.0018
41±0.0018
41±1047

16.5±0.64
35.6±0.55
24.5±0.32
13.9±0.46
13±0.69

8.3±0.23
17.8±0.19
12.3±0.11
7±0.16
6.5±0.24

2.4±0.03
5.4±0.03
3.50±0.02
2±0.02
1.9±0.04

Muscle
Winter
Spring
Summer
Fall
Year

2518±58
2494±0.32
2494±0.32
2494±0.31
2494±25.3

1748±349
208±204
13±0.0016
12.9±0.0017
13±338.8

5.8±0.23
12.1±0.2
8.5±0.11
5±0.18
4.5±0.25

2.9±0.08
6.1±0.07
4.3±0.04
2.5±0.04
2.3±0.09

0.83±0.01
1.7±0.01
1.2±0.006
0.71±0.005
0.64±0.01
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Table 6.2 cont
Averag e tissue concentrations from PBTK model
Skin
Maximum
TimeLoc(dosed) Loc
Loc
Lapsed
Dose
(potentially) (population)
Winter
4667±111
3279±623
9.8±0.39
4.9±0.14
1.4±0.02
Spring
4719±0.33
379±352
21.3±0.33
10.7±0.12
3±0.01
Summer
4719±0.33
24.5±0.002
14.6±0.19
7.3±0.07
2.4±0.01
24.5±0.002
Fall
4718±0.31
8.4±0.28
4.2±0.08
1.2±0.01
Year
4719±48
24.5±623
7.8±0.41
3.9±0.15
1.1±0.02
Thyroid
Winter
5301±154
3744±697
11.2±0.44
5.6±0.16
1.6±0.02
5393±0.33
436±391
Spring
24.3±0.37
3.5±0.02
12.2±0.13
28±0.002
Summer
5393±0.33
16.7±0.23
8.4±0.08
2.4±0.01
28±0.002
1.4±0.15
5392±0.31
9.6±0.32
4.8±0.97
Fall
28±707.3
14.6±0.47
4.5±0.17
1.3±0.03
5393±67.3
Year
a Results based on the 600 individuals that received a dose
b Results based on the 1149 individuals that potentially could have received a dose
c Results based on the 4262 individuals in the entire population
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Table 6.3
T3 Plasma

Averag e thyroid hormone levels from thyroid model
Maximum-Dose
Time-Lapsed (|ig/L) Location-Based
(lig/L)
(Itg/L)
Winter
9.1461±0.2055
9.2194±0.2055
11.2217±0.0109
Spring
8.9889±0.0033
9.9727±0.1299
10.9635±0.003
Summer
8.9858±0.0033
9.8161±0.0036
10.9637±0.0036
Fall
8.9932±0.0033
10.0296±0.0036
11.0345±0.0045
Year
8.9858±0.0915
10.0278±0.1711
11.001±0.0115
T3 Rapid Exchange
Winter
0.4242±0.0096
0.4267±0.0096
0.5216±0.0005
Spring
0.4166±0.0002
0.4624±0.0061
0.5097±0.0001
Summer
0.4167±0.0002
0.4557±0.0002
0.5095±0.0002
Fall
0.4164±0.0002
0.4655±0.0002
0.5133±0.0002
Year
0.4167±0.0043
0.4656±0.008
0.5112±0.0005
T3 Slow Exchange
Winter
2.3973±0.0685
2.421±0.0684
3.0739±0.0036
Spring
2.3438±0.000008
2.6634±0.0424
2.9901±0.0009
2.9895±0.0012
2.3438±0.000008
2.6147±0.000009
Summer
3.0145±0.0015
2.3438±0.000008
2.684±0.000009
Fall
3.0016±0.0038
2.684±0.056
2.3438±0.0305
Year
T4 Plasma
2.8591±0.0084
1.1688±0.0946
1.0909±0.083
Winter
2.6763±0.0024
1.8841±0.1119
1.0496±0.000003
Spring
2.6589±0.0027
1.7399±0.000003
1.0496±0.000003
Summer
2.7262±0.0034
1.8998±0.00003
1.0496±0.00003
Fall
2.697±0.009
1.8998±0.1378
1.0495±0.036
Year
T4 Rapid Exchange
0.0519±0.0042
0.127±0.0004
0.0485±0.0037
Winter
0.0773±0.005
0.1189±0.0001
0.0466±0.0000001
Spring
0.0773±0.0000001
0.1181±0.0001
0.0466±0.0000001
Summer
0.0844±0.0000002
0.1211±0.0002
0.0466±0.0000001
Fall
0.0844±0.0061
0.1198±0.0004
0.0466±0.0016
Year
T4 Slow Exchange
0.2401±0.0228
0.5832±0.0017
0.2249±0.0213
Winter
0.3836±0.0227
0.5451±0.0005
0.2139±0.0000006
Spring
0.3544±0.0000006
0.5421±0.0006
0.2139±0.0000006
Summer
0.3872±0.0000006
0.5559±0.0007
0.2139±0.0000005
Fall
0.5496±0.0019
0.3872±0.0283
0.2139±0.0093
Year
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Table 6.4
Percentage of steady state hormone levels
T3 Plasma
Maximum-Dose
Time-Lapsed
Winter
79.6%
Spring
78.2%
Summer
78.2%
Fall
78.2%
Year
78.5%
T3 Rapid Exchange
Winter
79.4%
Spring
78.0%)
Summer
78.0%)
Fall
78.0%
Year
78.3%
T3 Slow Exchange
Winter
75.9%
Spring
74.2%
Summer
74.2%
Fall
74.2%
Year
74.5%
T4 Plasma
Winter
35.3%
Spring
34.0%
Summer
34.0%
Fall
34.0%
Year
34.2%
T4 Rapid Exchange
Winter
35.3%
Spring
33.9%
Summer
33.9%
Fall
33.9%
34.2%
Year
T4 Slow Exchange
35.7%
Winter
34.0%
Spring
34.0%
Summer
Fall
34.0%
34.3%
Year
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80.3%
85.5%
87.3%
87.3%
85.5%

Location-Based
97.7%
95.5%
95.8%
94.5%
95.7%

79.9%
85.3%
87.2%
87.2%
85.4%

97.6%
95.4%
95.7%
94.4%
95.6%

76.6%
82.7%
84.9%
84.9%
82.8%

97.3%
94.6%
95.0%
93.5%
94.8%

37.8%
56.3%
61.5%
61.5%
55.8%

92.5%
86.0%
87.3%
83.2%
86.6%

37.8%
56.3%
61.5%
61.5%
55.8%

92.5%
86.0%
87.3%
83.2%
86.6%

38.1%
56.3%
61.5%
61.5%
55.8%

92.6%
86.0%
87.2%
83.2%
86.6%

10
Depth (ft)
Figure 6.1

Example ofthe one-dimensional kemel for depth
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Figure 6.2
adaptive)

Example ofthe two-dimensional kemel estimator (top-fixed, bottom-
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3
4
5
X coordinate (ft)
Figure 6.3
profile).
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CHAPTER 7
CONCLUSIONS

7.1

Movement Model

Based on depth preference parameters incorporated into the movement model
from the literattire (Fischet et al. 1999), fish were expected to spend approximately equal
times at each ofthe four depth zones. Uniform depth distribution did not occur (Table
6.1), but it can easily be explained. The three-dimensional nature ofthe lake limited the
fish with geographical consfraints that influence depth usage. If we look at lake volume
as a function of depth zone, we see a dramatic decrease in potential movement area as
depth increases (Table 6.1). Since the fish were coded to have an approximately equal
likelihood to be at any given lake depth, we can apply the volume percentages as a
representation of what the depth usage would actually be. While channel catfish are a
bottom feeding fish, it is important to remember that the bottom is a relative concept.
Channel catfish prefer shallower depths, relative to the blue catfish, and subsequently
spend more time closer to shore where total depth is lower. This behavior was not
however incorporated into the model.
The two- and three-dimensional adaptive kemel estimates act as an example of a
more advanced technique for home range and movement analysis. For our purposes,
however, they are unnecessary. Simple XY scatter plots were sufficient for us to discem
that there was no pattern to movement. With such limited benefit, the time cost
associated with mnning and then analyzing the 21,000 data sets is too great. If we had
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real tiacking data, however, and/or a more complex movement model incorporating
habitat types, predator/prey relationships, reproductive behavior, etc., this technique
could be very beneficial in identifying the locations of highest activity. The very low
calculated probabilities associated with the kemel estimates are because of two factors,
the range of potential locations and the number of data points. Depending on the season,
each individual could be moving in an area covering 80 hectares (8,611,000 ft ). This
large area results in approximately 35 million coordinate pairs that an individual could
reside in at any given time. With 8760 movement points there is a low probability that
any given point will represent a large percentage ofthe overall locations. Even if we
apply the movement restriction of each individual moving 11% ofthe time, there are still
963 locations, meaning each location represents approximately 0.1% ofthe total number
of locations.
The appearance of clumping with the home range centroids creates the illusion
that fish are avoiding areas near the shore. One has to keep in mind, however, that these
are the geomettic center points of areas as great as 80 hectares. The largest gap between
shoreline and centioid is less than 2000 ft. Which means that there is activity along the
shoreline, but when combined with all location points the cenfroid moves away from the
shore, creating a visual buffer effect. Just as with the two- and three-dimensional kernel
examples mentioned previously, the individual probabilities for a given location are small
because ofthe wide range of potential locations and the large number of data points.
While there may be no discemable pattern with movement, it was still important to
incorporate the movement model to allow for location-based dosing.
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7.2

PBTK Model

Simulated tissue concentrations from the PBTK model emphasize the importance
of spatial and temporal variance in exposure scenarios. Not only were there vast
differences in tissue concentrations between dosing approaches, but also between seasons
within each dose. Compared to the maximum dose approach, the time-lapsed maximum
dose approach had tissue concentrations 30% to 99.5% lower for the same time period,
with the year average only 0.5% of that found in the maximum-dose approach. Locationbased concenfrations were even lower at 0.18% to 0.45% ofthe maximum-dose value.
Since differences between groups are a result ofthe dose received, it is important to
characterize dose variation as well.
The time-lapsed maximum-dose approach had a dosing range of 50 [ig/L to 9,430
|ig/L with a mean of 1448 p,g/L. All doses above 50 |ig/L were a resutt of GWTP
effluent; contaminated effluent, however, was only released during 64 days ofthe year,
January 1-Febmary 28 and April 1-April 15. Release times account for the high tissue
concentiations during winter and spring when effluent was present. The large confidence
intervals for the spring tissue concentrations (Table 6.2) can be explained by the two
weeks of effluent release at 4820 ng/L between groundwater related doses of 50 ^g/L.
The location-based approach provided even more information about spatial and
temporal issues. Fluctuations in movement pattems, as well as the actual movement
itself, had a greater impact on dose received than effluent release (Figure 6.19-6.25). If
effluent release was the goveming force in dose received, then we would see a similar
pattern in the time-lapsed maximum dose. The winter season would have had the highest
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tissue concenfrations, followed by spring and then summer and fall being approximately
equal to one another. However, this was not the case. What is especially interesting is
that the spring season had more than twice the average tissue concentration as winter,
despite winter having exposure concentrations 8.66 times greater based on the timelapsed group. With the use of 600 dosed individuals for the location-based approach,
outliers and chance are eliminated as explanations. This disparity does not mean,
however, that individuals in the location-based group were only receiving the low doses
from groundwater upwelling. The lowest nonzero dose received was 240 ^g/L with a
high of 17,040, almost twice the dose used in the maximum-dose approach. These high
doses can be explained by spatial and temporal factors ofthe plume. Effluent has the
properties of volume, velocity, concentration, and lifespan. If a low velocity effluent
pulse is followed by a high velocity effluent prior to the original pulse fully diluting in
the lake, with lifespan goveming dilution, then the two volumes of contaminant combine
within the same volume of water resulting in a higher concenfration. This real world
principle is not taken into account in the maximum-dose or time-lapsed maximum dose
approaches. It is possible to account for this principle with field data and hydrologic
modeling but, as established earlier, this was not possible because of a lack of data.
Since plume dynamics do not appear to be goveming tissue concentrations, there
are only two possibilities left, toxicokinetics and/or individual movement. By looking
closely at model stmcture and the simulation results we find that it is both. Even though
catfish are only moving 11% ofthe time, it allows them the possibility to move into, and
more importantiy, out ofthe plume. Individuals receiving a dose only 14.6% ofthe time
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they move illustrates this point. Time spent receiving a dose may be as little as one hour.
As individuals move out ofthe plume they are able to rapidly eliminate any contaminant,
represented by the fluctiiations in mean tissue levels (Figures 6.20-6.26). Seasonal
flucttiations can be explained by alterations in home range size each season (section
2.4.5). The greater home range in spring can allow for individuals to reach the plume
that otherwise might not. Tissue concentrations follow home range size when ranked
from lowest to highest, except for the winter, which has the lowest home range size, but
the second lowest concenfrations. This disparity can be related to a partial influence of
higher concenfration effluent.
When the location-based approach is applied over the entire lake, tissue
concenfrations are lowered even further. The addition of 3600 un-dosed individuals
effectively "waters down" the tissue concentration to 1/7 the level ofthe location-based
approach. With the size ofthe lake and the size of catfish home ranges, it is likely that
multiple populations reside within the lake boundaries. The 600 dosed individuals may
spatially represent the area of one or more populations, but not all of them. As a result of
the distinct populations and the localized nattire ofthe contaminant it would be inaccurate
to use all ofthe fish in the lake to determine average tissue concenfrations. If we had
appropriate field data we could determine the locations of each catfish within the lake.
The localized impacts seen in this work emphasize the importance of identifying areas of
concem ahead of time in order to avoid under estimating the risk to a given population,
by averaging exposure over multiple populations.
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Through the use of three-dimensional visualization we were able to both more
accurately analyze our data and more readily express it. By utilizing symbolic colors,
shapes, and animations we employ the subconscious mind in identifying frends and
relationships. Normally data expression focuses on the conscious mind with XY graphs,
tables, etc., this limits the amount of information we can present to the viewer. Our
PBTK models generated a total of 183,960 data points across all compartments and
dosing regimens. Following a standard approach this data would be represented in 21
XY graphs, each with a unique Y scale. No human being would be able to rapidly look at
all ofthe graphs and understand how the compartments compared to each other. By
placing all the graphs in a three-dimensional animation with colors that have specific subconscious meanings associated with them (white-purity, green-safe, yellow-waming, reddanger), someone that has no understanding ofthe science behind the PBTK will be able
to understand which organs are at the most risk (Figure 4.11). Additionally this visual
image will stay in the viewers mind longer than a seemingly endless sfream of figures.
On a scientific level this animation shows that compartments reach equilibrium within
24-48 hours, and decrease just as rapidly. This rapid uptake and removal is an essential
component for determining risk during sensitive life cycle periods (see Section 7.3).
The use ofthe Maya® software for visualization of contaminant movement has a
number of strengths and weaknesses. While the software does use a valid particle
physics engine, it does not account for hydrologic principles present in our system. With
the Maya embedded language it is possible to write a program to account for these
principles, however it would be a very time consuming process that would drain more
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memory. Ideally the initial simulations would be generated in hydrologic modeling
software and then imported for visualization. For the purposes of visualization Maya®
was a vast improvement over currently used software packages. Besides being visually
pleasing, the plumes are massively customizable. The user is not locked into a specific
color scheme, frame rate, particle representation, etc. as with most software. This
adaptability is essential for highlighting specific regions or time frames, as well as
intioducing components outside the plume. Camera view is also not locked into a simple
two-dimensional overhead or side view, allowing for greater evaluation ofthe plume
structure. Three-dimensional data is wasted if it cannot be expressed threedimensionally. There is also the added benefit of being able to visually depict complex
physical phenomena instead of just mathematically accounting for them. Historically the
problem with complex systems was that the "explanations" of them were equally
complex. To deal with this problem the systems were simplified. Visualization allows us
to use complex systems and interactions and then use potentially complex techniques to
express them simply.

7.3

Thvroid Model

Since the thyroid model is initiated with the simulated thyroid tissue
concentrations from the PBTK model, the factors influencing those results indirectly
affect hormone inhibition. Hormone levels flucttiate with thyroid perchlorate
concentrations, as can be seen by the plots of hormone concentrations that are the
inverted shape ofthe plots of tissue data. Rapid recovery from insult can be seen in the
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time-lapsed plots following the removal of effluent. This rapid recovery is echoed in the
literatiire (see sections 1.2 & 1.3). Because of a lack of effects data, we do not know
what level of hormone inhibition would be considered detrimental to channel catfish.
One area of concem is the speed with which a decrease in hormone levels can occur.
Maximum-dose and time-lapsed maximum-dose exhibited -56% and -77% ofthe total
decrease due to insult within 24 hours and 48 hours, respectively. Comparable recovery
percentages took 144 hours and 240 hours. The slower recovery indicates increased risk
related to pulsed exposure during early developmental periods. Once maternally
fransferred thyroid hormones are processed a brief exposure to perchlorate can cause a
significant inhibition of T4 and T3. Hormone levels can retum to normal levels in the
next day or two, but the damage would already be done. Because recovery is at a slower
rate than inhibition, constant exposure is not necessary for increased levels of response.
Once again this increases the importance of spatial and temporal data in risk assessments.
As established earlier, it is possible to receive a greater dose using location-based dosing
than with maximum dose at some points in time. While over the course of a study these
spikes would be averaged out, their impacts on hormone levels during critical life cycle
periods could be substantial. The limited decrease in T3 levels is because of a lack of an
inhibition term for T3 secretion. Compartments exhibited similar percentages of
inhibition because of model stractiire. Since the T4 inhibition term was applied to the
secretion rate of T4, mass balance will still govem hormone levels in each comparttnent.
The hormone visualization applied the same principals from the 3-dimensional
PBTK, side-by-side comparison and color, while adding particle animation (Figure 4.12).
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By using the particle animation instead of simply changing the color of thyroid region we
are able to succinctiy explain what we are visualizing. Particle emission acts as a
surrogate for hormone secretion. The addition of color enhances the visual cues
associated with the number of particles present. It would still be possible to identify
differences between the doses if no color variation was used, however by including it we
enhance the disparity subconsciously. While hormones in no way move in this fashion,
the layman will understand it much better than if we included reabsorption ofthe Tg from
the colloid compartment ofthe follicle followed by selective proteolysis. Similarly the
use of a simple sphere, instead of T4 chemical stmcture or other detailed representation,
more readily fransmits the necessary information to the viewer. Just because we have the
capability to generate incredibly complex scenes does not mean they are the best solution
to a given problem. Using the correct degree of visualization for a given objective raises
an essential point related to this work. Three-dimensional visualization is a tool like any
other and so it must be used appropriately, not in a ubiquitous fashion.

7.4

Overview

The initial purpose of this work was to improve the way in which we conduct
risk assessments by incorporating spatially and temporally explicit variables and to use
three-dimensional visualization to better express the results. What we found was that a
location-based approach more accurately identifies the risk to a target organism then the
homogeneous methods ofthe maximum dose or time-lapsed maximum dose approaches.
By accounting for known physical and biological phenomena we are able to elucidate
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specific points in space and time of greatest risk and focus remediation efforts there,
instead of unnecessarily spreading limited resources across a larger area. This increased
accumcy also can result in greater levels of risk by accounting for more complex
phenomena that are either simplified or ignored in spatially- and/or temporallynonexplicit methods. The improvements to the assessment are balanced by more timeconsuming techniques and expensive technology. Simpler methods are still appropriate
for the initial stages ofthe risk assessment, as well as for those projects that cover a very
small spatial and temporal extent, or have only limited contamination. For those
situations where it is warranted, location-based dosing represents a very powerful
technique.
The addition of three-dimensional visualizations had multiple benefits, both from
aesthetic and analytical viewpoints. The capability to generate visualizations is an
invaluable tool for explaining complex ideas. In order to properly take advantage of this
tool however, an appropriate software package must be used. Current visualization
capabilities of common software packages used in risk assessment are woefully behind
what is available to the entertainment industry. The Maya® software is a powerful
package because of its raw capabilities and infinite customizability. With enough time
and skill any concept can be visualized and then exported or saved in a variety of file
formats for easy viewing.
The power of visualization does not end with detailed organ meshes and particle
animations however. Because we could view the data from any angle or distance over
time, we were able to do analysis more accurately and rapidly than through standard
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statistical or graphical techniques. Rapid movement into and out ofthe pli
lume.
overiapping of effluent pulses, time to tissue equilibrium, and differences between dosing
groups are some ofthe numerous results that would have taken longer to notice or been
oufright missed using more mdimentary techniques.
The final benefit ofthe visualization was in the movie generation stage. By using
different camera angles, lighting, and editing techniques we were able to emphasize
specific points with ease. Zooming in to emphasize an abject, fading out to represent the
passage of time, and widening the camera angle to get the big picture are a few of
techniques that can be used to subconsciously focus the viewers attention. This makes
the presentation ofthe risk assessment to the layman easier to understand and
remembered. By incorporating advanced techniques with advanced technology we were
able to find an improved means of risk determination. While this approach may not
become widely used in the near future, we strongly believe that it will become the
standard in years to come.
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