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Pacific mole crabs (Emerita analoga) are one of the most important and abundant

invertebrates in sandy beach environments. Consequently, they are a common food source

for seabirds and sea otters. Since the mole crab serves as the primary intermediate host for

acanthocephalan parasites, they have been linked to a number of mortality events. It is

currently estimated that 13-16% of deaths in the threatened California sea otter population

have been caused by infection. In addition, unusually high loads of acanthocephalan

parasites have been linked to episodic deaths of thousands of surf scoters. Studies suggest

that acanthocephalan development and transmission may be strongly effected by weather

patterns. In this research paper, we introduce a system of differential equations for parasite

transmission between surf scoter, sand crab, and sea otter populations.

Temperature-dependent parameters within the model allow us to examine the role of

climate oscillation in El Niño(EN) and La Niña(LN) years on abundances of infected

hosts. We applied t-test to crab prevalence data, and we performed sensitivity analysis, and

Floquet theory on our model to conclude that EN events increase the prevalence of

infected crabs.

KEYWORDS: ENSO, Disease Dynamics, Floquet Theory, Sensitivity Analysis
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CHAPTER I

INTRODUCTION

Primary Hosts

Surf scoter (Melanitta perspicillata, Figure 1(a)) is a large North American sea

duck measuring between 19 to 24 inches in length that lives both in marine habitats and

freshwater, with a mean lifespan of 9.5 years [1]. The number of these bird populations

have declined appreciably over the past 30 to 60 years in North America. The decline is

estimated approximately 40-80%, depending the location and timeframe [2]. Since 1990,

there has been some evidence that the population size of these birds has been stabilized,

with a slight decline. Unfortunately, causes for these declines are not well known. The

possible causes are climate change and its impacts on birds’ nesting habitats, such as the

advancement of the seasonal phenology, the alteration of prey availability, or the shifts in

the cycle of oceanic regimes [2].

On the Pacific Coast, preliminary studies [3, 4, 5, 6] indicate that the survivorship

is higher at major molting sites, but lower during winter, depending on body mass, age,

and location. During non-breeding periods, surf scoters migrate to coastal sites where they

are more exposed to human activities (especially hunting, oil spills and other

pollutions/contaminations), new competitive species (prey or/and predator), as well as the

presence of some infectious diseases. Around 40 to 50% of the surf scoter populations are

estimated to overwinter in San Francisco [7, 8, 9, 10], where the probability of being

infected is considerable.

Sea otters (Enhydra lutris, Figure 1(b)) are small marine mammals with a lifespan

of up to 23 years [1] listed under the Marine Mammal Protection and Endangered Species
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Acts of the 1970s. They represent the beauty, the health, and the diversity of marine life

along the Californian coast. Considered a keystone species, they are very important to the

marine ecosystem’s health and stability [11]. In fact, otters are predators for sea urchins

and other invertebrates that can destroy kelp forests, an important component of the

marine biodiversity ecosystem. Kelp forests are of primary importance for the wide

diversity of marine animals, protect coastline from storm surges, and more importantly,

absorb a huge amount of harmful carbon dioxide from our atmosphere. A massive death

of sea otters will surely impact not only the balance of marine ecosystem but also our

global ecosystem. Toxicity, habitat degradation, white shark attacks, food limitation, and

parasitism are some of the causes that drive the increase of sea otter mortality [12].

(a) Surf scoter [13]. (b) Sea otter [11].

Figure 1: This figure shows the definitive hosts of the acanthocephalan parasite

Intermediate Host and Parasite Species

Widely distributed geographically, sand crabs (Emerita analoga, Figure 2(b)), are

found along the entire Pacific Coast of North and South America, from Alaska to Chile

[20, 21]. They have five pairs of legs and can swim, crawl, and burrow, all backwards, but

stay buried most of the times in the sand. Its takes sand crabs 1-7 seconds to bury
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themselves completely, depending on their size [23]. E. analoga live burrowed a few

centimeters beneath the sand in the region of the beach between the highest and lowest

reach of the waves, called the wash zone, at any given time [19]. Depending on

environmental factors, their number on a beach can vary considerably from year to year.

Sand crabs are one of the most important and abundant food sources for fishes, birds, and

sea otters in sandy beach environments and serve as a primary host for the

acanthocephalan parasites [23]. Flores and Sanchez reported that an increase in the

number of acanthocephalan parasites in the crabs increase the burrowing time [24]. Thus,

having slower hiding time, the crabs’ risk of being dislodged by swash velocities and swept

away into the open ocean increases, and therefore, they become more exposed to predators.

Acanthocephala (Figure 2(a)) is a phylum of parasitic thorny-headed or

spiny-headed worms, characterized by the presence of an evertable proboscis, a feeding or

sucking organ, and armed with spines used to pierce and hold the gut wall of its host [17].

It has a complex life cycle that requires multiple hosts, which may include invertebrates

(e.g., crabs), fishes, amphibians, birds, and mammals [17]. Like many parasites,

Acanthocephala is a manipulative parasite. Recent studies show that manipulative

parasites can alter their host behavior via apoptosis, causing the inflammation of the

central nervous system and perturbing the biochemical communication [25] in order to

increase the chance of completing their life cycle.
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(a) Acanthocephala [15]. (b) Sand crab [14].

Figure 2: This figure shows Acanthocephala and its intermediate host

Parasite Life Cycle

Acanthocephalan parasites utilize crustaceans as intermediate and vertebrates as

definitive hosts to complete their reproduction. The first stage of the parasite life cycle,

from egg to juvenile, takes place in the secondary host (e.g., sand crabs, lobster), and they

develop to adult inside the digestive tracts of the primary host (e.g., sea otters or birds),

where they become reproductive. In the beginning, the adult parasite releases eggs in the

ocean, where they float freely until they get eaten by a suitable intermediate host, such

lobsters in Canada or pacific mole crabs in California. Once ingested, the eggs develop

into a juvenile parasite, called a cystacanth [17]. After a brief delay, the parasite alters the

behavior of the crabs through adaptive manipulation [26, 27, 28], by making crabs

infectious and more exposed to surf scoters, sea otters, and other crab predators. Thus, the

attraction of a definitive host is indispensable to complete the reproduction cycle. The

definitive hosts are infected when they ingest an infectious prey such as crabs. Various

coastal birds and marine mammals are definitive hosts for acanthocephalan parasites,

allowing the parasites to become adults and reproduce. Inside the small intestine of the
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definitive host, the cystacanth emerges from its cyst and matures into an adult worm. Adult

acanthocephalan parasites produce eggs that are released via the birds’ feces back into the

ocean to continue the cycle. Among the seabirds that are infected by acanthocephalan

parasites are gulls, willets, sanderlings, and sea ducks, such as eiders, and surf scoters.

Acanthocephalan parasites also affect California sea otters as well, but the latter are a

dead-end host because the parasites cannot reproduce in otters. Once ingested,

acanthocephalan parasite disease may cause death in the final hosts [17].

Figure 3: Acanthocephala life cycle [17]

Figure 3 shows the reproduction cycle of an acanthocephalan parasite through a

crab, a surf scoter, and a sea otter [18]. As mentioned above, sea otters are dead-end hosts,

5



as opposed to the surf scoter, which allows the completion of the life cycle.

Parasites cause a significant amount of deaths in marine animal populations. The

Californian Department of Fish and Game approximated between 1,000 to 4,000 deaths of

surf scoters due to an unusual high load of acanthocephalan parasites in 1995 [17]. In

addition, 40% to 50% of the southern sea otters died from infectious diseases, of which

13-16% have been linked to acanthocephalan peritonitis, the most prevalent one [18].

Climate Effects on Transmission Between Hosts

Sea surface temperatures play a major role in global weather, particularly in the

marine ecosystem. The change in the normal sea temperature is a result of the accelerating

climate change we are experiencing today, according to the El Niño-Southern Oscillation

(ENSO) episodes classification table in Figure 4.

Figure 4: An overview of the years of EN and LN episodes since 1950 [16]

El Niño (EN) and La Niña (LN) are complex weather patterns resulting from
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variations in ocean temperatures in the Equatorial Pacific. They are opposite phases of the

El Niño-Southern Oscillation cycle. These ENSO episodes often lead to extreme weather,

which may impact a large number of ecosystems. El Niño is described as

warmer-than-normal sea surface temperatures [29] in the central and eastern Pacific

Ocean, near the equator off the west coast of South America. La Niña, its counterpart, is

characterized by the sea temperature below the normal in the same area [29]. During a

strong El Niño, sea temperatures increase on the average by 2◦C to 3.5◦C (4◦F - 6◦F).

Similarly, the sea normal temperatures decrease on average by 1◦C - 3◦C (2◦F - 6◦F)

(Figure 5). ENSO episodes are approximately 9-12 months long. Currently, they start to

form during June-August, reach their peak strength during December-April, and then

decay during May-July of the following year. However, a few episodes have be prolonged

to 2 years and even 3 to 4 years. While their periodicity can be quite irregular, EN and LN

often occur every 3 to 5 years on average [29].

Figure 5: ENSO episodes with their intensity and the duration since 1950 [16]

Studies [30, 31, 32, 33] have shown that a change in ambient temperature of the sea

water impacts marine biodiversity. In fact, sea temperature change may influence the

performance of individual organisms, the distribution and behavior of species populations,
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their biological reproduction, and their dynamic and abundance. Oliva et al. showed that

ENSO cycles have large impacts on the ecology [34]. Fiedler showed that by altering

winds, rainfall, thermocline depth, and circulation patterns, EN and LN strongly impact

the productivity, feeding, and reproduction of crustaceans, as well as birds and marine

mammals [35]. In their 2002 paper, Mouritsen and Poulin also highlighted the fact that

despite the evidence that the composition and structure of natural communities can be

influenced by parasites, weather conditions often strongly impact parasite transmission.

Thus, any perturbation in ecosystems that affects the structure of the food web will

influence the transmission and abundance of the parasite [37].

During El Niño years, there is an increase of the abundance of sand crab

populations [38]. Tokeson and Holmes found that a change in the temperature will

significantly impact the acanthocephalan life cycle, most particularly at the cystacanth

stage [39]. When temperature rises, the development of the eggs to the cystacanth stage

occurs faster, increasing the abundance of acanthocephalan parasites and the prevalence of

infection.

Understanding the impact of phenomena such as climate change, habitat loss,

change in predator-prey community, and parasite transmission could be the key to

preserving the marine ecosystem. The question of whether intermediate hosts of

acanthocephalan parasites are strongly and directly affected by EN has been discussed

[34]. In fact, Oliva et al. (2007) have suggested that the changes in the parasite population

do not represent a direct consequence of EN, rather, EN events may initiate a cascade

effect resulting in a significant decrease in the abundance of marine birds that act as

definitive hosts for Profilicollis altmani, an acanthocephalan species. In their study, they

found a significant difference in infection rates of mole crabs during EN events.

Consequently, the abundance of sea birds decreases significantly during EN episodes,

because the crabs are their food source.
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Question Under Investigation

The main question in this research is to determine whether EN episodes strongly

impact the abundance of surf scoter populations along the Californian coast. We predict

an increase in the prevalence of infected crabs during EN episodes. Since studies have

shown that during EN birds spend more time on the coast (in contact with the crabs), we

expect a decrease in their abundance as a consequence, because the acanthocephalan

parasites are directly transmittable from sand crabs. Will a mathematical model help us

demonstrate that the difference in temperatures has a significant impact on the size of the

host populations? Before answering this main question, is it true that temperatures in El

Niño and La Niña years are significantly different to produce different outcomes? If yes, is

there any relationship (or correlation) between EN/LN temperatures and the prevalence of

infected crabs from data observed at the Californian coast? Answers of these questions

will help us support or revise our hypothesis.
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CHAPTER II

MODEL DEVELOPMENT

Models

Peritonitis is a disease caused by acanthocephalan parasites that kill marine

animals such as surf scoters and sea otters through consumption of infected mole crabs.

By developing a mathematical model that includes temperature-dependent parameters, we

can analyze the influence that El Niño events have on the prevalence of infected sand crabs

and seabird mortality.

Model Parameters

In our model, we assumed parameter values either from existing literature or

studies based on similar biological systems. The parameters χ and kc are found by

parameter estimation methods using a data from Long-term Monitoring Program and

Experiential Training for Students (LiMPETS) website. LiMPETS data was collected

from 2002 to 2016 by students from various schools. Participants reported the number of

sand crabs as well as the number of parasites found inside each crab along 29 different

sites in California coast [40].

We summarized the parameters of the model in Table 1.

10



Table 1: Summary of species parameters, their biological meaning, and the source

Parameter Biological Meaning Mean Value Source

Λin Bird in-migration number per day 80.0 [2]

Λout Bird out-migration rate per day 1/21 [2]

β Bird infection rate per day 0.1 [94]

µb Bird natural death rate per day 1/(9.5∗365.25) [1]

kb Bird infection mortality per day 0.034 [90]

rc Crab natural growth rate at low density 0.15 [91, 92]

Kc Crab carrying capacity 17,500 [89]

γ Parasite development from egg to juvenile temp. dependent function [39]

χ Crab probability of getting infected 0.07/200 [40]

µc Crab natural death rate per day 1/(2.5∗365.25) [89]

kc Crab infection mortality 0.006 [40]

ro Otter natural growth rate at low density 0.10 [12]

Ko Otter carrying capacity 16,000 [88]

ρ Otter probability of getting infected 0.008 [95]

µo Otter natural death rate per day 1/(23∗365.25) [1]

ko Otter infection mortality rate per day 0.25 [93]

Differential Equation Model Development

We used a compartmental model where we assumed that crabs will continue to

host the cystacanth form of the parasite and that infected birds will migrate out of the area,

so neither host will have a recovery stage.
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(a) Acanthocephala life cycle (b) Acanthocephala transmission map

Figure 6: Acanthocephala life cycle and the transmission map derived from it

Figure 6 show the parasite cycle and the model transmission map to help visualize

the different stages and the parameters involved in each stage of the parasite transmission.

Susceptible and Infected Surf Scoters

We categorize surf scoter populations as either susceptible (Sb) or infected (Ib). We

assume that:

• The number of susceptible birds increases through recruitment of uninfected surf

scoters (either by birth or immigration) at an in-migration rate of Λin birds per day,

and decrease when susceptible birds migrate out at an out-migration rate of Λout per

day, or by natural death at a rate of µb per day. New migrants are all uninfected,

given the rapid mortality of infected birds.

• The population of infected birds is reduced by natural death or by death due to

infection, which occurs when a susceptible bird ingests an infected crab, at a rate of

kb per day.

• Transmission of the parasite from crab to bird occurs when the bird consumes an

infectious crab. The number of crabs eaten by a susceptible bird is assumed to be
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frequency-dependent. The number of interactions is:

Sb

(
Ic

Sc + Ec + Ic

)
.

The number of new infections caused by parasite transmission from

acanthocephalans to surf scoters per day is the number of interactions times the

probability, β, that an infectious crab produces a new infection in a susceptible bird.

Thus, the rates of change in the susceptible and infected bird populations are:

dSb

dt
= Λin (t) − Λout (t) Sb − µbSb − βSb

(
Ic

Sc + Ec + Ic

)
dIb

dt
= βSb

(
Ic

Sc + Ec + Ic

)
− µbIb − kbIb

(II.1)

.

Susceptible and Infected Mole Crabs

Following the development of the parasite from egg to juvenile stage, we divide

sand crab populations into three categories. Let

Sc (t) = number of susceptible crabs,

Ec (t) = number of exposed crabs (infected), but not infectious, and

Ic (t) = number of infectious crabs.

We assume that:

• In the absence of the disease, susceptible crabs follow a logistic growth model

towards the environmental carrying capacity, Kc, at a natural growth rate (at low

density) of rc:

rcSc

(
1 − Sc

Kc

)
.

13



• In this case, unlike the transmission from infected crab to susceptible bird, we

assume that transmission from infected bird to susceptible crab is density-dependent.

Crabs are removed from the susceptible group through infection and natural death.

The probability for each susceptible crab to be infected via infected bird feces is χ.

• An exposed crab is a crab that is infected without being infectious yet because of the

delay in the juvenile stage of the parasite. The population Ec represents exposed

crabs initially infected by acanthocephalan eggs released with the feces of infected

birds (Ib). An infected crab becomes infectious only after the development time of a

parasite from egg to juvenile. We define γ (T), a temperature-dependent function, as

the rate of development from egg to juvenile stage of the acanthocephalan parasite

within an infected crab.

• Infected crabs is the number of crabs that are infectious. In other words, they

represent the completion of the first stage of parasite cycle (from egg to juvenile).

Once infectious, the crab becomes more exposed (due to the parasite’s adaptive

manipulation) to predators and therefore can transmit the disease to a susceptible

definitive host. A crab in this state can be lost from the population through natural

death (which includes predation) at the rate of µc per day, or through death due to

infection at the rate of kc per day.

The rates of change in the crab subpopulations are described as follows:

dSc

dt
= rcSc

(
1 − Sc

Kc

)
− χScIb

dEc

dt
= χScIb − γ (T (t)) Ec

dIc

dt
= γ (T (t)) Ec − µcIc − kcIc.

(II.2)
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Susceptible and Infected Sea Otters

Just like the bird populations, we separate sea otters into two categories,

susceptible (So) or infected (Io):

So (t) = number of susceptible otters, and

Io (t) = number of infected otters.

• In the absence of the disease, susceptible sea otters (which commonly reside

year-round on California beaches) follow a logistic growth model towards the

environmental carrying capacity, Ko, at a natural growth rate (at low density) of ro:

roSo

(
1 − So

Ko

)
.

• The susceptible sea otters So leave the population after being infected by infectious

crabs. Parasite infection occurs when a susceptible sea otter consumes an infectious

crab. The number of infected crabs eaten by a susceptible sea otter is also assumed

to be frequency-dependent:

So

(
Ic

Sc + Ec + Ic

)
.

Thus, the number of new infections caused by parasite transmission from

Acanthocephala to sea otters per day is the number of contacts times the probability,

ρ, that an eaten infectious crab produces a new infection in a susceptible sea otter.

• Sea otters are removed from the infected group through infection mortality at a rate

of ko per day or through natural death at a rate of µo per day. Note that sea otters are

a dead-end host species, therefore, the parasite cannot complete its life cycle in a sea

otter.
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The rates of change in the susceptible and infected sea otter populations are given by the

following system of differential equations:

dSo

dt
= roSo

(
1 − So

Ko

)
− ρSo

(
Ic

Sc + Ec + Ic

)
dIo

dt
= ρSo

(
Ic

Sc + Ec + Ic

)
− µoIo − koIo.

(II.3)

Temperature Dependence

Temperature is among the most important factors in climate patterns. It influences

the weather and affects the life cycles of living species. A small variation in temperature

can have a powerful impact on the environment worldwide. In our study, we examine the

role of climate oscillation due to El Niño and La Niña on abundances of infected hosts.

During winter, surf scoters immigrate to the Central Coast until the spring season,

when they migrate back to Canada or Northern Alaska for nesting. In general, the spring

migration starts in March, while the fall migration begins at the end of October [42]. Thus,

in April, it is very common to see a gradual increase in the surf scoter flocks floating on

the coast as the month passes, because they stop over a few days for food and rest during

the nesting migration. With a change in the weather, the flocks decrease or just migrate out

toward the north [43]. According to De La Cruz et al. [44], there is evidence that the

duration of the spring migration, as well as the quality and quantity of foods accumulated

during a stopover, can positively impact the success of female reproduction and survival,

particularly for species nesting on the arctic coasts [49, 50, 51]. Also, some studies [2]

show that some migratory birds change their migration strategies to optimize their fitness

(by reducing the migration timing, increasing the amount of energy from the stopover

sites, or simply by avoiding predators) [45, 46, 47, 48]. This explains why surf scoters

tend to shift sites for food during late winter and spring migrations to benefit from the
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seasonal foods (e.g., crabs and herring spawn) [2]. Hence, understanding the migration

ecology may be very powerful in predicting the abundance of seabirds during a change in

the temperature, especially for the surf scoter populations at the California coast, where

food availability is expected to change drastically with climate change [53, 54]. Such

information can be useful in protecting the surf scoter species in particular and many other

migratory birds in general [44].

Like all marine animals, sand crabs are known to be very sensitive to ocean

temperatures. Warmer sea temperatures affect the life cycle of marine animals and plants.

In fact, a small increase in the sea temperature can led to a shift in species distribution and

behaviors, and therefore can affect the biodiversity of the ecosystem. A study conducted

by the Farallones Marine Sanctuary Association suggested that sand crab abundance on

the coast is influenced by all factors of the environment including temperature [55]. Thus,

crab populations may thrive when the temperature increases. According to the above

study, a much larger proportion of female crabs produce eggs in warmer water than in

cold, and eggs are produced more rapidly in warm water than in cold. Egg development

time is considerably shortened by warm water and as a result, the crab population

increases. Sand crabs are a common food source for many animals including surf scoters

and sea otters on California beaches and they are also known to carry parasites such as

Acanthocephala. Hence, the probability of crabs getting infected from parasite eggs will

increase, causing more infectious crabs at risk of predation.

The accurate prediction of the expansion of parasites and their hosts can be very

important in the prevention of epidemic diseases, therefore, parasitology is one of the most

sensitive topics related to global change effects [56]. Furthermore, numerous studies

suggest that parasitism is influenced by climate change [57, 58, 59]. Among the

components of climate, temperature plays an important role in the parasite growth,

reproductive development, and life cycle completion rates [60]. This may affect the
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defense system of the hosts, the parasite virulence, and its capacity of transmission.

Moreover, warmer sea temperatures have been linked to the increase in invasive species

populations and the prevalence of marine diseases. When an ecosystem becomes warmer,

there is a chance for some invasive parasites to thrive and therefore disturb or simply

jeopardize the well-being of native species [61]. Other studies suggest that parasite

development time in its intermediate host could alter the intensity of their behaviors

[62, 63]. Tokeson and Holmes (1982) showed that the time for acanthocephalan parasites

to develop is greatly affected by temperature, which can indirectly increase the intensity

and the duration of the manipulation [39].

In our model, only temperature is assumed to affect the development time of the

parasites from egg to juvenile. We included the seasonality of the birds as time-dependent

functions because we are considering immigration and emigration of birds over a year, and

therefore we assumed that they are not directly related to temperature. However, most surf

scoters migrate during the spring, at the beginning of March [42], which corresponds to

the period when the temperature gets warmer. The fall migration begins mid-to-late

October [42], when the temperature gets colder; therefore, the migration seasons could

also be temperature-dependent. Since birds can be sensitive to temperature, there is

enough evidence that migration seasons, which we assumed are time-dependent, may

rather be temperature-dependent.

We defined the rate of development, γ, from egg to juvenile stage of the

Acanthocephala within an infected crab. Using the linear relationship to temperature found

in Tokeson and Holmes (1982) [39], we defined the rate of development to the cystacanth

stage, γ, as a function of T (temperature of the sea-surface measured in Celsius):

γ (T) = 1
100
(0.216 ∗ T − 2.002) .
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As we are interested in the effect of temperature on the spread of the disease and

the abundance of surf scoters, we first related the temperature to our primary independent

variable time, t (in days). By interpolation, we found a relationship between temperature

and time using monthly water temperature data (in degrees Celsius) obtained from the

National Oceanic and Atmospheric Administration (NOAA) [29]. Thus, with this

interpolation function, we can estimate the temperature of any day.

Figure 7: Temperature as a function of time from January 1950 to January 2017

With the function γ(T), we are able to approximate the development rate of

infectious crabs at any time. As an example, Figure 7 shows the exposure rate of infectious

crabs from January 1950 to December 1960.
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Figure 8: Graph representing the function γ(T) over 10 years

EN and LN Differences

El Niño and La Niña are caused by the temperatures of the sea surface in the

tropical zone of the Pacific Ocean interacting with the atmosphere. El Niño is described as

warmer-than-normal sea surface temperatures in the central and eastern Pacific Ocean,

near the equator off the west coast of South America [29]. During El-Niño, sea

temperatures rise on the average between 1◦C to 3.5◦C [64]. La Niña is El Niño’s

complete opposite [29]. It is described as cooler-than-normal sea surface temperatures in

the same area of the Pacific Ocean with a decrease on the average by 1◦C - 3◦C [64]. In the

development of our mathematical model, we used temperature data from January 1950 to

January 2017 provided by the National Oceanic and Atmospheric Administration [29]. We

split the data into two categories: EN years and LN years. Within each category, we also

have two subcategories: weak and strong.

Model Analysis

Mathematical models are used to approximate numerous highly complex systems

in engineering, physics, biology, chemistry, and economics. To build a model,
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assumptions and parameters are very important and are subject to change and error

measurement. Equations modeling a spread of disease depend on several parameters.

Thus, assigning values to parameters is very important, as poor values lead to poor results

and therefore could be misleading in the analysis of solutions. Parameter values are either

estimated or approximated from previous studies. In the model development, one of most

important steps is to parametrize the model and also determine which parameters are most

influential on the results. Sensitivity analysis (SA) is the study of how the uncertainty or

variability in the parameters can contribute to the overall output result [69]. According to

Baird, SA is also used to investigate potential changes and errors of a parameter and how

they impact the model conclusions [66]. It is a very useful method for model validation as

well as a guide for future research efforts. Pannell (1997) suggested that sensitivity and

stability analysis should be included integrally in any solution methodology because they

are important in understanding the status of a solution [65]. In addition to providing

information about how a model is sensitive to a parameter, SA also tells us the amplitude

of that sensitivity. Therefore, it is essential to differentiate parameter sensitivity from

parameter importance. According to Hamby (1994) [69], a parameter is important to a

model if any change in it leads to considerable variability in the model; therefore, it is

sensitive. But a model can be sensitive to a parameter and still have little variability. In

summary, importance implies sensitivity but the converse is not true.

There are different approaches [69, 76] to performing SA in a model. In our paper,

we use the simplest approach consisting of the change of one factor at a time, called One

Factor At a Time (OFAT) [76]. OFAT consists of varying one input variable (or

parameter) by a certain percentage, while keeping others the same as the base case, and

observing the sensitivity index. We repeat this process for each parameter of interest in the

same way. The base case of a SA is defined as the result of the output when all parameters

are held constant and equal to base values. A sensitivity index (SI) or sensitivity
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coefficient can be defined as the ratio of the variation in output to the variation in input as

each parameter increases [72]. According to Hoffman and Gardner (1983) and Bauer and

Hamby (1991), the simplest approach to investigate parameter sensitivity is to evaluate the

percentage of outcomes difference when a single parameter varies in a range of values

between its minimum value and its maximum value [70, 71]. To evaluate the true

sensitivity of a parameter, Hoffman and Gardner (1983) suggest using the entire range of

possible values of each parameter [70]. Thus, they define the sensitivity index (SI) as

SI =
Dmax − Dmin

Dmax
,

where Dmax and Dmin are the outcomes when the parameter is equal to its maximum and

minimum values, respectively.

In this paper, we are only interested in the ratio of the variation of the output from

the base case for each parameter, therefore we defined the sensitivity index as

SI =
Dr − Di

Di
,

where Di is the base case and Dr is the output result when a parameter increases by r%.

Since the abundance of surf birds is our main concern, we decided to set our base

case equal to the yearly average number of infected birds over 10 years (Di). We increase

each parameter by 10% (the common percentage used) and run the model each time to find

the new yearly average number of infected birds (D10). We then calculate the

corresponding SI.

Here is the summary of the SI for the parameters involved in the model:
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Table 2: Summary of the sensitivity index for the model parameters

Percent SIβ SIχ SIkb SIkc SIrc Sρ SIro SIko

10% 0.001 -0.001 -0.09 -0.001 0.001 0 0 0

According to Table 2, the yearly average number of infected birds is very sensitive

to parameters related only to bird and crab populations. On the other hand, any change in

parameters related to sea otters has no effect on that output. This result matched up with

our expectation because parameters related to sea otters are not necessary parts of the life

cycle of acanthocephalan parasite (because the sea otter, as we recall, is a dead-end for the

parasite).

The SI of the parameters β and rc are positive and thus they increase the yearly

average number of infected birds. By contrast, the parameters χ, kb, and kc give a negative

SI value, which tells us that they decrease the number of infection in bird populations.

Moreover, the absolute value of SI is higher in kb than in any other parameter in the model.

This sensitivity analysis demonstrates that the number of infected birds due to

acanthocephalan parasites is more ‘sensitive’ to changes in the bird infection death rate

(kb) than in the crab natural growth rate at low density (rc), the crabs’ contact rate with

feces containing acanthocephalan parasite eggs (χ), the infection between birds and

infected crabs (β), and the death due to infection in crab populations (kc). Another

important fact is that SA encourages us to use real data, like the data from LiMPETS, to

estimate accurately the values of χ and kc.

The second part of our model analysis is the study of the stability of the solutions of

the differential equations system. As we mentioned earlier in this paper, some parameters

are time or temperature-dependent. Consequently, climatic events (ENSO episodes) and

seasonal variations (e.g., bird migration and crab abundance) influence significantly the
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spread of acanthocephalan parasites. Since the temperature input is a nearly-periodic

function (see Figure 7), the solutions of our model may also become periodic. We used

Floquet theory (FT) to test the stability of periodic solutions of our nonlinear model. FT is

used in modeling biological, ecological, and evolutionary problems [78]. This

mathematical tool is very useful in studying non-equilibrium dynamics to understand the

temporal variability of periodic systems [73]. In fact, model diversity is found to be

complex because it can either be increased [97, 77, 98] or decreased [99] by fluctuations

that make non-equilibrium dynamics hard to analyze. Using Mathematica code provided

by Klausmeier (2008), we determinined the stability of a periodic orbit, which is a solution

to the temporal dynamical system [73]. Similar to the stability of the fixed point of a

Poincaré map (using eigenvalues) [76], the stability of the periodic orbit is determined

based on the Floquet exponents or Floquet multipliers. Thus, Floquet exponents can be

interpreted in the same way as eigenvalues in models with constant coefficients: they

represent the variation of the different perturbations over a cycle and have a unit of per

time (time−1). The periodic orbit is stable if all Floquet exponents have negative real parts

or have real parts between -1 and 1; otherwise it is unstable [69].

Initial Conditions

We start the model at t = 0, corresponding to January 1st. At this time, we will

assume that the number of scoters is relatively close to 1,000, with approximately 100

infected birds due to acanthocephalan parasites. Also, we will assume that the susceptible,

infected, and exposed crab populations are 1,700, 100, and 0 respectively. Finally, we will

assume that on January 1st, there are 160 sea otters, none of them being infected yet.

For our model, we modified the Mathematica code created by Klausmeier (2008)

[73] to numerically approximate the Floquet exponents. With a system of seven

differential equations, the Floquet exponents are given by the vector display

(−0.0002,−0.0002, 7.5 · 10−19, 4.44 · 10−17, 2.31 · 10−13, 0.0724, 0.2747).
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The largest exponent is 0.2747, so its absolute value is less than 1. Thus, we

conclude that our model has a stable periodic cycle.
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CHAPTER III

APPLICATIONS

After we create a mathematical model with a system of differential equations that

relate all hosts in the biological system with the temperature-dependent parasite

development time, we parametrize our model and then investigate its stability using data

from LiMPETS and NOAA, as well as what we learned from our sensitivity analysis (SA)

and Floquet theory (FT). Finally, we want to show that EN impacts the prevalence of

infected crabs, and relate that to bird population abundance.

Data Description

To determine estimates for the model parameters (χ and kc), we used data obtained

from LiMPETS ([40]). LiMPETS data was collected by students from August 2002 to

November 2016 on 29 different beaches along the Californian coast. Crabs were captured

and placed in plastic bags, and those bags were placed in a freeze for more than 4 hours.

The students then thawed and dissected the crabs to count the number of acanthocephalan

parasites present in the midgut of each crab ([40]). In the datasheet, they recorded the

date, the location, the school that collected the data, the total number of crabs, the

prevalence (number of crabs with parasites), the total number of parasites, the percentage

of crabs with parasites, the mean abundance (average number of parasites per crab), and

the intensity (average number of parasites per crabs with parasites). Unfortunately, the

data was not collected periodically, and the number of crabs collected per site is variable.

Therefore, we decided to restrict the data obtained to the Ocean Beach site because it

includes a greater number of observations (n = 110). We calculated and plotted the mean

and the standard error of the percentage of infected crabs per month for an overall pattern.
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Figure 9: Mean and standard error of infected crabs prevalence (LiMPETS data)

During the birds residence time (previous fall) at the coast, parasites perpetually

produce eggs and the likelihood of the crabs being exposed increase until birds leaves.

Consequently, in spring, the percentage of infected crabs observed is higher. The birds

migrate out from the coast but there is still a little residual carryover of eggs produced by

infected birds before their departure. These eggs create new infections in crab population,

therefore increase the prevalence of infected crabs. Once all eggs are removed from the

water (eaten by crabs or destroyed), the percentage of infected crabs reach a maximum

value above 80%. With the removal caused by natural death or predation, the crab

prevalence percentage decreases to almost 40%. In the fall, the birds come back again and

the prevalence of infected crabs starts going up (see Figure 9).

EN-LN Significance T-Test

Before we investigate EN impact on all hosts in our model, it is crucial to check

whether the temperatures in EN and LN are significantly different. We divided the NOAA

data (described earlier) into two categories, El Niño (EN) and La Niña (LN), with two

subcategories, Weak (Wk) and Strong (Strg) in each of them (Table 4). Then, we

computed the mean temperature of each category and subcategory to get an idea about
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their difference.

Table 3: EN and LN temperature differences

Statistic El-Niño La-Niña

Mean 27.53 26.23

Table 4: Difference within and between EN and LN

Parameter Weak EN Strong EN Weak LN Strong LN

Mean 27.37 28.01 26.23 25.50

During EN, the mean temperature of weak episodes is smaller than the mean

temperature of strong episodes (see Table 3). Conversely, the weak episodes have a higher

mean temperature compared to the strong episodes, during LN. Also, we notice

differences between strong EN and strong LN as well as between weak EN and weak LN

(Table 4). Thus, we can conclude that temperatures between and within EN and LN have

different mean values.

We now examine the specific cases of the regular year 1981, the EN year 1982, and

the LN year 1984, which are close to each other. Using the interpolation function between

temperature (in ◦C) and time (in days), we plotted the graphs of these three years to show

the difference in temperatures.
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Figure 10: This figure compares the temperatures in 1981, 1982, and in 1984

In 1982, the temperature mainly increases from 26.6◦C in January to almost 30◦C

in December. During 1981, it increases from 26.4◦C in February, reaches its peak at

27.6◦C in April, and then decreases steadily up to August. On the other hand, in 1984, the

temperature starts at 26.1◦C in January, reaches its peak at 27.4◦C in May, and then

decreases to 25.4◦C on December (Table 10). Thus, we conclude that EN and LN

temperatures behave differently and could result in different impacts on hosts.

Now, to determine whether EN and LN temperatures are significantly different, we

perform another statistical analysis (two-sample t-test) on the four subcategories defined

above.

Our hypothesis for each test is as follows:

HO : µi = µ j

HA : µi , µ j ; where µi and µ j represent the temperature mean value for

subcategories i and j, respectively.

Thus we obtained and sorted the probability value (p-value) for each of the four

t-tests.
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Table 5: Summary of the two-sample t-test

Stat. WkEN vs StrgEN WkLN vs StrgLN StrgEN vs StrgLN WkEN vs WkLN

p-value 2.14 · 10−3 6.39 · 10−7 2.65 · 10−10 8.96 · 10−6

At a significant level α, if the probability value (p-value) of a two-sided test is less

than or equal to α/2, then we reject the null hypothesis (HO). Let consider a 5% level of

significance. Each p-value obtained (Table 5) is less than 0.25, therefore at 5% level of

confidence, we reject the null hypothesis. Thus, all of these four subcategories are

statistically different from each other. The significance tells us that EN and LN may

impact the number of species in our model differently. Now, we can investigate the impact

of EN/LN on the prevalence of infected crabs.

Implementation

Using the parameter values defined in Table 1, we plotted the number of

susceptible and infected birds obtained from our simulation, on the same scale to see the

change in those populations during the migration seasons.
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Figure 11: Number of susceptible and infected birds during migration season

The birds migrate to the coast in the fall, which increases the number of susceptible

birds. Because infected crabs are already there, they become infected and, hence, the

number of susceptible birds decreases. In the meantime, the number of infected birds

increases until there are no new infections and then decreases (see Figure 11). At the

beginning of spring, both the susceptible and infected populations decrease, as most birds

migrate out, and some die (natural death or/and death due to infection). This is similar to

what has been observed [42].

Since the LiMPETS data measured the percentage of infected crabs (observed) on

Ocean Beach, we can assess the relevance of solutions (predicted by the model) to the

model by comparing them. So, we plotted the mean with the standard errors from

LiMPETS data and the percentage of susceptible, exposed, and infected crabs obtained on

the same graph to compare the scenarios.
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Figure 12: Percentage of crab populations from simulation and from observed data

In the summer, when birds are not present, the number of susceptible crabs

increases, while the number of infected crabs decreases due to death and the number of

exposed crabs becomes very small (very few eggs present in the sea). When birds are

present, the susceptible crab population decreases, and then the number of exposed crabs

increases first (due to more eggs produced through the feces of infected birds). After a

delay, due to the parasite development stage from egg to juvenile, the number of infected

crabs increases. Even though the number of exposed crabs goes down, there is still a little

delay until the infection goes down, as the birds leave the coast and as some individuals are

removed through mortality. When bird populations migrate out, approximately 90% of the

crabs are now infected. Thus, there are very few new infections among crabs at this point.

Without birds, the parasite life cycle is broken, and there is no new infection (and no new

exposure) occurring (because no new parasite eggs), allowing crab population to grow

toward its carrying capacity until the birds come back again.

The LiMPETS crab data, represented by the mean value with the standard error

(Figure 9), shows a similar scenario. There is a high number of infected crabs during the
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season when the birds are leaving. The number of infected crabs roughly stays constant

when the birds are absent, and starts going up until the birds arrive again. Our model

seems to match with the pattern of observed infected crabs. Moreover, most of the mean

values of the observed infected crabs are very close to the predicted infected crabs (Figure

12). This tells us that our model captures essential factors related to this biological system.

EN Influence on Infected Crabs Prevalence

Finally, we assessed the influence of EN on the prevalence of infected crabs using

the LiMPETS data described earlier. To the data, we added a column for the temperature

at the time when crabs were collected. Based on the date of collection, we found the

corresponding temperature [80].

For this part of the study, we only used the temperature and the percentage of

infected crabs at the Ocean Beach. Then we split the data again into three: EN, LN and

regular (Reg.) years (Figure 4).

We obtained a regression model and a graph corresponding to each year.

Figure 13: Relationship between infected crab prevalence and the temperature
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The equations of the regression models are:

El Niño years: Y = −5.97 + 2.63 ∗ X ,

Regular years: Y = 31.50 + 1.27 ∗ X , and

La Niña years: Y = 75.54 − 1.93 ∗ X .

Based on the coefficients of the linear regression between the percentage of

infected crabs (Y) and the temperature (X), we have different values for the slope. Now,

we need to check if these coefficients are significantly different from zero. In order to do

that, we run a regression slope test, which is a simple two-sided t-test comparing the slope

of the regression to zero. Our hypothesis is:

HO : slope = 0, and

HA : slope , 0.

Here is a statistical summary of the regression for EN:

Table 6: EN linear regression slope test summary

Variable Coefficient Std Error t-statistic P-value

Intercept -5.975 18.977 -0.314 0.761

Slope 2.63 0.875 3.008 0.017

We obtain a probability value of 0.017 (see Table 6), less than 2.5%. At 5% level

of significance, we reject the null hypothesis. Therefore, the slope is significantly different

from zero. Moreover, we conclude that all slopes are significantly different from each

other. Hence, we conclude that during EN years, the number of infected crabs increases

more rapidly (twice) than during regular years. Conversely, the number of infected crabs

decreases during LN years. This result tells us that whenever temperature gets warmer

than usual, the prevalence of infected crabs increases. However, the infection in the bird
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populations is subject to increase with the abundance of infected crabs along the coast,

therefore temperature rise certainly influences bird abundance. This supports our

hypothesis that El Niño increases the abundance of infected crabs prevalence along the

Californian coast.

Conclusion

Since studies show that warmer temperatures increase the abundance of crabs and

acanthocephalan parasites as well as change the timing of bird migration along the

California coast [2], we investigated the difference in EN/LN temperatures using NOAA

data and found that their mean temperatures are significantly different. Then, we

connected warm temperatures to crab infections by showing that EN strongly increases the

prevalence of crab infections along the coast using LiMPETS data. These two results

support our hypotheses that EN and LN are significantly different and that El Niño

increases the prevalence of infected crabs along the California coast. With a rise in sea

temperature, the abundance of sand crabs and parasites increase, which creates an

opportunity for more predators. As birds arrive at the coast earlier and leave later than

usual, we can argue -only based on these results- that as the number of infected crabs

increases, so will the number of infected birds.
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CHAPTER IV

CONCLUDING REMARKS

El Niño is a natural and complex weather pattern that occurs every two to five years

and results to an increase in the ocean temperatures from the normal in the Pacific Ocean

near the equator [29]. Unfortunately, a small change in temperature leads to enormous

changes in our environment [87]. A recent study showed that temperature change across

seasons and years influenced numerous host-parasite interactions [79]. Also, the change in

the climate is expected to greatly impact the magnitude and frequency of disease

transmission in both wildlife and human populations [81, 82, 83]. However, to develop a

mathematical model of wildlife disease, it is essential to consider seasonal temperature

patterns [84, 85, 79].

In this paper, we first built a mathematical model using a system of differential

equations that relates all hosts in the biological system with temperature-dependent

(parasite development time) as well as time-dependent parameters (e.g., immigration and

emigration at the Californian coast). We used the LiMPETS data [40] and sensitivity

analysis to help parametrize the model. Once the model was built and parametrized, we

investigated its performance through Floquet theory and found out that our nonlinear

model produced stable periodic orbits. Since we expected difference in the impact during

EN years versus none-EN (LN and regular years), we performed statistical analysis on a

data set obtained from NOAA [41] to show the difference in temperatures in EN and LN

years. Then, we performed another statistical analysis on the data from LiMPETS to show

the difference in infected crab prevalence in EN/LN years. As a result, we found that as the

temperature increases, the number of infected crabs increases. Finally, only based on the
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fact that birds spend more time on the coast during warmer temperatures [44] for resting

and food, we made an argument that as the percentage prevalence of infected crab

increases, so will the number of infected birds. Our statistical analyses support our

hypotheses that El Niño and La Niña temperatures have different effects and that El Niño

greatly impacts the prevalence of crab infections from acanthocphalan parasites along the

California Coast.

This model has the potential to provide important information on protecting

seabirds and other marine animals involved in the completion of the acanthocephalan

parasite life cycle, if we are able to connect it to infected birds in El Niño and La Niña

years.

Future Directions

The next step is to connect our mathematical model to the information we have

from crab abundance in EN/LN years. This will probably help us, based on prey/predation

relationship, to connect the model to infected birds and therefore study the direct influence

of El Niño on the abundance of shorebirds along the Californian coast.

In our model, we assumed that temperature is affected only the development of the

parasites from the egg to juvenile stage and that bird migration and crab reproduction are

time-dependent. Birds migrate during specific times in a year. In general, spring migration

begins in March, when it is warmer, and fall migration starts mid-to-late October, when it

starts to get cold [2]. Besides the seasons, these migrations are associated with certain

temperatures. During El Niño, the global temperature is warmer than usual. As a result,

this change influences birds’ migration routes and the annual migration rhythm, and could

shorten or extend their journey [96]. In fact, during EN years, the spring becomes warmer

and even starts earlier in some regions, leading to an earlier arrival and possibly a late

departure of many birds. Hence, we could relate migration to temperature, which could

allow us to alter our approach to bird abundance in the California coast during EN
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episodes.

Another interesting factor that could impact the abundance of the birds is climate

change. EN is known to contribute to an increase in the global temperature, but does

climate change in turn intensify EN episodes? Michael Jarraud, former Secretary-General

of the World Meteorological Organization, said that "This naturally occurring El Niño

event and human-induced climate change may interact and modify each other in ways we

have never before experienced" [86]. With high confidence, scientists predict a rise of the

global temperatures for coming decades. Intergovernmental Panel on Climate Change

(IPCC), an international organization with thousands of scientists from all over the world,

forecasts a rise of 2.5◦ to 10◦ Fahrenheit over the next century [87]. If a positive

relationship between EN and climate change appears to exist, a rapid action should be

taken to protect and conserve migratory birds as well as other temperature-sensitive

animals.
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APPENDIX A

MATHEMATICA CODES

The Mathematica Codes used for the thesis research are below:

∗ Impor t t h e t emp e r a t u r e d a t a from NOAA and name i t temp1950∗

temp1950 = Impor t [ " l o c a t i o n " ] ;

∗ I n t e r p o l a t i n g t h e t emp e r a t u r e d a t a ∗

T = I n t e r p o l a t i o n [ temp1950 ] ;

P l o t [T [ t ] , { t , 0 ,

Length [ temp1950 ] } ,

(∗ NOTE: t i s measured i n months s t a r t i n g t 0 = Jan 1950 ∗)

T i ck s −> {{{0∗12 , "1950"} , {10∗12 , "1960"} , {20∗12 , "1970"}

,{30∗12 , "1980"} , {40∗12 , "1990"} , {50∗12 , "2000"} , {60∗12 ,

"2010"}} , Automat ic } , AxesLabel −> {" Time ( i n days ) " ,

" Tempera tu r e ( i n C e l s i u s ) " } ]

TempYear [ yea r_ ] := I n t e r p o l a t i o n [ Take [ temp1950 , {1 +

( y e a r − 1950)∗12 , 12 + ( y e a r − 1950)∗12 , 1 } ] ]

PlotTempYear [ yea r_ ] := P l o t [ TempYear [ y e a r ] [ t ] ,

{ t , ( y e a r −1950)∗12 , 12 + ( y e a r − 1950)∗12} ,

T i ck s −> {{{ ( y e a r − 1950)∗12 , " Jan "} , {1 + ( y e a r − 1950)

∗12 , " Feb "} , {2 + ( ye a r − 1950)∗12 , "March "} , {3 + ( y e a r

− 1950)∗12 , " Ap r i l " } , {4 + ( y e a r − 1950)∗12 , "May"} ,

{5 + ( y e a r − 1950)∗12 , " June "} , {6 + ( y e a r − 1950)
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∗12 , " J u l y "} , {7 + ( ye a r − 1950)∗12 , "Aug "} , {8 +

( y e a r − 1950)∗12 , " Sep t " } , {9 + ( y e a r − 1950)∗12 ,

" Oct " } , {10 + ( ye a r − 1950)∗12 , "Nov "} , {11 +

( ye a r − 1950)∗12 , "Dec "}} , Automat ic } ,

AxesLabel −> {Time , Temp} ,

AxesOr ig in −> { ( ye a r − 1950)∗12 , Automat ic } ]

∗Def ine Gamma as a f u n c t i o n o f t emp e r a t u r e ∗

March1 = ( 2 / 1 2 ) ∗ 3 6 4 . 2 5 ;

March21 = ( 2 . 7 5 / 1 2 ) ∗ 3 6 4 . 2 5 ;

Oct21 = ( 9 . 7 5 / 1 2 ) ∗ 3 6 4 . 2 5 ;

Nov15 = ( 1 0 . 5 / 1 2 ) ∗ 3 6 4 . 2 5 ;

inmt ime [ t _ ] :=

inmig ( Un i t S t e p [Mod[ t , 3 64 . 2 5 ] − Oct21 ] −

Un i t S t e p [Mod[ t , 3 64 . 2 5 ] − Nov15 ] ) ;

P l o t [ inmt ime [ t ] , { t , 0 , 1∗364 .25} , P lo tRange −> All ,

T i ck s −> {{{0∗364 . 25 / 12 , " Jan "} , {1∗364 . 25 / 12 , " Feb "} ,

{2∗364 . 25 / 12 , "March "} , {3∗364 . 25 / 12 , " Ap r i l " } ,

{ 4∗364 . 25 / 12 , "May"} , {5∗364 . 25 / 12 , " June "} ,

{6∗364 . 25 / 12 , " J u l y "} , {7∗364 . 25 / 12 , "Aug "} ,

{8∗364 . 25 / 12 , " Sep t " } , {9∗364 . 25 / 12 , " Oct " } ,

{10∗364 . 25 / 12 , "Nov "} , {11∗364 . 25 / 12 , "Dec "}} , Automat i c } ] ;

outmt ime [ t _ ] :=

o u tm i g r a t e ( Un i t S t e p [Mod[ t , 3 64 . 25 ] − March1 ] −

Un i t S t e p [Mod[ t , 3 64 . 2 5 ] − March21 ] ) ;

P l o t [ outmt ime [ t ] , { t , 0 , 1∗364 .25} , P lo tRange −> All ,

48



Tick s −> {{{0∗364 . 25 / 12 , " Jan "} , {1∗364 . 25 / 12 , " Feb "} ,

{2∗364 . 25 / 12 , "March "} , {3∗364 . 25 / 12 , " Ap r i l " } ,

{4∗364 . 25 / 12 , "May"} , {5∗364 . 25 / 12 , " June "} ,

{6∗364 . 25 / 12 , " J u l y "} , {7∗364 . 25 / 12 , "Aug "} ,

{8∗364 . 25 / 12 , " Sep t " } , {9∗364 . 25 / 12 , " Oct " } ,

{10∗364 . 25 / 12 , "Nov "} , {11∗364 . 25 / 12 , "Dec "}} , Automat i c } ] ;

gamtemp [ t empe r a t u r e _ ] := ( −2.002 + 0 .216∗ t emp e r a t u r e ) / 1 0 0 ;

P l o t [ gamtemp [ TempYear [ 1 9 5 0 ] [ t ∗ ( 1 2 / 3 6 4 . 2 5 ) ] ] , { t , 0 , 364 . 25} ,

T i ck s −> {{{0∗30 , " Jan . " } , {1∗30 , " Feb . " } , {2∗30 , "March "} ,

{3∗30 ," Apr . " } , {4∗30 , "May"} , {5∗30 , " Jun . " } , {6∗30 , " J u l . " } ,

{7∗30 , "Aug . " } , {8∗30 , " Sep t . " } , {9∗30 , " Oct . " } ,

{10∗30 , "Nov . " } , {11∗30 , "Dec . " } } , Automat i c } ,

AxesLabel −> {" Time ( i n days ) " , " Tempera tu r e ( i n C e l s i u s ) " } ]

/ / Qu i e t

∗Def ine t h e sys tem of d i f f e r e n t i a l e q u a t i o n s ∗

ode1 = sb ’ [ t ] == inmtime [ t ] − outmt ime [ t ]∗ sb [ t ] − mub∗ sb [ t ]

− b e t a ∗ sb [ t ]∗ i n f c [ t ] / ( s c [ t ] + exc [ t ] + i n f c [ t ] ) ;

ode2 = in fb ’ [ t ] == b e t a ∗ sb [ t ]∗ i n f c [ t ] / ( s c [ t ] + exc [ t ]

+ i n f c [ t ] ) − mub∗ i n f b [ t ] − kb∗ i n f b [ t ] ;

ode3 = sc ’ [ t ] == r c ∗ sc [ t ] ( 1 − sc [ t ] / Kc ) − xh i ∗ sc [ t ]∗ i n f b [ t ] ;

ode4 = exc ’ [ t ] == xh i ∗ sc [ t ]∗ i n f b [ t ] −

gamtemp [T[ t ∗ ( 1 2 / 3 6 4 . 2 5 ) ] ] ∗ exc [ t ] ;

ode5 = i n f c ’ [ t ] == gamtemp [T[ t ∗ ( 1 2 / 3 6 4 . 2 5 ) ] ] ∗ exc [ t ]

− muc∗ i n f c [ t ] − kc∗ i n f c [ t ] ;

ode6 = so ’ [ t ] == ro ∗ so [ t ] (1 − so [ t ] / Ko ) −
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rho ∗ so [ t ]∗ i n f c [ t ] / ( s c [ t ] + exc [ t ] + i n f c [ t ] ) ;

ode7 = in fo ’ [ t ] == rho ∗ so [ t ]∗ i n f c [ t ] / ( s c [ t ] + exc [ t ]

+ i n f c [ t ] ) − muo∗ i n f o [ t ] − ko∗ i n f o [ t ] ;

s o l = NDSolve [{ ode1 , ode2 , ode3 , ode4 , ode5 , ode6 , ode7 ,

sb [ 0 ] == 1000 , i n f b [ 0 ] == 100 . , s c [ 0 ] == 1700 ,

i n f c [ 0 ] == 100 . , exc [ 0 ] == 0 . , so [ 0 ] == 1600 ,

i n f o [ 0 ] == 0 . } , { sb [ t ] , i n f b [ t ] , s c [ t ] , exc [ t ] ,

i n f c [ t ] , so [ t ] , i n f o [ t ] } , { t , 0 , 1 0∗364 . 2 5} ] ;

∗ P l o t t h e number o f s u s c e p t i b l e and i n f e c t e d b i r d s ∗

P l o t [ Ev a l u a t e [ { sb [ t ] , i n f b [ t ] } / . s o l ] , { t , 7∗364 .25 ,

8∗364 .25} , P lo tRange −> All , P l o t S t y l e −> {Blue , Red } ,

AxesLabel −> {" Time ( i n day ) " , "Number o f I n f . B i r d s "} ,

P l o tLegend s −> {" Sus . B i r d s " , " I n f . B i r d s " } ]

∗ Impor t t h e d a t a from LiMPETS and c a l c u l a t e mean and

s t a n d a r d e r r o r o f i n f e c t e d c r ab p r e v a l e n c e ∗

CrabPrevPerMoOB = Impor t [ " l o c a t i o n " ] ;

MeanStdError = {{0 . 8335 , 0 . 1665} , {0 . 5558 , 0 .08862133} ,

{0 . 727 , 0} , {0 . 5304 , 0 . 054} , { . 4871 , . 03459} , { . 4224 ,

0 . 0299} , {0 . 403 , . 09375} , {0 . 5314 , . 0 844} , { 0 . 2 , 0}} ;

Needs [ " E r r o rB a r P l o t s ‘ " ] Year = 2 ;

MoMeanStdError = {{{ Year ∗364 .25 + ( 3 6 4 . 2 5 / 1 2 ) ∗ 2 , 0 . 8335} ,

E r r o rBa r [ 0 . 1 6 6 5 ] } , {{Year ∗364 .25 + ( 3 6 4 . 2 5 / 1 2 ) ∗ 3 , 0 . 5558} ,

E r r o rBa r [ 0 . 0 8862133 ] } , {{Year ∗364 .25 + ( 3 6 4 . 2 5 / 1 2 ) ∗ 4 , 0 . 7 2 7 } ,

E r r o rBa r [ 0 ] } , {{Year ∗364 .25 + ( 3 6 4 . 2 5 / 1 2 ) ∗ 5 , 0 . 5304} ,
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Er r o rBa r [ 0 . 0 5 4 ] } , {{Year ∗364 .25 + ( 3 6 4 . 2 5 / 1 2 ) ∗ 6 , . 4871} ,

E r r o rBa r [ . 0 3 4 5 9 ] } , {{Year ∗364 .25 + ( 3 6 4 . 2 5 / 1 2 ) ∗ 7 , . 4224} ,

E r r o rBa r [ 0 . 0 2 9 9 ] } , {{Year ∗364 .25 + ( 3 6 4 . 2 5 / 1 2 ) ∗ 8 , 0 . 403} ,

E r r o rBa r [ . 0 9 3 7 5 ] } , {{Year ∗364 .25 + ( 3 6 4 . 2 5 / 1 2 ) ∗ 9 , 0 . 5314} ,

E r r o rBa r [ . 0 8 4 4 ] } , {{Year ∗364 .25 + ( 3 6 4 . 2 5 / 1 2 ) ∗ 1 0 , 0 . 2 } ,

E r r o rBa r [ 0 ] } } ;

MoTickLabels = {{{ Year ∗364 .25 + ( 3 6 4 . 2 5 / 1 2 ) ∗ 1 , " Feb "} ,

{Year ∗364 .25 + ( 3 6 4 . 2 5 / 1 2 ) ∗ 2 , "Mar "} , {Year ∗364 .25 +

( 3 6 4 . 2 5 / 1 2 ) ∗ 3 , "Apr "} , {Year ∗364 .25 + ( 3 6 4 . 2 5 / 1 2 ) ∗ 4 ,

"May"} , { Year ∗364 .25 + ( 3 6 4 . 2 5 / 1 2 ) ∗ 5 , " Jun "} ,

{Year ∗364 .25 + ( 3 6 4 . 2 5 / 1 2 ) ∗ 6 , " J u l " } , {Year ∗364 .25 +

( 3 6 4 . 2 5 / 1 2 ) ∗ 7 , "Aug "} , {Year ∗364 .25 + ( 3 6 4 . 2 5 / 1 2 ) ∗ 8 ,

" Sep t " } , {Year ∗364 .25 + ( 3 6 4 . 2 5 / 1 2 ) ∗ 9 , " Oct "}} , Automat i c } ;

C r abP r evDa t aP l o t = E r r o r L i s t P l o t [ MoMeanStdError ,

J o i n e d −> Fa l s e , Frame −> { Lef t , Bottom } ,

FrameTicks −> MoTickLabels , P lo tRange −> {Automat ic , {0 , 1}} ,

FrameLabel −> {None , S t y l e ["% I n f Crab " , 12 ,

Fon tFami ly −> " A r i a l " ] } ,

AxesLabel −> {" Time ( i n days ) " , "% I n f . Crabs " } ]

∗ P l o t t h e p e r c e n t a g e o f su s . , exposed and i n f . c r a b s ∗

I n fC r ab = P l o t [ Ev a l u a t e [ { sc [ t ] / ( s c [ t ] + exc [ t ] + i n f c [ t ] ) ,

exc [ t ] / ( s c [ t ] + exc [ t ] + i n f c [ t ] ) ,

i n f c [ t ] / ( s c [ t ] + exc [ t ] + i n f c [ t ] ) } / . s o l ] ,

{ t , 2∗364 .25 , 3∗364 .25} , G r i dL i ne s −> {{} ,

Automat ic } , P lo tRange −> {{750 , 1100} , {0 , 1}} ,
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P l o t S t y l e −> {Blue , Black , Red } ,

P l o tLegend s −> {"% Sus . Crabs " ,"% Exp . Crabs " ,"% I n f . Crabs "} ,

AxesLabel −> {" Time ( i n days ) " , "% of Crabs " } ]

Show [ In fCrab , C r abP r evDa t aP l o t ]

∗ Reg r e s s i o n Model between t emp e r a t u r e and i n f . c r a b s ∗

lm1 = L in e a rMode lF i t [ ENData , x , x ] Normal [ lm1 ]

p1 = Show [ L i s t P l o t [ ENData , P l o t S t y l e −> Red ] ,

P l o t [ lm1 [ x ] , {x , 0 , 30} , P l o t S t y l e −> Red ,

P l o tLegend s −> {EN Years } ] ,

AxesLabel −> { Tempera tu re , I n f . Crabs } , Axes −> True ]

lm2 = L in e a rMode lF i t [ LNData , x , x ] Normal [ lm2 ]

p2 = Show [ L i s t P l o t [ LNData , P l o t S t y l e −> Blue ] ,

P l o t [ lm2 [ x ] , {x , 0 , 30} , P l o t S t y l e −> Blue ,

P l o tLegend s −> {LN Years } ] ,

AxesLabel −> { Tempera tu re , I n f . Crabs } , Axes −> True ]

lm3 = L in e a rMode lF i t [ RegYears , x , x ] Normal [ lm3 ]

p3 = Show [ L i s t P l o t [ RegYears , P l o t S t y l e −> Black ] ,

P l o t [ lm3 [ x ] , {x , 0 , 30} , P l o t S t y l e −> Black ,

P l o tLegend s −> {Reg . Years } ] ,

AxesLabel −> { Tempera tu re , I n f . Crabs } , Axes −> True ]

Show [ p1 , p2 , p3 ]
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APPENDIX B

DATA SUMMARY

Here is the summary of the data from LiMPETS.

Site: Ocean Beach. Total Crabs = 1,749

Table B-1: LiMPETS data summary

Year Total #crabs # Crabs with Parasite Total #Parasites % Inf.Crabs
2002 8.25 3.75 5.50 43.33
2003 19.75 7.50 22.50 40.55
2004 15.36 4.46 17.64 48.20
2005 12.27 6.64 21.64 56.32
2006 6.89 3.33 8.78 44.02
2007 9.29 4.12 12.47 37.77
2008 14.83 6.50 13.67 42.50
2009 6.11 3.00 5.22 41.16
2011 35.50 4.50 4.50 8.80
2012 6.75 4.00 10.25 54.80
2013 20.80 15.50 62.50 75.65
2014 33.44 17.56 54.44 52.51
2015 22.63 12.75 33.75 58.79
2016 30.17 9.33 17.33 29.98

http : //sandybeach.limpets.org/app/data/list
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We sort NOAA data according to EN/LN classification table and we found the

mean and standard deviation (Std. Dev.) for each subcategory.

Table B-2: NOAA data summary sort by EN/LN in oC

Statistic Weak EN Strong EN Weak LN Strong LN
27.14 27.95 25.86 25.57
27.35 27.92 26.23 25.43
27.00 28.17 26.07 25.48
27.41 26.32
27.35 25.99
27.14 26.30
27.71 26.13
27.75 26.37
27.49 26.37

26.49
26.39
26.25

Mean 27.37 28.02 26.23 25.50
Std.Dev. 0.25 0.14 0.18 0.07
hline

http : //sandybeach.limpets.org/app/data/list
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