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ABSTRACT 

Under the increasing threat of climate change, it is imperative to understand the 

impact that environmental phenomena have on the demography and behavior of natural 

populations. In the last few decades an ever increasing body of research has documented 

dramatic changes in mortality rates and breeding phenology for a large number of 

species. A number of these have been attributed to the current trends in climate change, 

which have been particularly conspicuous in bird populations. However, datasets 

associated to these natural populations as well as to the environmental variables that 

affect their biology tend to be partial and incomplete. Thus, ecological research faces the 

urgent need to tackle these questions while at the same time develop inferential models 

that can handle the complex structure of these datasets and their associated uncertainty. 

Therefore, my dissertation research has focused on two main objectives: 1) to understand 

the relationship that demographic rates and breeding phenology of a colony of seabirds 

has with the environment in the context of climate change; and 2) to use and develop 

models that can encompass the complex structure of these natural systems, while also 

extending the process not only to inference but to building predictions. I divided this work 

in three research projects; for the first one I developed a hierarchical Bayesian model for age-

specific survival for long lived species with capture-recapture data that allows the use of 

incomplete data (i.e. left-truncated and right-censored), and builds predictions of years of birth 

and death for all individuals while also drawing inference on the survivorship function. I 

compared this method to more traditional ones and address their limitations and advantages. My 
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second research chapter makes use of this method to determine the age-specific survivorship of 

the Dry Tortugas sooty tern population, and explores the effect of changes in sea surface 

temperature on their cohort mortality rates. Finally, my third research chapter addresses the 

dramatic shift in breeding season experienced by the Dry Tortugas sooty tern colony, the most 

unprecedented shift reported for any bird species. I explore the role of climatic and weather 

variables as triggering mechanisms. 
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1 GENERAL INTRODUCTION 

Earth’s climate is changing faster than the Intergovernmental Panel on Climate 

Change (IPCC 2001) models predicted (Rahmstorf et al. 2007). As a consequence, 

scientists are facing increasing challenges to understand the effect of climate and weather 

factors on the demography and behavior of natural populations in order to quantify the 

risk of extinction associated with climate change (Stenseth et al. 2002, Walther et al. 

2002, Thomas et al. 2004, King 2005). There is clear evidence that the world’s oceans are 

experiencing warming sea-surface temperatures, changing circulation patterns of air and 

ocean currents, and potentially increased frequency and intensity of hurricanes (Levitus et 

al. 2000, Webster et al. 2005). As a result, marine populations are becoming particularly 

vulnerable to global change (IPCC 2001).  

Top predators such as pelagic seabirds rely heavily on ocean productivity and are 

an integral element of marine ecosystems (Polis and Hurd 1996). These species tend to 

breed in colonies that can reach tens of thousands of birds, having a major impact on the 

ocean’s trophic interactions (Furness 1978). Their breeding performance and survivorship 

are tightly linked to fish abundance and recruitment, mediated in turn by bottom-up 

controls of lower trophic levels (Baduini et al. 2001, Frederiksen et al. 2006). These 

lower levels, namely zooplankton and phytoplankton, are highly sensitive to changes in 

sea surface temperature associated with large scale climatic phenomena (Noto and 

Yasuda 1999, Beaugrand et al. 2003). As a result, seabirds have been recognized as 
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sensitive indicators of the impact that climatic fluctuations have on marine ecosystems 

(Bost and Le Maho 1993, Furness and Camphuysen 1997). 

There is compelling evidence that seabird populations can experience dramatic 

declines in breeding success (Hodder and Graybill 1985, Guinet et al. 1998, Jenouvrier et 

al. 2005) and reductions in adult survival (Jones et al. 2002, Oro and Furness 2002, 

Jenouvrier et al. 2003, Grosbois and Thompson 2005, Sandvick et al. 2005) in response 

to changes in local weather variables such as sea surface temperature (SST) and to wide 

climatic phenomena such as the North Atlantic Oscillation (NAO). In general this has 

been attributed to declines in food availability in response to changes in SST (La Cock 

1986, Ainley et al. 1993, Noto and Yasuda 1999, Baduini et al. 2001). In tropical areas, 

juvenile and adult survivorship and their breeding behavior are also threatened by the 

incidence of hurricanes (Robertson 1969, White et al. 1976, Langham 1984, Morris and 

Chardine 1995, Bugoni et al. 2007), which can also reduce recruitment of fish associated 

to coral reefs (Gardner et al. 2005).  

In order to attenuate these environmental pressures, populations can modify their 

breeding phenology by initiating the breeding season at a time when resources are more 

abundant and the risk of mortality is reduced (Cotton 2003, Parmesan and Yohe 2003). 

Birds are particularly sensitivity to these phenomena and, as a consequence, there is 

compelling evidence that such phenological shifts in these species are correlated with 

climatic or weather variables (Cotton 2003, Gjerdrum 2003, Huppop and Huppop 2003, 

Møller et al. 2006). However, by modifying their breeding season in such a way, species 

can incur in phenological miscuing putting at risk their breeding performance and 
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survivorship. Understanding the mechanisms that trigger these phenological responses 

and that influence the demographic rates of natural populations is key not only to deepen 

our understanding of the effects of climate change but also to inform management and 

conservation strategies. 

In that context, to model the demographic rates of long-lived species such as 

seabirds it is fundamental to explore these extrinsic forces, but also to acknowledge that 

they are strongly bound to age effects (Ricklefs 1998). In that sense, a large number of 

projects draw inference on age-specific demographic rates for long-lived seabirds from 

capture-mark-recapture datasets. On the one hand seabirds commonly lack clear age-

related anatomical traits, and on the other most of this datasets have incomplete age 

information for all individuals. As a result, inference on age-related demographic traits is 

either limited to those animals marked at the time they are born and followed thereafter 

(Nisbet 2001), or to modeling only adult individuals by using time since first capture as a 

surrogate for age (Frederiksen et al 2004a). Both approaches have associated important 

sources of error in the estimation of age-specific demographic rates, which have seldom 

been addressed.  

Thus I focused my research on two main objectives: 1) first to understand the 

relationship that demographic rates and breeding phenology of a colony of seabirds has 

with the environment in the context of climate change; and 2) to use and develop models 

that can encompass the complex structure of these natural systems, while also extending 

the process not only to inference but to building predictions. I have divided my 

dissertation into five main sections or chapters; the first being this short introduction 
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which introduces the general context of the dissertation. The following section (Chapter 

II), explains the physical and biotic environment at the Dry Tortugas and in the Eastern 

Gulf of Mexico. The aim is to illustrate the complex ocean, climatic and weather 

conditions of the region. That chapter also introduces the general characteristics of the 

sooty terns, with emphasis on their breeding behavior and phenology. The following 

three sections are research chapters, which I structured following a conventional 

scientific journal format and are written in first person plural, since they represent the 

work of a number of researchers such as my advisor Dr James Clark and the Everglades 

Park Biologists Oron “Sonny” Bass, William B. Roberston, Jr. and his wife Mary J. 

Robertson, which will be included as coauthors when the papers are sent to publication.  

In the first of my research chapters (Chapter 3), I develop a modeling approach to 

study age-specific survivorship for long-lived species from capture-mark-recapture 

datasets. Although this subject has been extensively studied and effective and simple 

models developed (e.g. MARK), its inference remains limited due to the amount of 

incomplete records (i.e. unknown age of a large proportion of individuals) and to the 

inadequate duration of the studies (i.e. most analysis have a large number of right-

censored individuals). The model I propose uses a Bayesian framework to draw inference 

on population level age-specific demographic rates and applies this information to 

reconstruct times of birth and death for individuals with unknown age. I compare this 

method to more traditional ones, namely a model based on the Cormack-Jolly-Seber 

method and maximum likelihood models that use a parametric form for the survivorship 

function, both of which require full knowledge of individual ages. I show that this new 
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model estimates more accurately demographic rates with small sample sizes and large 

uncertainty, while it allows reconstructing entire cohort mortality schedules. In Chapter 

IV, I modify this model and adapt it to the life cycle of the Dry Tortugas sooty tern 

population. With the reconstructed cohort schedules, I found that adult mortality is driven 

first by strong age effects and second by environmental variability in response to food 

shortages promoted by changes in sea surface temperature. Although the model did not 

include these environmental covariates, the variability in the signal of the predicted 

(latent) variables, namely times of birth and death and subsequent cohort mortality tables, 

strongly followed the trajectory of the winter sea surface temperature in the eastern Gulf 

of Mexico. In Chapter V, the third research paper, I explore the influence that 

environmental covariates at different temporal and spatial scales have had on the 

dramatic phenological shift that this colony has undergone (see figure 5.1). I used a 

Bayesian multivariate regression approach to compare models and evaluate their 

predictive accuracy. I found that the phenology of the Dry Tortugas colony is likely 

driven by a combination of environmental cues and the adversity of conditions in 

previous years. I finish this work in chapter VI with some concluding remarks.  
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2 STUDY SITE AND SPECIES 

2.1 Dry Tortugas National Park 

Dry Tortugas National park is located 70 miles west of Key West, Florida (24.6º 

N, 82.4º W, figure 2.1), at the edge of the continental shelf and the eastern limit of the 

Gulf of Mexico. Bounded by the Loop Current, it is formed by a group of dynamic sand 

bars atop seven coral reef beds, some of which have been temporarily destroyed by 

hurricanes to form again years later. Located at the northern limit of the tropical zone, the 

Dry Tortugas is home to the only United States colonies of tropical marine birds such as 

sooty terns (Sterna fuscata), frigate birds (Fregata magnificens), and masked boobies 

(Sula dactylatra).  
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Figure 2.1: Location of the Dry Tortugas National Park in the Gulf of Mexico. 

 

2.2 Ocean dynamics at the Eastern Gulf of Mexico 

The foraging habitat of tropical pelagic birds is extremely patchy and relies 

heavily on current and eddy dynamics (Schealer 2002). Ocean productivity is limited by 

the depth of the pycnocline, which is the result of a thermal division between warm 

surface and cooler, and therefore denser, bottom waters. In the tropics, this pycnocline is 

sharply defined due to the constant warming of the surface by the sun. In most cases, 

vertical mixing of nutrients is limited by the strength of currents and the subsequent eddy 
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formation. Cold core eddies or cyclones (spinning counterclockwise in the northern 

hemisphere) promote vertical transport of nutrients from the bottom of the ocean to the 

surface (upwelling), whereas warm core eddies or anticyclones (spinning clockwise) push 

nutrients to the bottom (downwelling).  

In the Gulf of Mexico, these ocean circulation dynamics are determined by the 

Loop Current, a clockwise influx of warm water from the Caribbean. When it first enters 

the Gulf between the Yucatan shelf and the western end of Cuba, its direction is 

predominantly from south to north (Sturges and Leben 2000). Subsequently it is forced to 

bend almost 90º south by colliding with the continental shelf, after which it flows 

eastward between Cuba and the Florida Keys. This diverted current is commonly known 

as the Florida Current, which becomes the Gulf Stream when it reaches the Atlantic. 

Anti-cyclonic rings separate from the main flow when, after several months, the Loop 

Current has extended far north into the Gulf and becomes unstable. These down-welling 

rings drift westward until they dissipate about one year later (Oey 1996).  
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Figure 2.2: Ocean dynamics at the Eastern Gulf of Mexico associated to the Dry Tortugas. 

Sea Surface Height data (SSH) for January 27
th
 2001, showing the Loop Current (warm colors 

between Cuba and Florida), two anticyclone eddies and the Tortugas eddy. 

During the separation process, a cold ridge that shows cyclonic behavior is 

formed between this last and the Dry Tortugas (Vukovich and Maul 1985, Fratantoni et 

al. 1998). These cyclonic rings move eastward reaching up to 200 km in size and persist 

for about 100 days, entering the Florida Straits through the Dry Tortugas (Lee et al. 

1995). It has been shown that these eddies can remain stationary for 50 to 140 days in the 

Dry Tortugas area, promoted by the formation of anti-cyclonic rings by the Loop Current 

(Fratantoni et al. 1998). These eddies concentrate nutrients and high numbers of larvae 

and juvenile stages of pelagic and reef fish, providing an important source of food for the 

Tortugas area and promoting the establishment of reef fish species (Sponaugle et al. 

2005).   
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Fronts, areas where two water masses collide such as current boundaries and 

eddy-eddy and current-eddy convergence zones, accumulate nutrients and organisms 

(Lima et al. 2002). Although the accumulation of prey is patchy in these areas, high 

densities of foraging seabirds have been found associated to thermal fronts and 

convergence zones (Hoeffer 2000, Weimerskirch et al. 2004).  The Loop Current 

maintains a continuous front around and north of the Dry Tortugas area, which promotes 

concentration of nutrients resulting from the upwelling of its cyclonic rings (Sponaugle et 

al. 2005). Fish larvae concentrate in this convergence zone and, most likely, older stages 

of pelagic fish species. This represents the most probable foraging habitat for the Dry 

Tortugas seabird colonies.  

2.3 Sooty terns 

Sooty terns are medium sized (length 36-45, weight around 200 g; figure 2.3) 

pelagic seabirds that nest in large colonies on small islands and sandbars along the 

Atlantic, Pacific, and Indian oceans (Schriber et al. 2000). Originally widespread, sooty 

terns have been extirpated from many breeding islands due to egg collection, habitat 

alteration, and the introduction of predators such as rats. Their range is typically tropical, 

which means that they do not show specific migratory patterns (Ballance et al. 1997). 

Their flying efficiency allows them to remain airborne for years before reaching sexual 

maturity and to remain at sea in tropical and sub-tropical waters during the non-breeding 

season (Schriber et al. 2000). They rely solely on the ocean for foraging and are known to 

associate with top-predator fish species to locate “patches” of small fish schools (Au and 
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Pitman 1986). During breeding, adults most commonly nest on substrates with sparse 

vegetation (Ashmole 1963, Robertson 1964, Schriber and Ashmole 1970), but less 

commonly nest under dense vegetation, possibly in response to predation (Saliva and 

Burger 1989).  

 

Figure 2.3: Adult sooty tern (Sterna fuscata) at the Dry Tortugas Nal. Park., Florida. 

 

Their breeding season starts when, after a few months “scouting” the area around 

the Dry Tortugas, the terns land on Bush Key and start laying their eggs within days or 

even hours. At the landing date, close to a third of the colony is present, while the rest 

lands during the following two to three weeks (Bass pers comm, Schreiber et al. 2002). 

Commonly they lay a single egg and incubate for a period of 30 days. Around eight to 

nine weeks after hatching, chicks fledge and eventually leave the colony after a couple of 

months. During this time, both parents are involved in incubating the eggs and feeding 

the chicks. The duration of the entire breeding season is fairly constant extending for 

close to 5 months. Due to the close synchrony in the arrivals and the consistency of the 

rest of the breeding phases, which extend in total for about 5 months, the first landing 
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date (LD) is considered the start of the sooty terns’ breeding season, and therefore can be 

used as a reliable proxy to track changes in their breeding phenology. 
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3 METHODS FOR INFERENCE ON AGE-SPECIFIC 

SURVIVORSHIP 

3.1 Introduction 

Understanding how mortality rates change with age is a major goal of 

demographic research. The study of age-related demographic processes in wildlife 

populations is a major topic both in evolutionary biology and ecology (Promislow 1991, 

Ricklefs 1998, Loison et al 1999, Ricklefs and Scheurlein 2001, Williams and Day 2003). 

However, such studies have been limited by the small number of older individuals in 

most wildlife populations (Hayflick 2000, Ricklefs and Scheurlein 2001). This problem is 

also increased by the fact that for species without clear age-related anatomical traits, 

inference on age-related demographic traits is either limited to those animals marked at 

the time they are born and followed thereafter (Nisbet 2001), or to modeling only adult 

individuals by using time since first capture as a surrogate for age (Frederiksen et al 

2004b). Both approaches have associated important sources of error in the estimation of 

age-specific demographic rates, which have seldom been addressed. We present a 

Bayesian modeling approach that includes individuals of unknown age, and we 

demonstrate how it can improve inference on mortality schedules by comparing it with 

traditional maximum likelihood methods.  

Capture-mark-recapture studies, one of the most widespread sampling methods 

for birds and mammals, typically span the lifetimes of few individuals, and ages for a 

large portion of the population are unknown (Frederiksen et al 2004b). Age information 

can be especially low for colonial species much of which have low return rates for pre-
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breeding individuals (Hamer et al 2002). For difficult-to-age populations, an alternative 

for inference on age-specific demographic rates is to use time since first capture as a 

surrogate of age (Aebischer and Coulson 1990, Reed et al 2008). In this case, it is 

assumed that the age at first return (equivalent to maturation time for colonial species, 

particularly seabirds) is the same for all individuals and that all individuals do in fact 

return and are detected. Both assumptions can be inaccurate, because many species vary 

in age at first return (Tacha et al 1989, Ainley et al. 1990, Geissmann 2005), and second, 

in most capture-mark-recapture studies, recapture probability can be low (Nisbet 2001).  

A second method for estimating survivorship when age data are few involves 

limiting the analysis to only those individuals of known age (Frederiksen et al 2004b). 

Commonly, this subset of the population can be small, consisting only of individuals born 

since the study began. For long-lived species, decades might be required before known-

age individuals become a substantial fraction of the population. Yet deaths may be 

observed for all individuals, not just those of known age. The consequences for inference 

of ignoring observations on much of the population are poorly known, because there is 

rarely opportunity to compare estimates against those that might come from more 

complete observations. We could expect the impacts to depend on duration of the study, 

sample size, degree of missingness (i.e. what fraction is of unknown age?), and the 

traditional detection probabilities that must be estimated in capture-mark-recapture 

studies.  

In this study we introduce an approach to more fully exploit data derived from the 

full population and we evaluate in the context of traditional methods. The Cormack-Jolly-
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Seber approach (after Cormack 1964, Jolly 1965, Seber 1965) has been widely used, 

involving products of multinomial distributions for the probability of survival and 

detection. Its success relies in its conceptual simplicity assigning probabilities for all ages 

and recapture histories (Pollock 1981), and in its flexibility to incorporate covariates 

through the use of link functions (Lebreton et al 1992, Pollock 2002). Maximum 

likelihood estimates for parameters and model selection can be easily carried out through 

the use of the computer programs such as MARK (White and Burnham 1999). As we 

mentioned previously, this method can provide estimates of age-specific survivorship 

only for individuals having known ages and only for those ages within the duration of the 

study (Gibbons and Semlitsch 1982, Pugesek et al. 1995, Pistorius et al. 1999). Also, for 

long-lived species, these models require a large number of parameters (one survival 

probability per age), which can complicate optimization and model selection with small 

sample sizes and censored data (Gimenez et al 2003). Models that assume a parametric 

form for the age-dependent survivorship represent an alternative (Ricklefs 2000, Gaillard 

et al 2004, Anderson and Aspanius 2003). Although they are more flexible in predicting 

age-specific survivorship for older ages, they are still limited to known-age individuals. 

Our approach involves hierarchical modeling and imputation of unknown ages, 

together with parameter estimation. The modeling of missing data allows us to combine 

what is known from a large number of partially observed individuals to obtain population 

level estimates of survival. Traditional survival analysis recognizes two types of 

observations, ‘uncensored’, or individuals of known time of death, and ‘censored’, or 

individuals of unknown time of death, but having a known age at censoring.  By applying 
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different likelihoods, this treatment recognizes that both types of observations need 

inclusion and that each contributes different information.  The innovation here involves a 

third type of observation, ‘truncated’, or individuals having unknown birth year and, thus, 

unknown age, a category of observations that can dominate many data sets, but are 

seemingly unusable for estimating age-specific mortality rates. Specifically, by modeling 

both (past) birth years and (future or unknown) death years as latent variables, combined 

with a flexible parametric form for the full population, we can readily admit partial 

observations on individuals of unknown age, extending the types of observations.  

Our analysis includes four different models: 1) a model based on the Cormack-

Jolly-Seber (CJS) approach for known-age individuals; 2) a known-age maximum 

likelihood model (KAM); 3) a known-age Bayesian model (KAB); and 4) an unknown-

age Bayesian model (UAB), or full Bayesian model that uses both, known- and 

unknown-age individuals. The last three models assume a parametric form for the 

survivorship function. We simulated datasets with varying values of detection probability 

and proportions of individuals with known birth and death years. Under these scenarios, 

we assessed the models’ performance for three types of results: a) accuracy and bias in 

parameter estimation; b) accuracy in age distribution; and c) accuracy and bias in age 

estimation. Our results show that within a hierarchical setting, the assimilation of types of 

observations not typically accommodated by a traditional approach can provide more 

powerful inference than traditional methods.  
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3.2 Methods 

3.2.1 Types of capture histories and basic elements of survival 
analysis 

As with many long term capture-mark-recapture projects, at each sampling 

occasion, both newborn and adult individuals are captured and marked for the first time, 

while some previously marked individuals are recaptured. This results in four different 

types of capture histories: a) individuals of known birth and death years (uncensored); b) 

individuals of known birth year and unknown death year (censored); c) individuals of 

unknown birth year and known death year (truncated uncensored); and d) individuals of 

unknown birth and death years (truncated censored) (Figure 3.1). Commonly only types 

a) and b) are used for analyses of age-specific vital rates.   

 

Figure 3.1: Types of capture histories found in capture-mark-recapture studies.  

These include: a) uncensored; b) censored; c) truncated uncensored; and d) truncated censored. 

The black vertical lines represent the start, T1, and the end, T2, of the study. The solid grey lines 

represent the known fate for individual i, which includes the capture history vector ui, and may 

include the years of birth bi and death di, while the dashed grey lines represent the unknown fates. 

The occasions ti and Ti (shown only for case d) represent the first and last time the individuals 

were detected, respectively. 
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Individual capture histories ui are defined as vectors of binary variables which 

represent the event of the individual being detected (captured) or not detected at each 

capture occasion t. Therefore, each element ui,t of this vector can be represented by the 

indicator 





=
capturednotif0

capturedif1
,tiu   

All capture histories ui entail a total number of years that individual i could be 

detected, ni, and a number of years it was actually observed, oi.  

Analysis of age-specific survival is traditionally applied to capture-mark-

recapture datasets by combining models for survival and recapture probability. Let a be 

the age (in years or any unit of time) and Ai be the age at death; this last being simply the 

difference between the time of death and the time of birth (i.e. Ai = di – bi). If we assume 

that the survivorship function does not follow a specific parametric form, it is possible to 

estimate the probability of an individual surviving to age a + da given that it survived to 

a, noted φa = Pr{Ai > a + da | Ai > a}, known as the age-specific survival probability. The 

full model estimates multinomial probabilities for age-specific survival for φa with a = 

{0,…,T2 – T1}, where T1 and T2 are the first and last years of the study, respectively (see 

figure 3.1), together with the probability of recapture for both uncensored and censored 

individuals. This approach is used in the context of the Cormack-Jolly-Seber models 

(Cormack, 1964, Jolly, 1965, Seber, 1965), which we describe in the following section. 

If we assume that the survivorship function is better described with a parametric 

function, then the key elements of a survival model include the age-specific rate of 
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mortality h(a) = Pr{a ≤ Ai < a + da | a ≤ Ai}, where we assume da = 1 year, the 

probability of survival until age a, or survivorship function,  

{ } 



−=< ∫ dxxhAaal

a

i );(expPr=);(
0

θθ  3.1a 

the probability that death occurs before age a,  

);(1}Pr{),;( θλ alaAcaF i −=<=  3.1b 

and the probability density of deaths, 

);();(}Pr{),;( θθλ ahalaAcaf i ===  3.1c 

where θ are parameters to be estimated. In standard survival analysis, individuals 

of both known and unknown age of death contribute to estimates, but in different ways. 

Individuals having known age of death (i.e. uncensored; type a figure 3.1) contribute 

likelihood 3.1c; those for which the time of death could not be recorded (i.e. censored; 

type b figure 3.1) are assigned likelihood 3.1a.  

3.2.2 Models 

We tested four different models: a) Cormack-Jolly-Seber (CJS) for known-age 

individuals; b) known-age maximum likelihood (KAM) with parametric survivorship 

function; c) known-age Bayesian (KAB) with parametric survivorship function; and d) 

unknown-age Bayesian (UAB) with parametric survivorship function. Bellow we 

describe each model.  
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a) Cormack-Jolly-Seber for known-age individuals (CJS) 

The Cormack-Jolly-Seber model (after Cormack, 1964, Jolly, 1965, Seber, 1965) 

involves products of multinomial distributions for the age-specific probability of survival, 

φa, and the detection probability, π. The likelihood for an individual i, L(ui; φ, π), where 

φ = {φ1,…,φa}, is calculated as 
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where δi is an indicator function for uncensored (δi = 1) vs censored (δi = 0) 

individuals. The index βi corresponds to the age at the last time a censored individual was 

detected (Ti – bi), or the year previous to death for uncensored individuals (Ai – 1), and is 

calculated as ii

iiii bTA
δδβ −−−= 1

)()1( .  The index αi is simply the age at the end of the 

study (αi = T2 – bi) applied only to censored individuals.  

This model is fitted using maximum likelihood and the outcome is an estimated 

vector of age-specific survival probabilities φ̂  and an estimated probability of 

detection π̂ . For all the parameters we calculated 95% confidence intervals (see 

Computation section). 
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b) Known-age maximum likelihood model (KAM) 

The following three models assume a parametric form for the survivorship 

function, for which we use the Weibull distribution (Cox and Oakes 1984), with hazard 

function  

1),;( −= ccaccah λλ  3.3 

where λ and c are the rate and shape parameters, respectively. Therefore, the 

likelihood for the survivorship function l(a), the pdf  f(a) for death at age Ai and the cdf 

for death before Ai are 

( )c

i aaAcal )(exp}Pr{),;( λλ −=>=  

( )ccc

i aacaAcaf )(exp}Pr{),;( 1 λλλ −=== −  
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The first is a maximum likelihood model that uses likelihoods is calculated as 
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where parameter δi is an indicator function for uncensored (δi = 1) vs censored (δi 

= 0) individuals, and βi is the age at the last year individual i was detected for censored 

individuals or the age in the year previous to its death (Ai – 1), both calculated as with the 

CJS model. The function f(Ai) is the pdf for mortality at age Ai, as in Equation 3.4b, and 

is used for uncensored individuals, and l(βi) is the survivorship function described by 

Equation 3.4a, applied to censored individuals, both conditioned on the capture histories. 
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The parameter δi is an indicator function for uncensored (δi = 1) vs censored (δi = 0) 

individuals, as with the CJS model. 

As in the previous case, we used maximum likelihood to fit this model, the 

outcomes being parameter estimates for λ̂ , ĉ  and π̂  with their corresponding 95% 

confidence intervals (see Computation section). 

 

c) Known-age Bayesian model (KAB) 

This model still uses only known-age individuals, and thus times of birth bi for all 

individuals are known, while only a fraction of the times of death di are. It builds upon 

the conditional relationships of the Bayesian framework to inform the unknown times of 

death for censored individuals, represented  by the vector b0, and their corresponding 

ages at death (that we note as the vector A0), with the information obtained from the 

individuals with known-age at death (A1), or uncensored.  

The model begins with a joint distribution of unknowns ( )10 ,,,, AuAπλ cp  that 

cannot be analyzed by, say, maximum likelihood, because we would have to specify not 

only all of the multinomial probabilities for possible recapture histories, but also 

convolve the unknown (stochastic) ages. Our hierarchical framework needs only the 

conditionals, recognizing the survival model (represented by λ and c) conditioned on age 

(survival histories) a, summarized by the vector of known ages at death A1,  

( ) ( ) ( )cpcApAcp ii ,,, λλλ ∝  3.6a 
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and the age at death estimates for the A0 individuals, conditioned on the survival 

model (parameters λ and c) and on observations,  

( ) ( ) ( )iiiii ApcApcAp ,,|,, πλλ uu ∝  3.6b 

The first factor on the RHS of equation 3.6b, ( )cAp i ,| λ , is the conditional model 

for unknown ages, which only depends on the year of death—at this second stage of the 

model, the age of death will be estimated for each individual.  

The second factor on the RHS of equation 3.6b corresponds to the data model 

conditioned on age. ( )ii Ap ,πu  brings in the different probabilities for the event ui,t = 0, 

given recapture probability π and the (unknown) true age ai,t ≤ Ai, calculated as 



 −−

∝
otherwise

censoredrightif
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ηπ
πu  3.7 

where ηi is the number of years the individual was not detected between the last 

detection Ti and the end of the study T2. It is calculated as ηi = min[T2,(di – 1)] – (Ti + 1). 

Since we are modeling hierarchically and proposing ages at death, the individual’s 

history requires only the proportionality 

( )cAfcAp iii
i ,)(1),,,|( λπλπ η−∝u  3.8 

The outputs for this model are estimates of ages at death for the A0 (censored) 

individuals, and for the parameters λ̂ , ĉ  and π̂ with 95% credible intervals.  
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d) Unknown-age Bayesian model (UAB) 

This model is built following the same basic structure as the previous model 

(KAB), however it uses both, known- and unknown-age individuals. This means that 

instead of proposing ages of death Ai, we propose unknown birth and death years (bi and 

di).  

Therefore, we can modify equations 3.6a and b as follows 

( ) ( ) ( )cpcdbpdbcp iiii ,,,,, λλλ ∝  

( ) ( ) ( )iiiiiiii dbpcdbpcdbp ,,,|,,,, πλλ uu ∝  

3.9a-b 

where equation 3.9a applies to uncensored individuals and equation 3.9b to all the 

other cases (see Figure 3.1). The data model remains as in equation 3.7 as well as the 

likelihood in equation 3.8, however ηi is now equivalent to the number of years the 

individual was not detected before the first time it was captured ti, and after the last time 

it was detected Ti. It is calculated as 

ηi = (ti – 1) – max[T1,(bi + 1)] + min[T2,(di – 1)] – (Ti + 1)  

As in the previous case, the outputs for this model are estimates for the 

parameters λ̂ , ĉ  and π̂ , and for the birth and death years ( ib̂ and id̂ ), all with 95% 

credible intervals.  

For these last two methods, it is possible to use these estimates ib̂ and id̂ to 

construct cohort tables of live individuals at all years. This facilitates constructing tables 

of cohort mortality and curves of age distributions, all of which have credible intervals 

associated. 
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e) Priors for Bayesian models 

For both KAB and UAB models, we specified joint posteriors for all unknown 

parameters and variables as products of univariate conditional posteriors. These are 

informed by priors for the parameters and latent variables (i.e. unknown bi’s and di’s). 

Thus, we defined a fixed prior for the expected age at death (µp), and normally distributed 

priors for the rate and shape parameters of the Weibull distribution ( ),(~ 2

λλ σµλ N  and 

),(~ 2

ccNc σµ ) truncated at 0 to avoid negative values. We calculated the mean prior for 

the shape parameter µλ by solving the equality [ ] piAE µ=  as follows 
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The conditional posterior for the detection probability π is constructed as the 

product of a Binomial density, which is the likelihood for the number of years an 

individual i is observed (oi) given the number of years it was known or estimated to be 

alive (ni), and a Beta distribution as the prior for π with parameters ρ1 and ρ2. This results 

in conjugate Beta distributions of the form  









−++∝ ∑∑ )();(|),,,|(

=1

2

=1

121 ii

N

i

i

N

i

onoBetap ρρπρρπ no  3.10 



 

 37 

where N is the total number of capture histories and o and n are the vectors of 

number of years observed and not detected, respectively.   

 

3.2.3 Computation 

Models CJS and KAM required a maximum likelihood (ML) framework to 

estimate the parameters. This is accomplished by finding the set of parameters that 

maximize the likelihood functions, L(ui; φ, π) and L(ui; λ, c, π), respectively. Since we 

were not only interested in the point estimates but also in building confidence intervals, 

we used a Metropolis sampling algorithm to explore parameter space.  For a likelihood 

L(ui; θ), where θ represents the model parameters, this form of Monte Carlo sampling is 

based on proposing parameter values θ
(g)

 at the g
th

 step, from a random symmetric 

distribution (commonly Normal) centered on the values accepted in the previous step θ
(g–

1)
 and with a fixed “jump” variance, and evaluating the likelihood ratio (LR) as LR = L(ui; 

θ
(g)

) / L(ui; θ
(g–1)

). This likelihood ratio is then compared to a random variable z drawn 

from a uniform distribution in the interval [0,1]. The proposed parameters are accepted if 

LR > z.  

For models KAB and UAB, posterior distributions for the parameters are obtained 

by sampling using a MCMC scheme known as Gibbs sampling (Gelfand and Smith, 

1990). For conditional posteriors with conjugate distributions, the parameters are sampled 

directly. For non-conjugate conditional posteriors (i.e. the likelihood functions in this 

case), a Metropolis algorithm is used (Clark, 2007).  
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For all models we ran the sampling algorithms for 20,000 steps and discarded the 

initial 10,000 steps (i.e the “burn in”) in order to keep only the converged sequences. We 

thinned the remaining chains to avoid serial autocorrelation keeping ng = 100 values to 

build posterior densities and to estimate credible intervals for the parameters. 

 

3.2.4 Data simulation 

a) Individual age simulation 

To test the performance of the different modeling approaches, we simulated a 

population of a hypothetical long-lived species for which the shape of the survivorship 

curve, the fates of each individual and the recapture probability were known. The aim 

was to generate birth and death years (bi and di, respectively) as well as capture histories 

(ui) for the i
th

 individual in the population.  

We generated each individual’s age at death (Ai) by inverse distribution sampling 

(Clark 2007) from the cdf F(a | λ, c), the probability that death occurs before age a, with 

the parametric form described in equation 3.4c. This is done by drawing a uniform 

random variable xi in the interval [0,1]. The age a that satisfies F(a) ≤  xi < F(a + da) is 

then selected as the value for Ai. To mimic a genuine data-set, those individuals that died 

before the observation window were not included in the analysis. We fixed the values for 

the “true” Weibull parameters at λT = 0.09 and cT = 2. 
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b) Simulation of Capture histories 

Our simulation assumed an “observation window,” defined by T1 and T2, the 

times of start and termination of the study, respectively (Figure 3.1). We fixed this 

observation window to start at T1 = 30, and finish at T2 = 55, this is a 26 year capture-

recapture study. We simulated 21 cohorts, starting from year 25 to year 45, and fixed the 

number of new individuals per year (i.e. cohort) at 40 and 100. This is equivalent to a 

total number of individuals, N = 840 and N = 2100. We chose these two different initial 

numbers of individuals to estimate the effect of sample size on the inference process.  

We simulated each ui by randomly drawing from a binomial distribution with 

probability π (i.e. the recapture probability) and with ni calculated as  

ni = min(di – 1, T2) – max(bi + 1, T1) + 1  

As part of this simulation, we predetermined the proportion of individuals with 

known birth years, pb. We randomly chose without replacement N × (1 – pb) individuals 

for which the bi’s that fell within the observation window were equated to 0, indicating 

unknown year of birth. This means that the total number of individuals with unknown 

year of birth included these as well as all truncated observations. The same procedure 

was used for the proportion of individuals with known death year, pd. Again, the total 

number of unknown years of death included these and all censored observation. 

Since the aim of this analysis was to determine the sensitivity of different models 

to changing values on the recapture probability, π, and on the proportions of individuals 

with known birth and death years (pb and pd), we repeated this procedure for all possible 

combinations of π = (0.25, 0.75), pb = (0.25, 0.75) and pd = (0.25, 0.75). This resulted in 8 
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different simulated datasets that originated from the same population. The differences 

between these depend on the resulting number of individuals with unknown year of birth 

and death and that were never detected. We repeated this entire procedure (from 

generating the initial population to simulate the capture histories) five times for each 

population size (i.e. N = 840 and N = 2100) to account for possible effects on the 

randomization of the data. 

 

3.2.5 Sensitivity to recapture probability and proportion of known 
birth and death years 

We determined the sensitivity of the four models, to different values of recapture 

probability π and of the proportions of individuals with known birth and death years, pb 

and pd respectively. As can be expected, the main issue about only using known age 

individuals is that the sample size ends up being reduced at least to N × pb capture 

histories. Also, low values of π can reduce the sample size by reducing the number of 

years an individual is known to be alive and, moreover, by increasing the likelihood of 

having individuals that are never detected.  

We calculated three measures of model performance: a) accuracy and bias in 

parameter estimation (for KAM, KAB and UAB); b) accuracy in age distribution (for 

CJS, KAB and UAB); and c) accuracy and bias in age estimation (for KAB and UAB). 
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a) Accuracy and bias in parameter estimation 

To determine the accuracy and bias in estimating the parameters, we calculated 

the mean difference between the true parameters and the estimates in the thinned 

sequences derived from the analysis. We calculated the mean and 95% credible (or 

confidence) intervals of the differences for each parametric model and for all the 

combinations simulated.  

 

b) Accuracy in cohort survivorship distribution 

The goal of this analysis was to determine how close these models approached the 

real distribution of cohort survivorships (constructed from the simulated data) under the 

different scenarios. For each of the ng thinned Gibbs steps that resulted from the two 

Bayesian models, we constructed tables with cohorts as columns (year 20 to 55), with 

subscript j, and ages as rows with subscript a. The initial value x0,j for each column (i.e. 

cohort) j in these cohort tables was calculated as the number of individuals estimated and 

known to be born at year j, and each cell xa,j corresponded to the number of individuals in 

cohort j estimated or known to have survived to age a. With this, we calculated the 

proportion of individuals that survived up to age a for each cohort as Sa,j = xa,j / x0,j. The 

proportion Sa is used in non-parametric survival curve analysis as the Kaplan-Meier 

approximation for the survival probability Pr{Ai > a} (Cox and Oakes 1984). We used 

the ng Gibbs steps to calculate the 2.5%, 50%, and 97.5% quantiles for Sa,j for each cohort 

j. With this we constructed “empirical” (based on the simulated data) age distribution 

curves with their 95% predictive intervals for all scenarios and populations sizes. 
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The outputs for the CJS model are the age-specific probability of survival φa to 

age a which can be approximated as the Kaplan-Meir estimator φa = Sa / Sa – da. 

Rearranging terms it is possible to calculate the corresponding Sa values for the CJS 

model as the cumulative product ∏
=

=
a

x

xCJSaS
0

, φ , which makes the results from this model 

comparable to the predicted Sa values from the KAB and UAB.  

 

c) Accuracy and bias in age estimation 

We applied this test only to the KAB and UAB models, since these are the only 

models whose outputs include individual estimates of birth and death years. We 

subtracted each thinned sequence for ib̂ and id̂ and iÂ , from the corresponding values 

from the simulated, but only for those individuals for which these years were unknown. 

We calculated the 2.5%, 50% and 97.5% quantiles of the differences for each. The 50% 

quantile of the difference is expected to be equal to 0, and therefore any deviation from 

this value is a measure of the mean bias. The upper and lower quantiles are used as a 

measure of its magnitude and overall bias. 
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3.3 Results 

3.3.1 Accuracy and bias in parameter estimation 

For both population sizes (N = 840 and N = 2100) the results for this part of the 

analysis were equivalent, the only difference being the sizes of the intervals (being 

shorter for N = 2100). Thus, figure 3.2 only shows the results for N = 840.  

 

 

Figure 3.2: Estimated parameter values for the three parametric models. 

The parameters are: λ, Weibull rate parameter; c, Weibull shape parameter; and π, recapture 

probability, for models KAM, KAB and UAB for a simulated dataset of initial population size N 

= 840. The dots represent the 50% quantile of the estimated value, while the bars are the 2.5% 

and 97.5% quantiles (i.e. 95% interval) for five different simulations. The dashed gray horizontal 

lines represent the true parameter values. Each column of plots represents a scenario based on 

varying: pb, the proportion of individuals with known birth year; pd, the proportion of those with 

known death year; and π, the recapture probability. Each row of plots corresponds to a parameter. 

 

The maximum likelihood model for known-age individuals, KAM, was very 

sensitive to the proportion of individuals with known year of birth (pb). It consistently 
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underestimated the rate and shape parameters (λ and c respectively) when pb was low (i.e. 

0.25), irrespectively of the initial population size (i.e. N = 840 and N = 2100). High 

values of pb automatically increase the sample size, stressing the sensitivity of this model 

to the number of observations. As a result, it overestimated the recapture probability π for 

low values of pb. Thus, with poor datasets (i.e. low sample size and π) this model results 

in a longer lifespan due to the smaller rate of decline in survivorship (i.e. λ) and a flatter 

distribution of ages at death (i.e. due to parameter c). 

In general, both Bayesian models, KAB and UAB performed better in estimating 

the parameters. However, model UAB consistently overestimated the shape parameter c. 

This is the result of the natural truncation of the data more than of an erroneous 

specification of the model. Since this model includes individuals that were born before 

the observation window, those that died at younger ages before the start of the study are 

missing from the dataset, slightly biasing the distribution of ages at death towards older 

ages.  

To confirm this, we ran a simple maximum likelihood estimation over the ages at 

death Ai – this is if all Ai’s in the dataset were known – with likelihood ),;( cAf i λ . We 

concluded that the model was definitely finding the corresponding parameters, 

confirming that the bias was related to the structure of the datasets. It is important to 

stress though, that this bias in the estimation of c was sufficiently small to keep the 

resulting density of ages at death close to the real ones. 

Model KAB performed better in estimating c than UAB since only cohorts that 

were born within the observation window are included in the analysis and thus did not 
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have the problem of the truncated early deaths. Both models were sensitive to the 

recapture probability when estimating λ, however, UAB estimated this parameter more 

accurately than KAB did.   

In figure 3.3 we show that, when the recapture probability is 1 and the proportions 

of known years of birth and death are close to 1, the three models that assume a 

parametric form for the survivorship function (i.e. KAM, KAB and UAB) approach the 

real parameters. The same was found for the CJS model for the estimation of the age-

specific survivorship, φa.  

 

Figure 3.3: Estimates of the Weibull parameters for the simulated dataset with recapture 

probability and proportions of known births and deaths equal to 1 for models KAM, UAB and 

KAB.  

The black dots are the median for the parameter estimates while the vertical bars represent the 

95% CIs. The dotted line represents the parameters used to simulate. 

 

3.3.2 Accuracy in cohort survivorship distribution 

Figure 3.4 shows the results for one of the five simulations for population size N 

= 840. These are shown only for ages 1 to 25, since the CJS model cannot estimate ages 
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beyond the duration of the study. As with the parameter estimation, the resulting cohort 

survivorship curves showed the same trends irrespective of the population sizes for all 

simulations, being different only on the sizes of the credible (and confidence) intervals. 

 

Figure 3.4: Cohort survivorship distribution for models UAB, KAB, and CJS, compared to the 

simulated distribution. 

The simulated distribution is represented by the gray areas in each plot. The dots represent the 

50% quantile of the estimated value, while the bars are the 2.5% and 97.5% quantiles (i.e. 95% 

interval) for one of the five simulations and N = 840. Each column of plots represents a scenario 

based on varying: pb, the proportion of individuals with known birth year; pd, the proportion of 

those with known death year; and π, the recapture probability. Each row of plots corresponds to a 

model. 

In general, model UAB performed best in our estimation of the accuracy in cohort 

survivorship distribution, improving with higher recapture probabilities. Although the 

average distribution for model KAB followed the same trajectory as UAB, its uncertainty 

was higher when the proportion of individuals with known year of birth (pb) was low (i.e. 

small sample size).  
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The CJS model performed poorly in general, and particularly when pb and π were 

low, once again relating the model’s performance to the sample size.  

 

3.3.3 Accuracy and bias in age estimation  

Figure 3.5 shows the results of accuracy and bias in the estimation of years of 

birth bi and death di and of the age at death Ai for the initial population size of N = 2100. 

The estimation for these variables between both Bayesian models differ only in the 

magnitude of the confidence intervals for both population sizes.  

 

Figure 3.5: Difference between real and estimated birth and death years, bi and di, and age at 

death, Ai, for models KAB and UAB. 

Results for the five simulations for N = 2100. The dots represent the 50% quantile of the 

estimated values, while the bars are the 2.5% and 97.5% quantiles (i.e. 95% interval). The dashed 

gray line represents the expected value of the difference (i.e. 0). Each column of plots represents 

a scenario based on varying: pb, the proportion of individuals with known birth year; pd, the 

proportion of those with known death year; and π, the recapture probability. Each row of plots 

corresponds to a year type (i.e. bi, di, and Ai). 
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The estimations of years of birth bi (for UAB) and death di (for both models) were 

particularly sensitive to the recapture probability. This is to be expected, since the 

conditional posterior for these depends on the data model and therefore on π. However, it 

is important to stress that the estimation of ages at death Ai was slightly more accurate 

with model UAB, despite having a larger number of unknowns. 

 

3.4 Discussion 

Our results stress the important limitations that the structure of capture-recapture 

datasets convey when estimating parameters for survival analysis. We showed that 

traditional maximum likelihood methods, namely those based on the Cormack-Jolly-

Seber framework, and those that assume a parametric form for the survivorship function, 

can be highly inaccurate when the species studied has a low recapture probability and 

small population sizes. We demonstrated that it is possible to reduce these errors by 

adopting a hierarchical structure that draws inference from the known years of birth and 

death to inform and predict these for individuals for which these are unknown even when 

the number of known-age individuals and the recapture probability are low. Moreover, 

since unknown years of birth and death are treated as latent variables, their estimation 

allows the reconstruction of entire cohorts. Although the inclusion of these latent 

variables incorporates more sources of uncertainty into the inferential process, the 

magnitude of the resulting credible intervals is negligible in comparison to the accuracy 

of the estimates (see Figure 3.4 as an example). All this shows that the risk of higher 
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uncertainty is counterbalanced by the increased sample size associated to admitting 

truncated data. 

Moreover, the Cormack-Jolly-Seber (CJS) model retrieves the age-specific 

survivorship parameters for advanced ages with some degree of accuracy only when the 

proportion of known ages and the recapture probability are large (see Figure 3.4). This 

brings us back to the original problem of having a small number of older individuals in 

most datasets, which limits the estimation of their age-specific survival under this 

framework (Nisbet 2001). Once again, here we have shown that our method has the 

power to overcome this otherwise unavoidable limitation. 

Despite these clear advantages, a few issues need to be addressed. First, it could 

be argued that since we generated the dataset from a Weibull function, any of the 

parametric models would be better suited for the analysis than the CJS based model. 

However, the CJS models have a flexible structure that should facilitate the estimation of 

age-dependent survival, irrespective of the shape of the survivorship curve. Also, we 

compared the resulting survivorship estimates from the CJS models to the predicted 

distribution of ages that resulted from the two hierarchical Bayesian models and not to 

their resulting parametric survivorship curves. This means that the prediction and 

reproduction of the simulated data is still more accurate within our Bayesian framework 

than the estimation of age-specific survivorship from the CJS models.  

As we mentioned in the results, our hierarchical Bayesian framework slightly 

overestimates the Weibull shape parameter. This is not due an erroneous construction of 

the model, but to the natural truncation of the data, this is, since we are including 
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individuals that were born before the observation window, only those that survived up to 

that point are part of the dataset. This changes the distribution of ages at death from 

which inference is drawn by having a slightly smaller proportion of individuals that died 

at younger ages. However, this only represents a small bias that does not affect greatly 

the estimation of birth and death years as well as the resulting distribution of ages as we 

show in figure 3.4. 

And finally, we recognize that the CJS framework has more flexibility in 

incorporating covariates (Pollock 2002, and see King et al 2006 for an example) when 

compared to parametric models. Although these last can be modified to allocate external 

forcing variables (Clark 2007), the real benefit here relies on extending them within a 

Bayesian framework to be able to reconstruct ages and the associated cohort tables. 

Moreover, this modeling approach has shown that it is capable of detecting external (i.e. 

environmental) forcing on the predicted cohort mortality tables beyond the parametric 

form (Chapter 4).  

Nonetheless, we understand that there are important tradeoffs between using 

traditional models, for which powerful software packages are easily available (e.g. 

MARK; White and Burnham 1999), and developing more complex models that require 

higher conceptual and computational investments. In that sense, the purpose of this 

analysis was to assess under which circumstances (if any) that extra effort became not 

only advisable, but even necessary. As a result, we believe that the investment is worth at 

least when the detection probability and the proportion of known-age individuals are low. 

However, for those willing to invest in developing these models, we stress that the 
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advantages of this hierarchical Bayesian framework are still considerable, irrespective of 

the quality of the datasets. 
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4 SEA SURFACE TEMPERATURE AND SOOTY TERN 

MORTALITY 

4.1 Introduction 

Global warming challenges scientists to understand the impact of climatic factors 

on the demographic rates of natural populations to quantify the risk of extinction 

associated with climate change (Stenseth et al., 2002, Walther et al., 2002). Today there 

is clear evidence that the world’s oceans are experiencing warming sea-surface 

temperatures, changing circulation patterns of air and ocean currents, and potentially 

increased frequency and intensity of hurricanes (Levitus et al. 2000, Webster et al. 2005). 

As a result, marine populations are becoming particularly vulnerable to global change 

(IPCC 2001). Pelagic seabirds are an integral element of marine ecosystems (Polis and 

Hurd 1996), which makes them sensitive indicators of the impact that climatic 

fluctuations have on marine ecosystems (Bost and Le Maho 1993, Furness and 

Camphuysen 1997).  Due to their unique long lifespan, seabirds’ vital rates are likely 

bound by a combination of age effects and environmental forcing. Here we explore the 

age-environment interactions on the survivorship of a colony of tropical seabirds by 

applying an innovative Bayesian model that uses partial capture-recapture information 

and extends inference to the reconstruction of entire cohort trajectories (See chapter 3).  

There is compelling evidence that seabird populations in higher latitudes can 

experience dramatic changes in their demographic rates in response to climatic 

fluctuations such as the North Atlantic Oscillation (NAO) or El Niño Southern 

Oscillation (ENSO), among others (see appendix 1 for an extended account). The most 
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common effects of these on seabird demographic rates are declines in breeding success 

(Hodder and Graybill 1985, Guinet et al. 1998, Jenouvrier et al. 2005) and reductions in 

adult survival (Jones et al. 2002, Oro and Furness 2002, Jenouvrier et al. 2003, Grosbois 

and Thompson 2005, Sandvick et al. 2005). In temperate areas, gradual declines in food 

availability in response to changes in sea surface temperature (SST) are though to result 

in equally gradual increases in seabird mortality (La Cock, 1986, Ainley et al. 1993, Noto 

and Yasuda 1999, Baduini et al., 2001).  

However, in tropical and subtropical species, the relationship between sea surface 

temperature and seabird mortality is unclear (Beadel et al. 2003, Feare and Doherty 

2004). Isolated mortality events have been recorded during extreme ENSO years, 

seemingly in response to food shortages due to anomalous SST (Valle et al. 1987, Ainley 

et al. 1988, Dee Boersma 1998). However, tropical seabirds respond to mild food 

shortages by deserting the breeding grounds, such that no increase in mortality is 

observed. This behavior suggests there could be a tradeoff whereby reduced mortality 

risk comes at the cost of decreasing that year’s reproductive success (Schreiber and 

Schreiber 1984, Anderson 1989, Sydeman et al. 2001). In tropical and sub-tropical 

regions, the effect of extrinsic variables such as SST on adult survival seems to be 

evident only when environmental thresholds or critical values are reached.  

Age structure in long lived species such as seabirds could determine the impact of 

climate variation on survival. Several studies have shown that the rate of survival in 

seabird does not decline exponentially with age, implying potential effects of senescence 

(Ricklefs 1998). Patterns of age-specific mortality in seabirds are of particular interest, as 
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evolutionary theories of aging for this group suggest that their long lifespan and apparent 

low rate of senescence evolved as a response to a low extrinsic mortality rate during early 

adulthood (Williams 1957, Charlesworth 1993, Ricklefs 1998). Several studies of wild 

seabird populations have found different levels of actuarial and reproductive senescence 

(Anderson and Aspanius 2003, Reed et al. 2008), but they have not determined the 

interacting influences of age and environmental factors. There remains no empirical 

support for the hypothesis that extrinsic mortality in young adults directly relates to the 

rate of senescence at older ages. 

Colonial breeding in seabirds has made it possible to assemble intensive, long-

term capture-recapture data that could be used to explore interactions between age and 

environment. However, key aspects of such data can frustrate analysis and inference. For 

example, the annually nesting colony of sooty terns (Sterna fuscata) at the Dry Tortugas 

National Park has been studied for almost five decades, but this species’ longevity, 

coupled with unknown age of most individuals has made it difficult to estimate survival 

schedules and how they are affected by the environment. 

Here we applied the method developed in Chapter 3 to estimate age-specific 

survival from capture-recapture data where many of the individuals are of unknown age. 

Our objectives where: 1) to determine the contribution of age in the sooty tern adult 

survival; 2) to evaluate the impact of the environment in the form of changes in sea 

surface temperature on adult mortality rates for this tropical species; and 3) to determine 

at which ages this environmental variable becomes the driving force of mortality. To 

address these objectives we studied a twenty six year sooty tern capture-recapture dataset 
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gathered during the late 1950s to the early 1980s at the Dry Tortugas National Park. We 

demonstrated that survivorship does not change exponentially with age, and that winter 

sea surface temperature is a major driver of adult mortality for the species, affecting this 

demographic rate linearly mostly after the 8
th

 year of life. 

 

4.2 Methods 

4.2.1 Data collection 

From 1959 to 1980, the Everglades National Park conducted a sooty tern capture-

recapture project on Bush Key, one of the largest sand bars at the Dry Tortugas. The 

original goal was to band 80% of the chicks per year, and capture-recapture as many 

adults as possible. With this dataset, we constructed capture histories for over 100,000 

adult sooty terns and over 300,000 records of birds first banded as chicks, a high 

percentage of which were not recaptured again. We also obtained a dataset of recoveries 

from the Banding Laboratory at Patuxent Wildlife Research Center. This dataset includes 

recoveries on the Dry Tortugas and other locations of birds banded at the Park, with 

reference to the state of the bird at recovery and the stage at first capture.  

We obtained NCEP Reynolds Historical Reconstructed Sea Surface Temperature 

records (Physical Oceanography Distributed Active Archive Center , PO.DAAC, 

available online
1
 ), consisting of monthly global sea surface temperature fields on a 2 

                                                      

1http://podaac.jpl.nasa.gov/products/product118.html 
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degree by 2 degree grid from 1950 to December of 1998 (Reynolds and Smith, 1995). 

We calculated mean early-winter (November-December) sea surface temperature values 

for the eastern Gulf of Mexico, north of the Dry Tortugas (Latitude limits: 25.00° N to 

27.00° N; Longitude limits: 81.00° W to 83.00° W). 

 

4.2.2 Bayesian survival model 

The core of this model is a standard survival analysis, which we combine with 

models for the observational history of an individual, involving a probability of recovery 

during the observation window and probabilities of birth and death years.  Let a be age in 

years and Ai be the age at death for individual i, defined as Ai = di – bi, the difference 

between the years of death di and birth bi. The key elements of a survival model include 

the age-specific rate of mortality 

( ) { }
ii AadaaAadaah ≤+<≤= Pr;θ  

for da = 1 yr, thus having units yr
-1

, the probability of survival until age a, or 

‘survivor function’, 

{ } 



−=> ∫ dxxhaAal

a

i );(expPr=);(
0

θθ  4.1a 

the probability that death occurs before age a,  

( ) { } ( )θθ ;1Pr; alaAaF i −=<=  4.1b 

and the probability density of deaths as a fucntion of age, 
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( ) ( ) ( )θθθ ;;; alahaf =  4.1c 

where θ are parameters to be estimated. Traditional survival analysis makes use of 

these likelihoods to estimate age-specific survivorship by recognizing three categories of 

data: censored, or individuals with known age and death year, to which likelihood 1c is 

applied; uncensored, or individuals with known age but unknown time of death, which 

use likelihood 1a; and left-censored individuals, those that were initially tagged as 

newborns but were never detected again and are assumed to have died sometime before 

reaching the age at maturity (α), a common case with seabirds. These are assigned 

likelihood 1b.  

Two additional categories arise frequently in capture-recapture datasets when 

unknown-age individuals are also tagged, namely: left-truncated uncensored individuals, 

those with unknown age and known death year; and left-truncated censored, for 

individuals with unknown age and death year. These two types of data cannot be modeled 

under a traditional framework. However, as Colchero and Clark (in prep) showed, lack of 

inclusion of truncated observations can incorporate important errors in the estimation of 

demographic rates, and reduce drastically the possibility of constructing entire cohort 

schedules. 

Here we use the Bayesian model from Chapter 2 to extend inference not only to 

the estimation of parameters, but also to predicting the unknown (i.e. latent) years of birth 

and death (bi and di respectively), for truncated and censored observation conditioned on 

their capture histories, ui, and on the information brought up by known-age individuals. 

The model is built in the context of a typical capture-recapture dataset for which the 
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probability (π) of detecting individuals at each sampling occasion is normally less than 1. 

Therefore, for a study that extends within an interval of time [T1,T2], individuals are first 

captured at a time ti > T1, detected or not in the following sampling occasions, until they 

are last recaptured at a time Ti < T2. As a rule we define bi < ti < Ti < di. Then, the data 

consist of individual capture history vectors ui which elements ui,t are the indicator that 

assigns 1 if the individual is detected, and 0 otherwise.  

Since we are modeling two stages, the model for observations ui involves 

recapture probabilities πj and πa for juveniles and adults, respectively. As mentioned 

previously, our approach focuses on estimating bi and di which contain the age 

information required by the model through the equality Ai = di – bi, and are the basis for 

the reconstruction of cohort tables. This hierarchical framework needs only the 

conditionals, recognizing the survival model (with parameters summarized by θ) 

conditional on the vector of known birth and death years and the equivalent ages at death, 

d1 – b1
 
= A1 

( ) ( ) ( ) ( ) ( )θθθθθ pdbppApAp iiii |,|| =∝  4.2a 

and the estimates for the unknown birth and death years d0 – b0 = A0 conditional 

on the survival model (parameters θ) and on observations ui,  

( ) ( ) ( )
iiajiiiii dbpdbpAp ,,,||,,| ππθθ uu ∝  4.2b 

The first factor on the right hand side (RHS) of equation 3.3b is the conditional 

model for the unknown ages, while the second factor represents the data model 

conditioned on age at death. It brings in the different probabilities for the event ui,t = 0, 
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given recapture probabilities πj and πa and the (unknown) true ages at death.  Therefore, 

the model draws inference for the joint posterior of unknowns,  

( ) ),()(),,,|(),,,|(|,,,, ajajajaj ppppp ππθππθππππθ ubdbduudb −∝  4.3 

where b and d represent the vectors for year of birth and death, respectively. The 

two last probabilities on the right hand side (RHS) of equation 4.3 represent prior 

distributions for the survival and detection parameters. A one-stage model would require 

a complex likelihood for age, e.g., a multinomial distribution with a parameter vector for 

all combinations of birth and death years (bi, di) and observational probabilities. 

However, since we are modeling hierarchically, the individual’s history requires only the 

proportionality 
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 4.4a-c 

 where the functions Fj (*), fj (*) and lj (*) are the cdf and density of deaths and 

survival function for juveniles, respectively, with parameter γ, and the exponents δi and ηi 

correspond to the number of years each individual was not detected in its juvenile and 

adult stages.  

Lacking annual data for the juvenile period (very few individuals returned before 

α), we assume a constant mortality rate, with survival function and mortality cdf and pdf  
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γαγα −
el j =);(  

γαγα −− eF j 1=);(  

γαγγ −
eaf j =);(  

4.5a,b,c 

For the adults we use the Weibull distribution (Cox and Oakes 1984) as the 

parametric form for the hazard function 1);( −= ccacah λθ , with fitted parameters θ = (λ, 

c).  Age-dependent mortality exists if c < 1 (decreasing risk with age) and c > 1 

(increasing with age). The corresponding survivor function and density for age at death 

are, respectively, 

( )caal ))((exp=)( αλ −−  

c
acc eacaf ))((1)(=)( αλαλ −−−−  

4.6a-b 

We defined a fixed prior for the expected age at death (µp), and normally 

distributed priors for the log of yearly juvenile mortality ( ),(~ 2

γγ σµγ N ) and for the rate 

and shape parameters of the Weibull distribution ( ),(~ 2

λλ σµλ N  and ),(~ 2

ccNc σµ ). 

The mean prior for the shape parameter (µλ) is calculated by solving the equality 

[ ] piAE µ= for λ (see Table 4.1 for prior parameter definitions).  
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Table 4.1 Prior description and values used for the analysis. 

 

Prior Description Value 

µp Mean age at death 4 

µλ Mean Weibull's rate parameter 0.2298 

σλ
2
 Var. Weibull’s rate paramter 0.1 

µc Mean Weibull's shape parameter 2 

σc
2
 Var. Weibull’s shape paramter 0.1 

µγ Mean for juvenile mortality rate 0.5 

σγ
2
 Var. for juvenile mortality rate 0.1 

ρ1 Shape parameter for detection probability 1 

ρ2 Rate parameter for detection probability 1 

 

The conditional posteriors for the detection probabilities πj and πa are constructed 

as products of Binomial densities, which are the likelihoods for the number of years an 

individual i is observed (oi) given the number of years it was known or estimated to be 

alive (ni = δi for juveniles and ni = ηi for adults), and a Beta distribution as the prior for 

the π’s with parameters  ρ1 and ρ2. This results in conjugate Beta distributions for each 

parameter of the form  
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2
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121 ii
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i

onoBetap ρρπρρπ no  4.7 

where N is the total number of capture histories and o and n are the vectors of 

number of years observed and not detected, respectively. 

 

4.2.3 Computation 

Posterior distributions for the parameters are obtained by Gibbs sampling 

(Gelfand and Smith, 1990). For conditional posteriors with conjugate distributions, the 
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parameters are sampled directly. For non-conjugate conditional posteriors (i.e. the 

likelihood functions in this case), a Metropolis algorithm is used (Clark, 2007). We ran 

the MCMC algorithm for 30,000 steps and discarded the initial 15,000 steps (i.e the 

“burn in”) in order to keep only the converged sequences. We thinned the remaining 

chains to avoid serial autocorrelation keeping 100 values for result exploration and to 

calculate credible intervals. Therefore, the resulting outputs were vectors of independent 

parameters estimates of length 100, and matrices of individual birth and year predictions 

of dimensions n × 100 (n for the number of individuals, and 100 for the number of 

remaining predictions). With these sequences we built posterior densities and estimated 

credible intervals for the parameters and predictive intervals for the year predictions. 

 

4.2.4 Adult Mortality and Sea Surface Temperature 

From the resulting matrices of birth and death years we constructed mortality 

tables for the 1958 to 1965 cohorts, by finding the number of individuals born at each 

year nc, and determining the number alive yc,t during the following years. We calculated 

yearly mortality rates as mc,t = yc,t / yc,t-1. This is equivalent to the predicted mortality rate 

based on the model results, which we calculated as )(/)(1 1−−= ttt alalm . We repeated 

this procedure for each of the 100 sets of predictions (i.e. columns on the matrices of 

birth and death years), having thus 100 matrices of yearly mortality rate per cohort. From 

these we calculated the 2.5%, 50% and the 97.5% quartiles to construct predictive 

intervals for yearly mortality rates.  
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To estimate the influence of winter sea surface temperature (WSST) on the tern’s 

adult yearly mortality rate, we calculated their linear relationship in the interval between 

1970 and 1978 with a simple linear regression for different cohorts. Finally, to determine 

the age after which WSST affected yearly mortality rate, we computed the correlation 

between SST and cohort mortality rate with a 4 year moving window for each of the 100 

predictions for cohorts 1959 to 1962. We chose these cohorts since they covered at least 

10 intervals of 4 years between age at maturity and 1980 when the study ended. We 

expected that the age, or range of ages, at which all cohorts shifted their correlation to 

values close to 1 would indicate the shift from only age effects to environmental effects 

on the adult’s yearly mortality. 

We performed all our analyses on the software package R (R Development Core 

Team 2008).  

 

4.2.5 Sooty tern’s prey species  

To explore the availability of prey items during the winter in the eastern Gulf of 

Mexico we used diet records documented at the Dry Tortugas for different periods since 

1929 to 1995 (Longley, 1929, Longley and Hildebrand, 1941, Potthoff and Richards, 

1970, Hensley and Hensley, 1995, Miller et al., 1994, Browder et al., 1996). Based on 

these data, we found which of the most common fish species in the terns’ diet spawned 

during the early-winter, or were less than 25 cm as adults (Largest prey size as measured 

by Longley and Hildebrand, 1941). We consulted FISHBASE (Froese and Pauly 2007) to 
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obtain information about their distribution and environment during the stage on which 

they had the appropriate size (Appendix 2). 

 

4.3 Results 

4.3.1 Model Results 

All modeled parameters reached convergence after the initial burnin sequence 

(Table 4.2). Our estimate of the rate of mortality for juvenile birds suggests that around 

60 % die every year.  

 

Table 4.2: Mean and 95% credible intervals (CI) for model parameters. 

All values are rounded to the first 4 significant digits. 

Parameter Mean Lower 95% CI Upper 95% CI 

λ 0.295 0.293 0.296 
c 1.174 1.167 1.183 

γ 0.449 0.447 0.450 

πj 0.0179 0.0176 0.0182 

πa 0.345 0.343 0.346 

For the adult birds, the mean and 95% credible intervals for the Weibull shape 

parameter c show that it is different from 1, which suggests that a Weibull distribution is 

more appropriate than the exponential pdf, and thus implies age effects on the adult’s 

mortality rate (Ricklefs 1998). However, the combination of a relatively small value for c 

and large value for the rate parameter λ suggest that mortality is intensifies rapidly at the 

initial years of adulthood and changes at a lower rate after the 6
th

 or 7
th

 year of life 

(Figure 4.1). The age effects on mortality are clearly present along the entire trajectory of 
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mortalities for all cohorts analyzed, but after the initial years of adulthood, mortality 

appears as a combination of age effects and external forcing (Figure 4.1).  

 

Figure 4.1: Estimated mortality rates per cohort for returning birds. 

All graphs are initiated for birds that had already reached 4 years old, the age at maturity. The 

dotted lines show the expected mortality rate as calculated with the estimated parameters. Each 

plot shows the 95% predictive intervals for each cohort’s mortality rate. 
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4.3.2 Influence of Environmental Covariates on Yearly Mortality Rates 

The relationship between winter SST (WSST) and adult yearly mortality rate 

from 1970 to 1978 was strongly linear for all cohorts analyzed (Figure 4.2). At that point 

all the cohorts had reached 8 years of age, which corroborates that the variability around 

the predicted line of mortality rate from the Weibull model in figure 4.2 is caused by 

changes in WSST. In particular, this was concurrent with our analysis of the onset of 

environmental effects on adult mortality, which showed that, for the cohorts analyzed, the 

correlation between WSST and mortality became close to 1 after 8 to 10 years of age 

(Figure 4.3).  
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Figure 4.2: Graphical comparison between early winter Sea Surface Temperature (WSST) and 

adult mortality rate for different cohorts.  

In all cases a regression analysis between mean mortality rate per cohort and winter SST yeilds p 

values < 0.001. 
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Figure 4.3: Four year moving window for the correlation between winter sea surface temperature 

(WSST) and adult mortality rate for cohorts from 1959 to 1962.  

The graphs show the 95% credible intervals of the correlation. The dotted vertical lines show the 

range of years after which the correlation is close to 1. 

4.3.3 Sooty tern prey species 

The studies on the Dry Tortugas sooty tern diets (Longley, 1929, Longley and 

Hildebrand, 1941, Potthoff and Richards, 1970, Hensley and Hensley, 1995, Miller et al., 
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1994, Browder et al., 1996) covered two different periods; the first between 1930 and 

1940, and the second during the 1990’s. These studies showed that 22 species had been 

commonly in their diets at some point. Of these, 5 species recorded before the 1940’s 

were still common in the 1990’s, while 8 species commonly found in the 1940’s were no 

longer recorded in the 1990’s, and 9 species that were even absent in the 1940’s, became 

common in the 1990’s. In the 1940’s the proportion of reef associated fish was 

considerably high, while the latest studies show a general trend towards more pelagic 

species. Only 3 species are small enough so that the sooty terns can take them year-

round, while 5 of those that can only be captured as juveniles are known to spawn in the 

fall or winter. Of all these, only 5 were present in the terns’ diet during the mid 1990’s. 

4.4 Discussion 

4.4.1 Age-specific survivorship for sooty terns 

Our results show that young sooty terns die at an average rate of 60 % every year 

before establishing a definite breeding ground. Concordant to our findings, Robertson 

(1969) found that juvenile sooty terns were highly exposed to hurricanes and tropical 

storms, which translated in massive dieoffs and, to a lower extent, dispersal to other 

colonies. 

Our estimates for the Weibull shape parameter c support the hypothesis that adult 

birds do not die at a constant rate, as proposed originally by Botkin and Miller (1974). 

Moreover, in this colony this vital rate follows a type I survivorship curve, based on the 

nomenclature by Pearl (1928). This means that when reaching sexual maturity, sooty 
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terns’s mortality is at its lowest rate. However, as we mentioned previously, the shape 

parameter c is still considerably close to 1 (although being significantly different from 1), 

which is somewhat compensated by a high rate parameter λ, keeping ages from being 

above 30 or 35 (the older bird we have recorded was 32 years old). Our results are within 

the range of values found in other studies for seabirds (Ricklefs 1998, Anderson and 

Aspanius 2003), and contribute to understand the important variability in age-specific 

survivorship trajectories in this group.  

 

4.4.2 Sooty tern mortality and winter sea surface temperature 

The sooty tern’s breeding season at the Dry Tortugas National Park extends from 

spring to the beginning of the summer, after which they disperse into the Gulf of Mexico 

for the rest of the year (Robertson, 1964, Schriber et al., 2000). A range of evidence 

points to sooty terns from this colony spending the non-breeding season, particularly in 

autumn and winter, in the eastern Gulf of Mexico. During the autumn of 1994, the 

NOAA Southeast Fisheries Science Center recorded large flocks of sooty terns along the 

eastern Gulf of Mexico north of the Dry Tortugas (NOAA, 1994). Conversely, in a 

September-October 2000 survey along the northern coast of the Gulf of Mexico, the same 

group found sooty terns only at the eastern end of that area (NOAA, 2000). Also, at about 

600 kilometers northwest of that area, in the northern Gulf of Mexico, Ribic et al. (1997) 

were unable to find sooty terns in neither autumn nor winter 1992 while performing 
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similar surveys. Although these are isolated years, they are the best confirmation for the 

terns’ location during that part of the non-breeding season. 

Concurrent with this, our results show that early-winter (November-December) 

sea surface temperature in the eastern Gulf of Mexico, north of the Dry Tortugas, had an 

important influence on the terns’ mortality rate. The most likely explanation for this 

relationship is that, during the non-breeding season, warmer SST reduces food supply for 

fish and their larval and juvenile stages in that area, resulting in lower prey availability 

for the terns. Barber and Chavez (1983) found that warmer SST was associated with 

deeper thermocline and surface mixed layer, which translated into lower productivity 

along the Peruvian coast. This same pattern has been found to increase mortality in 

pelagic and coral fish species in tropical and subtropical areas (Ainley et al., 1993, Noto 

and Yasuda, 1999). For example, Noto and Yasuda (1999) found that Winter-Spring sea 

surface temperature had a positive correlation with mortality in postlarval to age 1 

Japanese sardines (Sardinops melanosticus), in the sub-tropical Kuroshi Extension, off 

the coast of Japan. They suspected that nutrient depletion during high SST anomalies was 

the major cause of mortality and low recruitment. These dramatic reductions in fish 

stocks can in turn cause large-scale die offs in seabirds (La Cock, 1986, Baduini et al., 

2001).  

The number of fish species that the sooty terns can take during the winter is 

considerably limited, as we show in appendix 2. However, of these all tuna species were 

either rare or absent from the terns’ diet in the most recent study (Browder et al., 1996), 

possibly as a response to overfishing. This implies that the terns’ diet during the early 
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winter is limited to a few species, making any reduction in their populations a threat to 

the terns’ survival. Unfortunately, we could not find reliable information on the status of 

all these fish species during the 1970’s and therefore we cannot determine the extent to 

which the sooty terns’ food availability in the winter was limited. 

The available evidence on the presence of sooty terns at the eastern Gulf of 

Mexico and the seemingly reduced availability of food in the winter support our 

hypothesis that the Dry Tortugas sooty terns remain around coastal waters during the late 

fall and winter and rely mostly on juvenile stages of pelagic and reef fish. Our results 

show clearly that mortality in this tropical species has a strong relationship with sea 

surface temperature (and thus productivity), as expected in higher latitudes seabird 

species. It is important to point out that this colony is located at the northern end of the 

breeding distribution of the species, which might contribute to these birds being exposed 

to more extreme conditions than those in lower latitudes. Moreover, there is strong 

indication that demographic rates are responsive to changes already underway, as shown 

by the steep change in the start of the breeding season experienced by this colony (see 

chapter 5) in response to winter sea surface temperature and other climatic and weather 

variables. 

4.4.3 Onset of environmental effects on sooty tern adult mortality 

Here we show that sooty tern’s adult mortality rate has strong age and stage 

components. Moreover, we show that although the general trajectory of the tern’s adult 

mortality rate is driven by our predicted age effects, the variability along the predicted 
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line is determine by extrinsic factors, particularly changes in winter sea surface 

temperature (WSST). We demonstrated that this influence of WSST on mortality is 

maintained after all cohorts had reached 8 years of age (Figure 4.3). This could seemingly 

support the assumption that low extrinsic mortality during early adulthood promotes 

lower rates of senescence in older ages, as suggested by evolutionary theories of aging in 

seabirds (Williams 1957, Charlesworth 1993, Ricklefs 1998). However, our data show 

that both factors, aging and environmental variables, determine the trajectories of yearly 

adult mortality rates in sooty terns, and thus the separation between initial low extrinsic-

age-dependent mortality and later extrinsic mortality cannot be clearly established for this 

population; the general trajectory is determined by the predicted aging process, while the 

fluctuations around this trajectory are driven by these extrinsic factors. 

These results not only contribute towards understanding the complex demography 

of sooty terns, but bring reliable estimates of mortality rates for the species and their 

relationship with their environment, which are critical for understanding the contribution 

of environmental events to population dynamics.  
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5 SOOTY TERN PHENOLOGY AND CLIMATE CHANGE 

5.1 Introduction 

In the last few decades, many species of plants and animals have experienced 

large changes in their breeding phenology (Crick et al. 1997, Brown et al. 1999, Cotton 

2003, Parmesan and Yohe 2003). These changes appear commonly in the form of earlier 

breeding dates and, in many cases, have been associated to the current trends in climate 

change (Stenseth et al. 2002, Peñuelas et al. 2002, Root et al. 2003). Particularly for 

birds, a large body of research has documented correlations between such phenological 

shifts and climatic or weather variables (Cotton 2003, Gjerdrum 2004, Huppop and 

Huppop 2003, Møller et al. 2006). Here we analyzed the impact that changes in climate 

and weather variables have on the breeding phenology of the sooty tern colony that nests 

at the Dry Tortugas National Park, which has undergone a dramatic change in the onset 

of their breeding season in the last five decades (Figure 5.1). 

Seabirds undergo strong energetic trade-offs between growth (or maintenance), 

reproduction and survival in order to maximize their fitness (Lack 1954, 1968, Williams 

1966, Ricklefs 1968, Schaffer 1974, Bell 1980, Golet et al. 1998). Strong changes in 

climate and weather variables can dramatically affect resources and conditions at 

breeding, increasing the costs of reproduction (Sanz et al. 2003). These costs are 

amplified during critical phases such as incubation, when parents sustain high energetic 

demands, which in turn are strongly affected by temperature and food availability (Reid 

et al. 2000, Cresswell et al. 2003, Eikenaar et al. 2003, Pendlebury et al. 2004). 
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Theoretically, animal populations can reduce the cost of reproduction by initiating 

the breeding season at a point in which the overlap between resource availability and 

their requirements is maximized, while minimizing adverse conditions. In order to 

achieve this, they may need to rely on environmental cues previous to the breeding 

season (Crick et al. 1997, Frederiksen et al. 2004a). These cues range from local weather 

conditions that have a direct influence on the availability of resources and fine scale 

weather variability, to wider climatic phenomena that affect general weather patterns over 

large areas (Hurrell 1995, Sanz et al. 2003, Roth et al. 2006).  

There are two mechanisms that link the environment with the onset of 

reproduction in birds. The first, which goes beyond the scope of this project, implies a 

physiological response to changes in variables such as photoperiod or surface air 

temperature that trigger hormonal reactions towards reproduction (O’Connor 1978, Hau 

et al. 1998, Gwinner and Scheuerlein 1999). The second, relevant to our work, relates to 

an active “tracking” of changes in resources and conditions previous to the breeding 

season (Cochran & Wikelski 2005). The extent to which individuals and populations can 

react to wide environmental changes depends on their degree of phenotypic plasticity 

(Przybylo et al. 2000, Nussey et al. 2006). Particularly for colonial breeders, this ability 

to adjust their breeding phenology is remarkably constant within populations, which 

promotes higher synchronicity in their responses to their environment (Reed et al. 2006).  

Changes in breeding timing in response to environmental cues suggest a certain 

degree of individual or population level “memory,” and could initially be stimulated by 

the adversity of conditions in previous years. Therefore, it could be expected that the 
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timing of breeding would not only be a function of that year’s environmental cues but 

could also show lagged responses to variables critical to their allocation and consumption 

of energy in previous years. Finding a strong relationship between the onset of the 

breeding season and a combination of these lagged responses and environmental cues 

would provide a mechanistic explanation of the motivation of animal populations to 

modify their breeding patterns. 

Seabirds inhabit areas that are exposed to wide variations in weather conditions, 

and thus these phenological shifts in response to environmental cues have been 

documented for several species (Frederiksen et al. 2004a, Durant et al. 2006, Møller et al. 

2006, Reed et al. 2006). Sooty terns (Sterna fuscata) are tropical seabirds whose 

demography, energetics and breeding phenology are tightly linked to their environment 

(Robertson 1964, Jaquemet et al. 2007, Erwin and Congdon 2007, Colchero et al. in 

progress). The colony that nests at the Dry Tortugas, Florida (Figure 2.1), has undergone 

a dramatic phenological shift in the last 50 years, noted by the change in timing of the 

first landing date (LD), a reliable proxy for the start of the breeding season in this species. 

Since the mid 1800s until the late 1940’s this landing period was considered to be fairly 

constant (Audubon, 1835, Sprunt, 1948). However, a combination of historical 

references, warden reports, and research records clearly show that, since the 1950’s, the 

colony has shifted its breeding season an average of 1.4 days per year, changing the start 

of it from mid April in 1950 to late January today (Figure 5.1). The total change amounts 

to over 3 months, being the most dramatic breeding season shift ever reported for any 

bird species. To our knowledge, the Dry Tortugas colony is the only rookery in the Gulf 
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of Mexico and Caribbean area that has undergone such a steep change. This suggests that 

this behavior has been triggered by factors specifically related to the Dry Tortugas area or 

in general to the north-northeast Gulf of Mexico, where they spend the non-breeding 

season.  

 

Figure 5.1: Yearly start of the breeding season for the Dry Tortugas sooty terns as a function of 

days since January 1
st
. 

 

There are a range of climatic and weather variables that could affect the terns’ 

energy tradeoffs during the breeding and the non-breeding phases. For instance, changes 

in sea surface temperature (SST) can decrease productivity in the nearby areas (Thayer 

and Sydeman 2007), thus limiting foraging success (Erwin and Congdon 2007) and 

affecting breeding phenology (Jaquemet et al. 2007). Surface air temperature (SAT) 

during incubation imposes important constraints to the allocation of energy and 
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reproductive success in birds (Pendlebury et al. 2004). In that sense, the sooty terns’ low 

proficiency at evaporative cooling can become a limiting factor during those critical 

times (MacMillen et al. 1977). In addition, winds can affect upwelling and productivity 

(Rycakzewski and Checkley 2008), which in turn reduces foraging success in pelagic 

seabirds. The North Atlantic Oscillation (NAO) influences wind conditions at a regional 

scale across the Atlantic and nearby land masses (Hurrell 1995). This regional index 

refers to a redistribution of atmospheric mass between the Arctic and the subtropical 

Atlantic, and its variability can produce large changes in surface air temperature, winds, 

storminess and precipitation across the entire region (Hurrell and Deser in press). Finally, 

although no studies have related hurricanes with phenological changes in seabirds, 

hurricanes can have major impacts on tropical seabird colonies (Robertson 1969, White 

et al. 1976, Langham 1984, Morris and Chardine 1995, Bugoni et al. 2007). Based on our 

observations, years with high frequency of intense hurricanes can change the Dry 

Tortugas sooty terns’ breeding behavior by delaying the start of the breeding season and 

reducing the number of breeding pairs for up to two years. 

Here we studied the possible triggering mechanisms for the unprecedented shift in 

the Dry Tortugas sooty terns’ breeding phenology. We explored its relationship with 

local weather variables such as sea surface temperature (SST) and surface air temperature 

(SAT), as well as with wider scale phenomena like the North Atlantic Oscillation (NAO) 

and the incidence of hurricanes in the region. We hypothesized that the onset of the 

breeding period is controlled by two factors: a) environmental cues that anticipate 

resources and conditions for the breeding season; and b) conditions in previous years that 
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could induce physiological stress on the birds and thus implying lagged responses to the 

environment. We applied a Bayesian multiple regression model to assess the relationship 

between environmental covariates and the landing dates, incorporating lags to up to two 

years. 

 

5.2 Methods 

5.2.1 Data collection 

To reconstruct the yearly onset of the breeding season for this colony we 

compiled scientific and warden reports from the Everglades National Park archives, in 

which the yearly sooty terns landing dates (LD) at the Dry Tortugas were recorded. With 

these records, we constructed a database of 55 landing dates from 1907 to 2006. To 

analyze the dataset, we transformed each LD into its equivalent in number of days since 

January 1
st
 (Figure 5.1).  

For the environmental covariates, we obtained monthly Extended Reconstructed 

Sea Surface Temperature data (ERSST; Smith and Reynolds, 2004), between January 

1880 to December 2006 for the eastern Gulf of Mexico coast (Between 85°W - 81°W, 

and 23°N - 31°N). This dataset consist of yearly SST matrices with two by two degree 

cells in degrees Celsius, developed by the National Climate Data Center of the National 

Oceanic and Atmospheric Administration (NCDC-NOAA, available online at 

http://nomads.ncdc.noaa.gov/#climatencdc). We calculated the yearly Winter SST by 

averaging the December and January SST values. We then transformed these values into 
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their corresponding anomaly by subtracting the mean winter SST between 1880 and 

1940. For simplicity, we will refer to the winter SST only as SST. 

We also obtained monthly surface air temperature (SAT) data also in degrees 

Celsius, taken at the Key West International Airport, Florida, between January 1881 and 

December 2006. This dataset was put together by the NASA Goddard Institute for Space 

Studies as part of their surface temperature analysis (GISSTEMP; Hansen et al., 1999). 

We calculated the yearly Fall SAT by averaging the SAT values from September to 

November. We calculated the anomaly for the fall SAT in the same fashion as for the 

winter SST. 

From the National Oceanic and Atmospheric Administration Coastal Services 

Center (available online at http://maps.csc.noaa.gov/hurricanes/download.html) we 

extracted hurricane (HUR) track data for the period between 1900 and 2006 for the Gulf 

of Mexico, the northern Caribbean, and the southeastern coast of the United States 

(Latitude limits: 20.00° N to 30.50° N; Longitude limits: 70.00° W to 90.00° W). To have 

a more localized measure of hurricane intensity in the area of interest, we applied the 

model HURRECON (Boose et al. 2004) to these tracks to calculate local surface wind 

fields at different points in the eastern Gulf of Mexico. The sustained wind velocity (vs) at 

any point x is estimated as 
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where vm is the maximum sustained wind velocity as reported in the hurricane 

tracks file, θ is the clockwise angle between the forward path of the hurricane and a radial 
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line from the hurricane center to point x, vh is the forward velocity of the hurricane, rm is 

the radius of maximum winds (fixed at 75 km), r is the radial distance from the hurricane 

center to point x, and b is the scaling parameter controlling the shape of the wind profile 

curve (fixed at 1.3). We then reclassified the wind velocities at all points into the Saffir-

Simpson Hurricane Scale (Simpson, 1974) as: tropical storms (TS), 50-73 mph; category 

one hurricane (CAT I), 74-95 mph; category two (CAT II), 96-110 mph; category three 

(CAT III), 111-130 mph; category four (CAT IV), 131-155 mph; and category five (CAT 

V), greater than 156 mph. We recorded the number of hurricanes per year for each 

category at each point. We then created an index of impact by multiplying the number of 

hurricanes in each category per year by a scaling factor as: TS = 1; CAT I = CAT II = 2; 

CAT III = CAT IV = CAT V = 3. We used the sum of the scaled values for hurricanes 

categories 1 to 5 as the relative grade of impact per year. We transformed this into a 

binary variable in which years with indices larger than 4 were granted a 1 and 0 

otherwise. To account for a cumulative effect two years previous we added these binary 

indices for years t–1 and t–2, where t refers to the year of landing. 

Finally, we obtain seasonal North Atlantic Oscillation (NAO) Index data provided 

by the Climate Analysis Section, NCAR, Boulder, USA (Hurrell 1995). These are station 

based seasonal indices that measure the principal component (PC) time series of the 

leading EOF sea level pressure anomalies over the Atlantic sector (20-80N, 90W-40E), 

averaged over the four main seasons of the year. We used the summer (June, July, 

August) index for this study.  
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For simplicity, we will use the covariates’ general abreviations (i.e. SST, SAT, 

NAO, and HUR) for their corresponding seasonal indices. Figure 5.2 shows the range of 

values for these covariates from 1880 to 2006. 

 

Figure 5.2: Yearly values of a) winter sea surface temperature anomaly in degrees Celsius (SST); 

b) fall air surface temperature anomaly in degrees Celsius (SAT); c) summer north Atlantic 

oscillation (NAO) index; and d) number of hurricanes (HUR) categories 1 to 5 per year. 
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5.2.2 Analysis 

To test for the influence of the covariates described above on the timing of the 

breeding season we constructed a Bayesian multivariate regression model for the n 

observations as follows 

),0(~ 2
Iε

εXβy

σN

+=
 5.1 

where β is the vector of parameters linking the response variable vector y (i.e. 

landing dates) with the covariates, represented by the design matrix X, and ε is an error 

term vector which is assumed to be normally distributed with covariance matrix σ
2
I. The 

first term for the vector β is the intercept,which corresponds to the expected landing date 

when all covariates are equal to 0. The Bayesian model can then be described by the 

proportionality 

4444 84444 764484476 priors

21

2

Likelihood

22 ),|(),|(),|(),|,( ssIGNNp σσσ β ΛµβIβyXyβ ∝  
5.2 

The last two terms on the right hand side of equation 5.2 are the prior distributions 

for the vector β and for σ
2
, respectively. The distribution for β is assumed to follow a 

multivariate Normal density with mean vector µβ and covariance matrix Λ, while the 

distribution for σ
2
 is inverse gamma with parameters s1 and s2. Since both distributions 

are conjugate with the normal likelihood the corresponding conditional posterior densities 

can be sampled directly from 
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a-b 

In this case we used non-informative priors for both parameters, with µβ = (0,0), 

Λ = 1000 × I, and s1 = s2 = 0.1. We sampled the parameters using a Markov Chain Monte 

Carlo (MCMC) scheme known as Gibbs sampling (Gelfand and Smith, 1990), which in 

this case sampled directly from the distributions in equations 5.3 a and b. We sampled for 

10,000 steps discarding the initial 2000 steps (i.e. burnin) to keep only the converged 

sequences, and thinned the resulting chains to avoid serial autocorrelation keeping only 

100 records from each chain (Clark 2007). Within the Gibbs sampler we also constructed 

predictive distributions for the response variables by sampling a new set of predictive y’s, 

noted 'y , integrated across the posterior densities of the parameters 

∫∫= 222 )|,(),|'()|'( σσσ ddppp βyββyyy  

This integral is evaluated numerically from which the expected predictions are 

calculated as   
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With this we predicted 'y at all G steps of the Gibbs sampler, and then calculate 

the mean and quantiles for each observation to construct predictive intervals. We used 

these predictive distributions for model selection by calculating predictive loss (Dm; 
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Gelfand and Ghosh 1998), which combines a measure of model goodness of fit based on 

the error sum of squares 
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with one of model dispersion (or penalty term), measured as the predictive 

variance   
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The model with the lowest Dm = Gm + Pm, is then selected. This approach has 

advantages over more traditional methods such as the use of Akaike information criterion 

(AIC) in that it does not rely uniquely on a measure of goodness of fit and a penalization 

term, but it evaluates the predictive capabilities of the model and penalizes overfitting 

based on the spread of the predictive distributions (Clark 2007). Thus, relevant covariates 

that could be automatically discarded under a traditional method can still be considered 

as long as their effect is significant. 

To test for the effect of the covariates described above on the start of the breeding 

season, we evaluated 16 models with different combinations of covariates and with lags 

in these of one or two years before breeding. Posterior inference is drawn by calculating 

p-values for each covariate’s effect, evaluated as the proportion of parameter values from 

the thinned Gibbs sampler parameter chains that are above 0 for parameters with positive 

effects or below 0 for those with negative effects. 

 



 

 86 

5.3 Results 

We calculated correlation coefficients between all covariates to determine their 

degree of colinearity. Table 5.1 shows that in fact none of them were strongly correlated. 

However, when we only considered the time before the start of the breeding shift, (from 

1901 to 1945), SAT and NAO were significantly correlated with SST. After the shift, this 

correlation was lost. Also, after the 1940’s SAT increased steeply, reaching its maximum 

rate of increase after 1970 (Figure 5.2). On the other hand, SST showed wider long-term 

fluctuations, reaching its lowest point in the early 1900’s. However, since 1950 SST has 

declined steadily at a constant rate.  

Table 5.1: Correlation coefficients between the covariates used for this study.  

We show the results for the full period (1901 to 2006), and for the period previous to the breeding 

shift (1901 to 1945) and after the shift (1946 to 2006). This threshold was chosen arbitrarily 

based on the data on figure 5.1. SST = winter sea surface temperature, SAT = fall surface air 

temperature, NAO = summer north Atlantic oscillation, HUR = hurricanes. The subscripts refer 

to the time with respect to the breeding year t. Significant correlation between variables are 

outlined in boldface. 

Period Variable SAT  NAO HUR 

      
SST 0.14  0.13 -0.04 

SAT   0.20  0.02 1901:2006 

NAO    -0.04 

      
      

SST 0.43  0.33  0.07 

SAT   0.09 -0.10 1901:1945 

NAO    -0.04 

      
      

SST -0.01  0.00 -0.14 

SAT   0.05  0.06 1946:2006 

NAO    -0.05 

 

When evaluating the relationship between these environmental covariates and 

their corresponding monthly values in the following year, we found that SAT predicts air 
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temperatures from March to November, while SST predicts the following year’s monthly 

SST values from February to July. This means that the combination of both 

environmental covariates jointly predicts SAT and SST from March to July, which fall 

within the range of critical months for the sooty tern breeding season since 1907.  

The summer NAO index shows a strong tendency toward positive values, more 

marked between 1900 and the 1950’s. A positive phase of this index conveys an increase 

in storm number and intensity in the North Atlantic (Mesquita 2006). However, this was 

not reflected in the number of hurricanes (HUR) that affected the area around the Dry 

Tortugas. It is important to note that our measure of hurricane impacts is still quite 

regional and does not encompass the entire extent of the storm activity across the north 

Atlantic, but only a small region in the eastern Gulf of Mexico.  

The model with the lowest predictive loss included SST and SAT for years t–1 

and t–2, where t refers to the year of breeding (Table 5.2). Summer NAO only had an 

effect during t–1, while the cumulative hurricanes were also chosen within this model. 

All of these covariates were highly significant as explanatory variables for the onset of 

breeding for this colony (Table 5.3). The intercept for this model suggests that the 

breeding time in neutral conditions (i.e. all covariates equal to 0) should be between early 

and mid March, and that any deviation from this time is influenced by the chosen 

environmental covariates.  
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Table 5.2: Relative predictive loss values with respect to the best model.  

The chosen model had values Gb = 14261, Pb = 8566, and Db = 22827. The relative values for 

each model m were calculated as Grm = (Gm – Gb) / Gb and Prm = (Pm – Pb) / Pb, while Dr = Gr + 

Pr. Thus, the values on the table show the proportion of decrease in accuracy with respect to the 

best model. The table shows when covariates with 1 year lag (t – 1) or two years lag (t – 2) were 

used. A “+” sign means that the covariate was included and a “–” means it was not. * Hurricanes 

for the 2 year lag represent the cummulative effect of both years. For a description of the 

covariates names see table 5.1. 

t – 1 t – 2 

SST  SAT NAO HUR SST  SAT NAO HUR* 
P G D 

+ + + – + + – + 0 0 0 

+ + + – + + + + 0 0.03 0.03 

+ + + + + + – – 0.06 -0.01 0.05 

+ + + – + + + – 0.07 0.02 0.09 

+ + + – + + – – 0.10 0.02 0.12 

+ + – – + + – + 0.20 0.12 0.32 

+ + – + + + – – 0.21 0.16 0.37 

+ + + + – – – – 0.27 0.17 0.44 

+ + + – – – – + 0.25 0.22 0.47 

+ + – – + + – – 0.32 0.15 0.47 

+ + + – – – + + 0.30 0.22 0.52 

+ + + – – – + – 0.39 0.34 0.73 

+ + – – – – – + 0.43 0.32 0.75 

+ + + – – – – – 0.44 0.33 0.77 

+ + – + – – – – 0.48 0.32 0.80 

+ + – – – – – – 0.55 0.46 1.01 

 

The overall prediction is shown in figure 5.3, where it seems evident that the 

general tendency for the model is consistent with the observed landing dates. However, 

the predictions still show a wide range of uncertainty and, for few years, the model does a 

poor job predicting the landing dates (LD). This could be partly due to the fact that these 

can still be subjected to observation errors, while not accounting for years in which the 

timing of breeding could not be as synchronized as usual due to major environmental 

impacts.  
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Table 5.3: Parameters mean and 95% credible intervals estimated with the selected model.  

For an description of the covariates names see table 5.1. The subscripts refer to the time with 

respect to the breeding year t. 

Quantiles 
Parameter 

Mean 2.5% 97.5% 
P-value 

β0 96.0 89.9 101.1 < 0.0001 

SSTt –1 25.0 19.4 32.1 < 0.0001 

SATt –1 -18.6 -23.6 -11.9 < 0.0001 

NAOt –1 -6.2 -9.2 -3.4 0.0002 

SSTt –2 11.1 6.1 15.1 < 0.0001 

SATt –2 -11.3 -16.2 -5.5 < 0.0001 

HUR t –1,t –2 6.9 2.9 10.6 0.0020 

 

 

Figure 5.3: Model predictions for the yearly landing dates in days since January 1
st
.  

The white line represents the mean prediction while the grey polygons are the 95% credible 

intervals. The black dots are the recorded landing dates. 
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5.4 Discussion 

Here we described the most unprecedented shift in breeding time ever reported for 

any bird species. The Dry Tortugas sooty tern has advanced the onset of the breeding 

season from mid April – early May in the 1940s to late January today. This means that in 

average, the terns advanced their breeding 1.4 days per year, twice as much as the 

steepest shift of 0.76 days per year we found in the literature, for the migratory little 

ringed plover (Charadrius dubius; Cotton 2003). Moreover, such types of shifts are more 

common in species that spend all or part of the year in temperate regions or at higher 

latitudes; up to now there had been little evidence that such steep shifts happen in tropical 

species (see appendix 3).  

Our results strongly suggest that this phenological shift is determined by a range 

of climatic and weather variables that operate at different temporal and spatial scales. 

Some of these act as environmental cues before breeding, while others influence the 

availability of resources and the level of adversity due to extreme conditions in previous 

years. This means that the onset of reproduction in this species has a strong behavioral 

component and is not only determined by physiological reactions to temperature and 

photoperiod, implying a certain level of individual and / or population level “memory.” 

These types of behavioral responses are considered to be mediated by the ability of a 

single genotype to have a rapid phenotipic response to changes in its environment 

(Houston and McNamara, 1992). This mechanism, known as phenotipic plasticity, can 

express itself as an increase in variability in the timing of reproduction (Przybylo et al., 

2000, Nussey et al., 2006). Particularly for colonial breeders, this ability to adjust their 
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breeding phenology is remarkably constant within populations, which promotes a strong 

group selection toward higher synchronicity in their response to their environment (Reed 

et al., 2006). 

Overall, we found that the Dry Tortugas sooty tern phenology is driven by local 

variables, namely sea surface temperature (SST) and surface air temperature (SAT). 

These environmental variables have potential effects over various aspects of the terns’ 

energy tradeoffs before and during the breeding season. As with many other species of 

seabirds (Roth et al. 2006, Erwin and Congdon 2007), the sooty tern’s phenology is 

strongly determined by the availability of food during and after the breeding season. 

Jaquemet et al. (2007) found that the seasonality in the reproduction of sooty tern 

colonies in the Indian Ocean was linked to the occurrence of phytoplankton blooms in the 

area, which in turn were strongly determined by monthly changes in SST. Our results 

show that the Dry Tortugas sooty terns anticipate these conditions by following changes 

in SST in the northeast Gulf of Mexico during the winter previous to the breeding season. 

Concurrent with this, we found that winter SST predicts sea surface temperatures from 

January to July in the following year. 

Also, we found that SAT has a cue role in the terns’ phenology, that is consistent 

with the fact that incubation in birds is constraint by energetic demands, which are in turn 

dramatically influenced not only by food availability but to a large extent by air 

temperature (Reid et al., 2000, Cresswell et al. 2003, Eikenaar et al. 2003). For instance, 

MacMillen et al. (1977) found that sooty terns were not proficient at evaporative cooling 

despite the harsh demands of their environment. Although they concluded that behavioral 
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adjustments could compensate for this limitation in thermoregulation, incubating adults 

have much less freedom to change to more convenient positions and thus incur in strong 

energy expenditures. In that sense, this phenological shift has kept the terns exposed to a 

mean SAT of 24 º C during incubation, compared to a mean 27 º C if incubation would 

still be happening in May. It is important to note that monthly SAT for July to September 

has increased significantly since the early 1900’s to now an average of 1.5º to 2º Celsius 

in total, as measured at the Key West International Airport, Florida.  

A relevant result is the influence that summer NAO has on the onset of the 

breeding season in the following year for this colony. Most studies that relate this 

climatic variable to phenological changes only consider winter NAO, since it is well 

known to have wider variability than the summer index (Hurrell and Deser 2008). We 

interpret this as being a response to harsher conditions in terms of wind and storm 

activity at a regional scale during summer, which are tightly related to the tendency 

towards a positive phase that this index has shown in the decades.  

Related to this is the cumulative effect that hurricanes (HUR) exert on the 

breeding behavior of the birds. To our knowledge, the potential impact of hurricanes in 

phenology has not been reported for any seabird species. It is well known that hurricanes 

increase seabird mortality during anomalous years, while they might have an indirect 

effect through their impacts on coral reefs in the tropics (Gardner et al. 2005). In that 

sense, based on a compilation of diet records for this colony (Longley, 1929, Longley and 

Hildebrand, 1941, Hensley and Hensley, 1995, Miller et al., 1994, Browder et al., 1996) 

We were able to build a table comparing the most common fish species taken by the terns 
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before the 1940’s and during the 1990’s (see appendix 2). We consulted the web database 

FISHBASE (Froese and Pauly 2007) to obtain general information of the species habitat 

and spawning times. It is particularly striking that out 13 common species in their diet 

before the 1940s, 8 were associated to coral reefs, while today their diet has strongly 

shifted toward pelagic species.  

As we mentioned previously, the final model is still limited in terms of its 

predictive power, as shown in figure 5.3, where some of the landing dates fall outside the 

95% predictive intervals. It is important to note that although these LDs are a reliable 

proxy for the start of the sooty tern’s breeding season, its measure can still be subjected 

to observation errors. This LD dataset was put together from many different sources, such 

as accounts of short visits to the Dry Tortugas by researchers from the Audubon Society 

during the 1910s, warden reports in the early and mid 1900s, and more recently, a 

combination of research accounts and park service personnel observations. Thus, 

although the terns’ arrival to the Dry Tortugas is extremely conspicuous, its estimation 

did not follow a precise method. However, this can be solved by modeling the actual 

landing date as a latent variable under a state space framework and therefore 

incorporating this specific source of uncertainty into the model (Clark 2007). Another 

limitation is that the LDs might not account for years in which the timing of breeding 

could not be as synchronized as usual due to major environmental impacts. This was the 

case in 2006 and 2007 after the extremely anomalous hurricane season in 2005. The 

terns’ breeding habitat at the Dry Tortugas was highly disrupted and, as a result, many 

birds did not breed during those years, while others arrived considerably later.  
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In that sense, it is important to consider other potential factors that could influence 

the timing of breeding in sooty terns and for which we could not have precise measures to 

incorporate them into the model. These can include inter- and intra-specific competition 

as well as predation. Particularly with inter-specific competition, sooty terns are known to 

perform poorly when foraging in the same patches as larger species such as frigate birds, 

boobies and petrels (Balance et al. 1997). However, they overcome these negative 

interactions by being remarkably efficient flyers, which allows them to cover long 

distances to find isolated patches of prey without incurring in utterly large energy costs 

(Flint and Nagy 1984). Also, most of the tern’s potential competitors are found year 

round at the Dry Tortugas, some of which breed during the entire year such as frigate 

birds. On the other hand, intra-specific competition for this species happens commonly in 

response to limitations in breeding space (Coulson 2002). However, neither the 

population numbers nor the available breeding area have changed significantly since this 

breeding shift started. In the case of predation, both egg-chick and adult predators either 

winter or are present year round at the Dry Tortugas (Bass pers. comm.), which means 

that this phenological shift has increased the terns’ exposure to predation instead of 

reducing it.  

Although these last mechanisms, namely competition and predation, do not seem 

to be responsible for the shift, their combined effects are still important in influencing the 

terns’ population dynamics in the context of this phenological change. In that sense, the 

presence of potential competitors forces them to forage in more distant and unproductive 

areas, which affects the time they spend incubating and foraging, which in turn influences 
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their daily energetic budget. Also, egg-laying is happening now at a time in which the 

incidence of cold fronts forces them to incubate for longer periods of time in order to 

keep the egg’s temperature within a limited range, bellow which the embryo would die, 

which again imposes important energy demands on the parents.  

This raises an important point in that we cannot establish, with the information at 

hand, to what extent the terns might be incurring in phenological miscuing, this is having 

an inappropriate response to the current trends in climate change, or in phenological 

disjunction, getting out of synchrony with their environment (Crick 2004). It is certain 

that this phenological shift goes beyond the ranges reported for other bird species (see 

table in appendix 3), and could imply that they might be “over-reacting” to their 

environment. On the other hand, sooty terns are not strict yearly breeders, and thus it 

could be considered that they could be shifting to a shorter reproductive cycle, as in a few 

colonies in the Indian Ocean that have non-seasonal breeding cycles (Jaquemet et al. 

2007). However, it does not seem plausible that this colony would be shifting from a 

seasonal to a non-seasonal reproduction since the average time between breeding seasons 

is of 364 ± 16 days (a full year), even when the shift became evident during the second 

half of the last century. 

It is also important to stress that the spatial and temporal resolution of our 

covariates is coarse, and that finer scale processes could have a major role in this shift. It 

is important to stress that this rookery is located at the northern end of the species 

breeding range (Schreiber et al., 2002) and is exposed to unique ocean current and eddy 

dynamics that strongly influence productivity in the area (Fratantoni et al., 1998). Sooty 



 

 96 

terns, as other tropical seabirds are strongly influenced by fine scale change in 

productivity (Roth et al. 2006, Erwin and Congdon 2007). However, in most cases there 

is a strong link between productivity and sea surface temperature, which was one of the 

main drivers of the phenological shift based on our results. Thus considering the large 

temporal extent of our dataset, it is extremely difficult to use finer data that goes back to 

the early 1900. Also, sooty terns are known to cover large extensions even during the 

breeding season to forage, which means that, unless telemetry data or direct observations 

year round are available, it would be unwise to try to narrow the focus the analysis to 

more specific locations. 

Due to their extremely large colonies, marine predators such as sooty terns are a 

critical component of the oceans’ trophic dynamics (Furness 1968, Jaquemet et al. 2005). 

Large populations located at the edges of the species range, such as the Dry Tortugas 

breeding colony, are particularly vulnerable to the current trends in climate change. These 

“boundary” colonies of tropical seabirds have been compared to temperate one in their 

timing of breeding and the adversity of their habitat (Jaquemet et al. 2005). The risk of 

phenological miscuing in such variable environments with increased effects of climate 

change are a major threat to these colonies, as we have noticed with the increased 

predation and threat of cold fronts that the Dry Tortugas sooty terns are facing as a result 

of their shift in breeding schedules. 
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6 CONCLUSION 

6.1 The sooty terns demography and phenology 

The focus of this dissertation has been two fold; first to understand the 

relationship that demographic rates and breeding phenology of a colony of seabirds have 

with their environment; and second, to use and develop models that can encompass the 

complex structure of these natural systems, while also extending the process not only to 

inference but to building predictions. In the context of my first objective I found that the 

availability of resources strongly conditions the survivorship and breeding behavior of 

the Dry Tortugas sooty terns. Moreover, a complex network of environmental cues and 

adversity of conditions in previous years exert a strong influence on the terns’ breeding 

phenology. Such complex interactions can only being studied if inference is built 

portraying the multidimensional structure of such systems, for which I show that the use 

of Bayesian models can simplify this task. 

However, and as I mentioned in Chapter V, the terns’ demography and breeding 

behavior are constantly facing other interactions, making these dynamics extremely 

complex (Figure 6.1). These include an increasing overlap between the terns and their 

predators during the breeding season, which force the terns to develop strategies to 

reduce predation such as “clumped nesting” (Anderson and Hodum 1993), which in turn 

can affect their nesting success. Also, as in many tropical colonies there are a number of 

potential competitors in the Dry Tortugas area, which they are known to avoid by being 

remarkably efficient flyers and covering long distances to find isolated patches of prey 
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without incurring in utterly large energy costs (Flint and Nagy 1984). Complex current 

dynamics coupled with increasing overlap between commercial fisheries and the terns’ 

diet are also at play within this system. 

 

 

Figure 6.1 Range of interactions and variables that can potentially affect the Dry Tortugas sooty 

tern population. 

 

In that sense, the terns’ feeding habitat has been characterized as “patchy and with 

low prey abundance” (Ainley & Boekelheide 1983). Although they require less energy 
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relative to other species for their feeding “expeditions”, variability in the distance to 

productive patches due to complex current dynamics imposed by the Loop Current and 

sustained changes in sea surface temperature, increase the time and energy they spend 

foraging to the detriment of reproduction and chick rearing (Monaghan et al. 1989). In 

addition, seasonal prey availability could be affected by human overexploitation, which 

in turn should increase the degree of “patchiness” and therefore reduce their feeding 

success (Shea and Ricklefs 1996).  

Although some of the mechanisms described above do not seem to be directly 

responsible for their mortality trends and changes in breeding phenology, their combined 

effects are still important in influencing the terns’ population dynamics (Figure 6.1). As 

mentioned above, this breeding season shift has exposed the terns to a greater predation 

pressure, which forces them to increase nest densities under vegetation cover (Saliva and 

Burger 1989) despite their known tendency to nest on open areas (Ashmole 1963, 

Robertson 1964, Schreiber and Ashmole 1970). Hurricanes widely affect vegetation 

cover on the islands which in turn determine the availability of suitable cover for nest 

establishment.  

Simultaneously, the presence of potential competitors forces them to forage in 

more distant and unproductive areas. This affects the time they spend incubating and 

foraging, which in turn influences their daily energetic budget. Egg-laying is happening 

now at a time in which the incidence of cold fronts forces them to incubate for longer 

periods of time in order to keep the egg’s temperature within a limited range, bellow 

which the embryo would die. In conjunction with these interactions, productivity and fish 
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larval and juvenile dispersal in the Dry Tortugas area is known to rely heavily on the 

Loop Current and its subsequent eddy dynamics (Fratantoni et al. 1998, Sponaugle et al. 

2005). This highly seasonal system, together with the pressure induced by commercial 

fisheries, contributes to the “patchiness” of the terns’ feeding range.  

6.2 Final remarks 

Ecological theory has long relied on finding correlations between systems and 

thus concluding causality without clearly proving the existence of a direct relationship. 

Studies of the impact of climate change on the demography and breeding behavior of 

natural populations has thrived by this. Indeed, finding strong correlations may imply that 

we are looking in the right direction, but does not always provide a clear mechanistic 

understanding of the system we are studying. So far ecological research has put a large 

emphasis on inference without evaluating the predictive power of the models; it is likely 

to find significant relationships and still being unable to predict the overall behavior of 

the system.  

Also, and beyond any argument of simplicity, ecological systems are 

characterized by their multidimensional structure, where multiple interactions shape the 

fate of populations, communities and ecosystems. Simplistic assumptions when building 

inference on these systems can only lead to erroneous or inconclusive answers. 

Ecological theory has long relied on the implementation of simplified experiments; 

however, it is becoming common knowledge that natural systems can rarely be 

partitioned to study their components in isolation and still obtain meaningful answers. 
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Natural systems are driven by processes, and thus our inference should reflect our 

understanding of these. Moreover, our inference should openly incorporate the 

uncertainties associated to those things that we are unable to explain, that even the most 

sophisticated models are incapable to resolve. In the context of climate change, when the 

need for answers cannot wait for long term perfected experiments, it is fundamental to 

overcome these limitations by building more sophisticated models that reflect our deeper 

understanding of the processes that shape the demography and behavior of natural 

populations and their inherent sources of uncertainty.  
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APPENDIX 1 

Here I show the result of a literature search for the effects of environmental variables in the demographic rates of seabirds. The 

columns show the common name of the species, the period during which the study was conducted, the region, the climatic or weather 

variables found to affect the demographic rate, the demographic rate affected, the apparent cause, the long-term effect on this rate and 

the reference.  

Common 

name 
Period Region 

Climatic 

variable 

Demogr. 

rate 

Apparent 

cause 

Long-term 

effect 
REF 

Least aukelets 1990-2000 

Aleutian 

Islands, 

Alaska 

North 

Pacific Index 
adult surv 

Variations in 

winter 

zooplankton 

availability 

decrease Jones et al 2002 

Jackass 

penguins 
1901-1983 

Southwest 

coast of 

Africa 

ENSO adult surv food availab decrease La Cock 1986 

Cape 

cormorants 
1901-1983 

Southwest 

coast of 

Africa 

ENSO adult surv food availab decrease La Cock 1986 

Southern 

fulmar 
1963-2002 Antartica 

Sea Ice 

Extent 

Breeding 

success 
food availab decrease 

Jenouvrier et al. 

2005 

Blacked-

legged 

kittiwake 

1986-1997 
Shetland, 

UK 

None 

described 
Survival food availab decrease 

Oro & Furness 

2002 

Southern 

fulmar 
1963-2002 Antartica 

Southern 

oscillation 

Breeding 

success 
food availab decrease 

Jenouvrier et al. 

2005 

snow petrel 1963-2002 Antartica 
Southern 

oscillation 

Breeding 

success 
food availab decrease 

Jenouvrier et al. 

2005 
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Common 

name 
Period Region 

Climatic 

variable 

Demogr. 

rate 

Apparent 

cause 

Long-term 

effect 
REF 

emperor 

penguin 
1963-2002 Antartica 

Southern 

oscillation 

Breeding 

success 
food availab decrease 

Jenouvrier et al. 

2005 

Southern 

fulmar 
1963-2002 Antartica SST adult surv food availab decrease 

Jenouvrier et al. 

2003 

Brandt's 

cormorants 
1982-1983 Oregon ENSO, SST 

Breeding 

success 
food availab decrease 

Hodder & Graybill 

1985 

Pelagic 

cormorants 
1982-1983 Oregon ENSO, SST 

Breeding 

success 
food availab decrease 

Hodder & Graybill 

1985 

pigeon 

guillemot 
1982-1983 Oregon ENSO, SST adult surv food availab decrease 

Hodder & Graybill 

1985 

common mure 1982-1983 Oregon ENSO, SST adult surv food availab decrease 
Hodder & Graybill 

1985 

Brown 

boobies 
1984-2000 

Johnston 

Atoll Central 

Pacific 

ENSO, SST adult surv no effect no effect Beadell et al. 2003 

Northern 

fulmar 
1962-1995 Scotland Winter NAO adult surv food availab decrease 

Grosbois & 

Thompson 2005 

common 

guillemot 
1989-2002 

Northern 

Norway 
SST adult surv food availab decrease 

Sandvick et al. 

2005 

Brünnich’s 

guillemot 
1989-2002 

Northern 

Norway 
SST adult surv food availab decrease 

Sandvick et al. 

2005 

razorbill 1990-2002 
Northern 

Norway 
SST adult surv food availab decrease 

Sandvick et al. 

2005 

Atlantic puffin 1990-2002 
Northern 

Norway 
SST adult surv food availab decrease 

Sandvick et al. 

2005 

black-legged 

kittiwake 
1990-2002 

Northern 

Norway 
SST adult surv food availab decrease 

Sandvick et al. 

2005 

Short-tailed 

shearwaters 
1997-1997 

Southeast 

Bering sea 
SST mass dieoffs food availab decrease Baduini et al. 2001 

Sooty tern 1995-2002 Seychelles 
None 

described 
adult surv no effect constant 

Feare & Doherty 

2004 
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Common 

name 
Period Region 

Climatic 

variable 

Demogr. 

rate 

Apparent 

cause 

Long-term 

effect 
REF 

Atlantic puffin 1984-2002 
Northeast 

Atlantic 
SST adult surv food availab decrease Harris et al. 2005 

Blue petrel 1986-1995 

Southern 

Indian 

Ocean 

SST 
Breeding 

success 
food availab decrease Guinet et al. 1998 
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APPENDIX 2 

Table comparing the Dry Tortugas sooty tern diets before 1940 and during the 1990’s. The labels in the year columns 

correspond to VC = very common; C = common; U = uncommon; VU = very uncommon; and A = absent. The diet data were 

obtained from Longley 1929, Longley and Hildebrand 1941, Potthoff and Richards 1970, Hensley and Hensley 1995, Miller et al. 

1994, and Browder et al. 1996. 

Family Species 
common 

name 

1920 

to 

1941 

1992 

to 

1994 

Max size Environment Importance Spawning 

EXOCOETIDA

E 

Parexocoetus 

brachypterus 

Sailing 

flyingfish 
VC C 20.0 cm pelagic None Year round 

CARANGIDAE Caranx crysos Blue runner C C 70.0 cm 

Reef, juve 

assoc with 

sargassum 

Minor 

June to August 

(South of 

Florida) 

CARANGIDAE Caranx ruber Bar jack C C 59.0 cm Reef Commercial 

March to 

August (in 

Cuba) 

EXOCOETIDA

E 

Cypselurus 

furcatus 

Spotfin 

flyingfish 
C C 35.0 cm Pelagic None No info 

SCOMBRIDAE 
Euthynnus 

alletteratus 
Little tunny C C 122 cm Reef 

Commercial, 

gamefish 

April to 

November 

(Atlantic) 

MONACANTH

IDAE 

Monachanthus 

hispidus 

Planehead 

filefish 
VC U 27.5 cm Reef 

Subsistence 

fishery 
No info 
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Family Species 
common 

name 

1920 

to 

1941 

1992 

to 

1994 

Max size Environment Importance Spawning 

CORYPHAENI

DAE 

Coryphaena 

hippurus 
Dolphin VC VU 210 cm Pelagic 

Highly 

Commercial 

November to 

July (Florida 

Current), 

March to May 

(Cuba) 

CARANGIDAE Caranx latus Horse-eye jack C A 101 cm Reef Minor 
June to August 

(Cuba) 

HERMIRAMPH

IDAE 

Euleptoramph

us velox 

Flying 

halfbeak 
C A 61.0 cm Pelagic Commercial No info 

HERMIRAMPH

IDAE 

Hemiramphus 

brasiliensis 
Ballyhoo C A 55.0 cm Reef Minor No info 

NOMEIDAE 
Psenes 

cyanophrys 

Frecled 

driftfish 
C A 20.0 cm Bathypelagic None No info 

CARANGIDAE 

Selar 

crumenophthal

mus 

Bigeye scad C A 70.0 cm Reef 
Highly 

Commercial 

March to May 

(Cuba) 

CARANGIDAE 
Seriola 

dumerili 

Greater 

amberjack 
C A 190 cm 

Reef, juve 

assoc with 

sargassum 

Minor 
February to 

April 

CLUPEIDAE 
Sardinella 

aurita 

Spanish 

sardine 
VU VC 31.0 cm Reef 

Highly 

Commercial 

September to 

February 

CARANGIDAE 
Uraspis 

secunda 

Cottonmouth 

jack 
VU C 50.0 cm Pelagic Minor No info 

SCOMBRIDAE Auxis spp 

Frigate or 

bullet 

mackerel 

A C 65.0 cm Pelagic 
Highly 

Commercial 

March to 

August (Gulf 

of Mexico) 

CARANGIDAE 
Elegatis 

bipinnulata 

Rainbow 

runner 
A C 180 cm Reef 

Highly 

Commercial 
No info 

SCOMBRIDAE 
Katsuwonus 

pelamis 
Skipjack tuna A C 108 cm Pelagic 

Highly 

Commercial 
Year round 
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Family Species 
common 

name 

1920 

to 

1941 

1992 

to 

1994 

Max size Environment Importance Spawning 

SCOMBRIDAE 
Thunnus 

albacares 
Yellowfin tuna A C 239 cm Pelagic 

Highly 

Commercial 

Peak during 

summer 

SCOMBRIDAE 
Thunnus 

atlanticus 
Blackfin tuna A C 108 cm Pelagic Commercial 

April to 

November 

(Florida), June 

to September 

(Gulf of 

Mexico) 

SCOMBRIDAE 
Thunnus 

thynnus 
Bluefin tuna A C 458 cm pelagic 

Commercial, 

gamefish 
No info 

UID Squid Squid A C         
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APPENDIX 3 

Table of phenological changes due to climatic or weather covariates for birds. The table shows the common name of the 

species, the area where the study was conducted, the starting year and the final year of the study, the slope of the phenological change 

in days per year, the number of days for the shift, the weather or climatic covariate associated to the shift, and the reference.  

Common 

name 
Area 

Phenological 

trait 
From To Slope 

Number of 

days 

Weather 

covariate 
REF 

Cassin's 

auklet 

Central 

California 

current 

system 

Hatching 

date 
1973 2001 0 0 

Seasonal SST 

(+); Seasonal 

upwelling (-) 

Abraham & Sydeman 

2004 Marine Ecology 

Progress Series 274: 

235-250 

Mexican Jay 
Southern 

Arizona 

Date of 1st 

clutch 
1971 1997 0.4 10 

Minimal 

April temp (-

) 

Brown et al 1999 PNAS 

96: 5565-5569 

Common 

Cuckoo 

Breeding in 

UK, 

wintering in 

Africa 

Arrival date 1971 2000 -0.51 -14.79 

Mean Winter 

T in Sub 

Saharan 

Africa (+) 

Cotton 2003 PNAS 100: 

12219-12222 

Common 

Swift 

Breeding in 

UK, 

wintering in 

Africa 

Arrival date 1971 2000 -0.3 -8.7 

Mean Winter 

T in Sub 

Saharan 

Africa (+) 

Cotton 2003 PNAS 100: 

12219-12222 

European 

Turtle-Dove 

Breeding in 

UK, 

wintering in 

Africa 

Arrival date 1971 2000 -0.31 -8.99 

Mean Winter 

T in Sub 

Saharan 

Africa (-) 

Cotton 2003 PNAS 100: 

12219-12222 



 

 

109

Common 

name 
Area 

Phenological 

trait 
From To Slope 

Number of 

days 

Weather 

covariate 
REF 

Little Ringed 

Plover 

Breeding in 

UK, 

wintering in 

Africa 

Arrival date 1971 2000 -0.76 -22.04 

Mean Winter 

T in Sub 

Saharan 

Africa (-) 

Cotton 2003 PNAS 100: 

12219-12222 

Eurasian 

Hobby 

Breeding in 

UK, 

wintering in 

Africa 

Arrival date 1971 2000 -0.04 -1.16 

Mean Winter 

T in Sub 

Saharan 

Africa (+) 

Cotton 2003 PNAS 100: 

12219-12222 

Spotted 

Flycatcher 

Breeding in 

UK, 

wintering in 

Africa 

Arrival date 1971 2000 -0.25 -7.25 

Mean Winter 

T in Sub 

Saharan 

Africa (-) 

Cotton 2003 PNAS 100: 

12219-12222 

Common 

Redstart 

Breeding in 

UK, 

wintering in 

Africa 

Arrival date 1971 2000 -0.09 -2.61 

Mean Winter 

T in Sub 

Saharan 

Africa (-) 

Cotton 2003 PNAS 100: 

12219-12222 

Whinchat 

Breeding in 

UK, 

wintering in 

Africa 

Arrival date 1971 2000 0.07 2.03 

Mean Winter 

T in Sub 

Saharan 

Africa (-) 

Cotton 2003 PNAS 100: 

12219-12222 

Northern 

Wheatear 

Breeding in 

UK, 

wintering in 

Africa 

Arrival date 1971 2000 -0.37 -10.73 

Mean Winter 

T in Sub 

Saharan 

Africa (-) 

Cotton 2003 PNAS 100: 

12219-12222 

Sand Martin 

Breeding in 

UK, 

wintering in 

Africa 

Arrival date 1971 2000 -0.58 -16.82 

Mean Winter 

T in Sub 

Saharan 

Africa (+) 

Cotton 2003 PNAS 100: 

12219-12222 

Barn 

Swallow 

Breeding in 

UK, 

wintering in 

Africa 

Arrival date 1971 2000 -0.44 -12.76 

Mean Winter 

T in Sub 

Saharan 

Africa (+) 

Cotton 2003 PNAS 100: 

12219-12222 
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Common 

name 
Area 

Phenological 

trait 
From To Slope 

Number of 

days 

Weather 

covariate 
REF 

Northern 

House Martin 

Breeding in 

UK, 

wintering in 

Africa 

Arrival date 1971 2000 -0.67 -19.43 

Mean Winter 

T in Sub 

Saharan 

Africa (-) 

Cotton 2003 PNAS 100: 

12219-12222 

Common 

Grasshopper-

Warbler 

Breeding in 

UK, 

wintering in 

Africa 

Arrival date 1971 2000 -0.27 -7.83 

Mean Winter 

T in Sub 

Saharan 

Africa (-) 

Cotton 2003 PNAS 100: 

12219-12222 

Sedge 

Warbler 

Breeding in 

UK, 

wintering in 

Africa 

Arrival date 1971 2000 -0.23 -6.67 

Mean Winter 

T in Sub 

Saharan 

Africa (-) 

Cotton 2003 PNAS 100: 

12219-12222 

Eurasian 

Reed-

Warbler 

Breeding in 

UK, 

wintering in 

Africa 

Arrival date 1971 2000 -0.31 -8.99 

Mean Winter 

T in Sub 

Saharan 

Africa (-) 

Cotton 2003 PNAS 100: 

12219-12222 

Willow 

Warbler 

Breeding in 

UK, 

wintering in 

Africa 

Arrival date 1971 2000 -0.07 -2.03 

Mean Winter 

T in Sub 

Saharan 

Africa (-) 

Cotton 2003 PNAS 100: 

12219-12222 

Garden 

Warbler 

Breeding in 

UK, 

wintering in 

Africa 

Arrival date 1971 2000 -0.03 -0.87 

Mean Winter 

T in Sub 

Saharan 

Africa (-) 

Cotton 2003 PNAS 100: 

12219-12222 

Common 

Whitethroat 

Breeding in 

UK, 

wintering in 

Africa 

Arrival date 1971 2000 -0.23 -6.67 

Mean Winter 

T in Sub 

Saharan 

Africa (-) 

Cotton 2003 PNAS 100: 

12219-12222 

Lesser 

Whitethroat 

Breeding in 

UK, 

wintering in 

Africa 

Arrival date 1971 2000 0.02 0.58 

Mean Winter 

T in Sub 

Saharan 

Africa (-) 

Cotton 2003 PNAS 100: 

12219-12222 
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Common 

name 
Area 

Phenological 

trait 
From To Slope 

Number of 

days 

Weather 

covariate 
REF 

Yellow 

Wagtail 

Breeding in 

UK, 

wintering in 

Africa 

Arrival date 1971 2000 0.04 1.16 

Mean Winter 

T in Sub 

Saharan 

Africa (-) 

Cotton 2003 PNAS 100: 

12219-12222 

Tree 

swallows 
Canada 

Mean laying 

date 
1952 1992 -0.225 -9 

Mean May T 

(-) 

Dunn & Winkler 1999 

Proc. R. Soc. Lond. B 

266: 2487-2490 

Black-legged 

kittiwake 
North Sea 

median egg 

laying date 
1981 2002 0.47619 10 NAO (-) 

Frederiksen et al 2004 

Global Change Biology 

10: 1214-1221 

Common 

guillemot 
North Sea 

median egg 

laying date 
1982 2002 0.2 4 

NAO (-); 

mean Feb-

March SST (-

) 

Frederiksen et al 2004 

Global Change Biology 

10: 1214-1221 

European 

shag 
North Sea 

median egg 

laying date 
1969 2002 0 0 

mean Feb-

March SST (-

) 

Frederiksen et al 2004 

Global Change Biology 

10: 1214-1221 

Tufted puffin 

British 

Columbia 

coast 

Hatching 

date 
1975 2002 

0.92592

6 
25 

Breeding 

season SST 

(-) 

Gjerdrum et al 2003 

PNAS 100: 9377-9382 

common 

redstart 

island of 

Helgoland 

mean passage 

date 
1960 2000 -0.173 -6.92 

Mean year T 

at passage (-

); NAO (-) 

Huppop & Huppop 2003 

Proc. Roy. Soc. Lon. B. 

270: 233-240 

sedge 

warbler 

island of 

Helgoland 

mean passage 

date 
1960 2000 -0.081 -3.24 

Mean year T 

at passage (-

); NAO (-) 

Huppop & Huppop 2003 

Proc. Roy. Soc. Lon. B. 

270: 233-240 

Eurasian reed 

warbler 

island of 

Helgoland 

mean passage 

date 
1960 2000 -0.202 -8.08 

Mean year T 

at passage (-

); NAO (-) 

Huppop & Huppop 2003 

Proc. Roy. Soc. Lon. B. 

270: 233-240 

icterine 

warbler 

island of 

Helgoland 

mean passage 

date 
1960 2000 -0.045 -1.8 

Mean year T 

at passage (-

); NAO (-) 

Huppop & Huppop 2003 

Proc. Roy. Soc. Lon. B. 

270: 233-240 
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Common 

name 
Area 

Phenological 

trait 
From To Slope 

Number of 

days 

Weather 

covariate 
REF 

lesser 

whitethroat 

island of 

Helgoland 

mean passage 

date 
1960 2000 -0.202 -8.08 

Mean year T 

at passage (-

); NAO (-) 

Huppop & Huppop 2003 

Proc. Roy. Soc. Lon. B. 

270: 233-240 

common 

whitethroat 

island of 

Helgoland 

mean passage 

date 
1960 2000 -0.167 -6.68 

Mean year T 

at passage (-

); NAO (-) 

Huppop & Huppop 2003 

Proc. Roy. Soc. Lon. B. 

270: 233-240 

garden 

warbler 

island of 

Helgoland 

mean passage 

date 
1960 2000 -0.181 -7.24 

Mean year T 

at passage (-

); NAO (-) 

Huppop & Huppop 2003 

Proc. Roy. Soc. Lon. B. 

270: 233-240 

blackcap 
island of 

Helgoland 

mean passage 

date 
1960 2000 -0.249 -9.96 

Mean year T 

at passage (-

); NAO (-) 

Huppop & Huppop 2003 

Proc. Roy. Soc. Lon. B. 

270: 233-240 

common 

chiffchaff 

island of 

Helgoland 

mean passage 

date 
1960 2000 -0.134 -5.36 

Mean year T 

at passage (-

); NAO (-) 

Huppop & Huppop 2003 

Proc. Roy. Soc. Lon. B. 

270: 233-240 

willow 

warbler 

island of 

Helgoland 

mean passage 

date 
1960 2000 -0.231 -9.24 

Mean year T 

at passage (-

); NAO (-) 

Huppop & Huppop 2003 

Proc. Roy. Soc. Lon. B. 

270: 233-240 

spotted 

flycatcher 

island of 

Helgoland 

mean passage 

date 
1960 2000 -0.26 -10.4 

Mean year T 

at passage (-

); NAO (-) 

Huppop & Huppop 2003 

Proc. Roy. Soc. Lon. B. 

270: 233-240 

pied 

flycatcher 

island of 

Helgoland 

mean passage 

date 
1960 2000 -0.156 -6.24 

Mean year T 

at passage (-

); NAO (-) 

Huppop & Huppop 2003 

Proc. Roy. Soc. Lon. B. 

270: 233-240 

Eurasian 

woodcock 

island of 

Helgoland 

mean passage 

date 
1960 2000 -0.257 -10.28 

Mean year T 

at passage (-

); NAO (-) 

Huppop & Huppop 2003 

Proc. Roy. Soc. Lon. B. 

270: 233-240 

winter wren 
island of 

Helgoland 

mean passage 

date 
1960 2000 -0.215 -8.6 

Mean year T 

at passage (-

); NAO (-) 

Huppop & Huppop 2003 

Proc. Roy. Soc. Lon. B. 

270: 233-240 

hedge 

accentor 

island of 

Helgoland 

mean passage 

date 
1960 2000 -0.126 -5.04 

Mean year T 

at passage (-

); NAO (-) 

Huppop & Huppop 2003 

Proc. Roy. Soc. Lon. B. 

270: 233-240 
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Common 

name 
Area 

Phenological 

trait 
From To Slope 

Number of 

days 

Weather 

covariate 
REF 

European 

robin 

island of 

Helgoland 

mean passage 

date 
1960 2000 -0.168 -6.72 

Mean year T 

at passage (-

); NAO (-) 

Huppop & Huppop 2003 

Proc. Roy. Soc. Lon. B. 

270: 233-240 

ring ouzel 
island of 

Helgoland 

mean passage 

date 
1960 2000 -0.082 -3.28 

Mean year T 

at passage (-

); NAO (-) 

Huppop & Huppop 2003 

Proc. Roy. Soc. Lon. B. 

270: 233-240 

common 

blackbird 

island of 

Helgoland 

mean passage 

date 
1960 2000 -0.282 -11.28 

Mean year T 

at passage (-

); NAO (-) 

Huppop & Huppop 2003 

Proc. Roy. Soc. Lon. B. 

270: 233-240 

fieldfare 
island of 

Helgoland 

mean passage 

date 
1960 2000 -0.032 -1.28 

Mean year T 

at passage (-

); NAO (-) 

Huppop & Huppop 2003 

Proc. Roy. Soc. Lon. B. 

270: 233-240 

song thrush 
island of 

Helgoland 

mean passage 

date 
1960 2000 -0.16 -6.4 

Mean year T 

at passage (-

); NAO (-) 

Huppop & Huppop 2003 

Proc. Roy. Soc. Lon. B. 

270: 233-240 

redwing 
island of 

Helgoland 

mean passage 

date 
1960 2000 -0.166 -6.64 

Mean year T 

at passage (-

); NAO (-) 

Huppop & Huppop 2003 

Proc. Roy. Soc. Lon. B. 

270: 233-240 

great tit 
island of 

Helgoland 

mean passage 

date 
1960 2000 -0.094 -3.76 

Mean year T 

at passage (-

); NAO (-) 

Huppop & Huppop 2003 

Proc. Roy. Soc. Lon. B. 

270: 233-240 

chaffinch 
island of 

Helgoland 

mean passage 

date 
1960 2000 -0.252 -10.08 

Mean year T 

at passage (-

); NAO (-) 

Huppop & Huppop 2003 

Proc. Roy. Soc. Lon. B. 

270: 233-240 

Arctic tern Denmark Laying date 1928 1998 -0.26 -18.2 
Fall AST (-); 

NAO (-) 

Moller et al 2006 J. 

Anim. Ecol. 75: 657-665 
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