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THE DEMOGRAPHY OF ATLANTIC BRANT (BRANTA BERNICLA HROTA)  

Frances M. DiDonato 

Dr. Mitch D. Weegman, Thesis Supervisor 

 

ABSTRACT 

Animal population dynamics are driven by variation in survival and productivity. Long-lived 

species such as Arctic-nesting geese often are characterized by high adult survival and low but 

highly variable annual reproductive success. Productivity is commonly the mechanism for 

population change in long-lived species, but minor perturbations in survival can strongly 

influence trajectories. Events and processes during one season of the annual cycle that influence 

population demography during another period are termed cross-seasonal effects (CSEs) and can 

be a result of environmental conditions such as temperature or precipitation. Thus, robust 

conservation planning for animal populations depends on a complete understanding of both 

survival and productivity across the full annual cycle. My thesis is split into two chapters that 

describe survival and productivity in Atlantic brant (Branta bernicla hrota), which are an Arctic-

nesting goose species that breed in the Foxe Basin of Nunavut, Canada, stage during fall and 

spring migration in James Bay, and winter on the Atlantic coast primarily in heavily urbanized 

landscapes of New Jersey and Long Island, New York.  

In chapter 1, I tested the extent to which environmental conditions at different scales 

throughout the annual cycle influenced Atlantic brant productivity over the past 44 years using 

generalized linear mixed models. I modeled the effects of the North Atlantic Oscillation Index, 

temperature and precipitation, and regional snow and ice cover during winter on the Atlantic 
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coast, spring staging areas at James Bay, and breeding areas in the Foxe Basin on the fall 

Atlantic brant age-ratio. I predicted that harsh conditions would negatively influence productivity 

throughout the annual cycle, and that the strongest effects would occur during the breeding 

season. My results suggested CSEs during winter and spring, as well as the conditions during the 

breeding season explained variation in Atlantic brant productivity over the past 44 years, and 

conditions during spring had the strongest effect. Favorable spring conditions at all scales (local 

weather, regional snow and ice cover, and climatic indices) and only higher local temperatures 

during the breeding season positively influenced Atlantic brant productivity. Notably, I 

documented contrasting effects of winter regional snow and ice cover and local temperature 

conditions on productivity, such that lower temperatures positively influenced productivity while 

increased snow and ice cover negatively influenced productivity. I attributed this to greater levels 

of anthropogenic disturbance when temperatures were warmer during winter. These results 

emphasize the importance of evaluating conditions at multiple scales and throughout the annual 

cycle for greatest understanding of population level processes and to inform prioritization of 

conservation efforts for Atlantic brant. Future brant research should focus on nutrient dynamics 

of James Bay staging areas, identifying core breeding areas and quantifying reproductive 

metrics, and determining wintering habitat and space use. Our approach of evaluating seasonal 

environmental conditions at various scales can similarly be applied to other species with 

productivity datasets for holistic perspective of drivers of demography across space and time.   

In chapter 2, I sought to quantify improvements in survival estimates for Atlantic brant 

given implementation of a color-marking and resighting program, and addition of a winter 

operational banding program to supplement the existing summer metal banding program in the 

Arctic. I used a two-season joint encounter (JE) survival modeling framework which 



xiv 
 

incorporated all existing metal banding and recovery data with color-marking and resighting data 

to estimate Atlantic brant survival from 2000 to 2021. Then, I used demographic estimates from 

empirical models to develop a suite of simulations with varied capture and resighting efforts 

under both a two-season and single-season framework to draw inference on the utility of a winter 

color-marking and resighting program. I quantified improvements in precision of survival 

estimates from JE simulations compared to traditional dead-recovery (DR) models under the 

existing summer metal banding effort. From 2000 to 2021, adult survival during the hunting 

season and non-hunting season was 0.91 (95% Credible Interval [CRI] 0.87, 0.94) and 0.96 (95% 

CRI 0.90, 0.99) respectively and juvenile survival during the hunting season and non-hunting 

season was 0.89 (95% CRI 0.83, 0.94) and 0.70 (95% CRI 0.43, 0.92) respectively. Reported 

mortality probability for metal banded brant was 0.43 (95% CRI 0.31, 0.63) and for double 

color-marked brant was 0.55 (95% CRI 0.37, 0.87). The reported mortality probability estimates 

for brant and two-season simulations were biased high because the data collection framework for 

Atlantic brant did not provide adequate information for the second season of the model (i.e., 

marked individuals could not be resighted or recovered in one of two seasons). In the single-

season modeling approach, small sample size limited utility of additional resighting data in JE 

models. Under all simulations, precision in survival estimates was not increased in JE models 

compared to DR models. I recommend further development of a single-season model that 

leverages resighting information but is simpler than the two-season framework. As the color-

marking and resighting program is still relatively new, I recommend continued color-marking to 

establish a larger dataset which can be used to quantify band targeting in hunter harvest and 

explore additional uses of resighting data such as estimation of lifetime reproductive success. 

Overall, I suggest that practitioners interested in estimating Atlantic brant survival should use 
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single season DR or JE models for continued conservation planning and management of this 

species.   
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THESIS FORMAT  

This thesis consists of two chapters written as separate manuscripts for publication in peer-

reviewed journals. Target journals have not yet been identified, thus formatting is consistent 

between both chapters. Throughout the two thesis chapters, “we” is used in place of “I” to 

include co-authors.  
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CHAPTER 1 

ENVIRONMENTAL DRIVERS OF ATLANTIC BRANT PRODUCTIVITY 

 

ABSTRACT 

Migratory animals experience a suite of challenges and threats across their annual cycle which 

may manifest as within-season or cross-seasonal effects on productivity (i.e., reproductive 

success). Further, there is building evidence that environmental conditions at varying scales can 

drive population dynamics in migratory animals. We quantified the influence of breeding season 

and cross-seasonal environmental effects on the proportion of juveniles in wintering flocks of a 

migratory Arctic-nesting goose, the Atlantic brant (Branta bernicla hrota), from 1977 to 2021. 

We investigated the extent to which seasonal weather (temperature and precipitation), regional 

snow and ice cover, and climatic variables across the annual cycle explained variation in the 

proportion of juvenile Atlantic brant, using linear regression in a Bayesian framework. Climate 

index values associated with warmer, wetter conditions, warmer local weather temperatures, and 

reduced snow and ice cover on staging areas during spring migration had strong positive effects 

on subsequent productivity. In addition, local weather during the breeding season, and not 

broader climatic conditions or regional snow and ice cover, explained variation such that 

productivity increased with warmer temperatures. Notably, we observed inverse effects of winter 

temperature and snow and ice cover on Atlantic brant productivity, such that less snow and ice 

cover and lower temperatures were positively related to productivity. These results suggest that 

environmental conditions at different scales throughout the annual cycle have driven productivity 

of Atlantic brant during the last 44 years. We anticipate that practitioners could use these results 
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to focus future work in space and time to better customize conservation plans that target 

increased Atlantic brant productivity.  

 

INTRODUCTION 

Migratory animals time their use of seasonal environments to exploit resource abundance peaks 

and avoid harsh conditions (Alerstam et al. 2003). However, changes in climate and land use 

have made optimal timing of migration movements less predictable (Visser and Both 2005, 

Wilcove and Wikelski 2008). For many birds, vast migration distances and the energetic 

demands of flight make balancing energy acquisition and expenditure critical to fitness (i.e., 

survival and productivity; Suryan et al. 2000). Hence, individuals stopover during migration to 

replenish nutrient reserves that fuel migration and, in the spring, subsequent breeding (Weber 

and Houston 1997, VanGilder et al. 1986).  

Events and processes experienced during one season can influence fitness in subsequent 

seasons via carry-over effects (COEs; Harrison et al. 2011). COEs can be driven by population 

density and/or environmental conditions, which impact individual ability to accumulate nutrients 

(Harrison et al. 2011). For example, variation in both breeding propensity and success in black 

brant (Branta bernicla nigricans) was explained by a COE of wintering habitat quality (Ward et 

al. 2005, Sedinger et al. 2011). In another bird, the Cassin’s auklet (Ptychoramphus aleuticus), 

individuals feeding on higher quality food types in February and March bred earlier and had 

larger eggs during summer (features associated with greater juvenile survival; Sorensen et al. 

2009). Collectively, these COEs cascade to cross-seasonal effects (CSEs) at the population level 



3 
 

to explain variation in survival and productivity, which are critical components of demography 

(Sedinger and Alisauskas 2014).  

Breeding-season conditions may also influence population dynamics of migratory 

animals (Mallory et al. 2009, Morrissette et al. 2010, Flockhart et al. 2015). Habitat loss and/or 

degradation on breeding areas may contribute to animal population decline. For example, 

Flockhart et al. (2015) determined the monarch butterfly (Danaus plexippus) population was 

most sensitive to manipulations of native milkweed plants on breeding areas in the Unites States 

during summer, as opposed to habitat loss on wintering areas in Mexico. Further, breeding 

season habitat conditions can be driven by local weather events and variation in climatic 

patterns. For greater snow geese (Anser caerulescens atlanticus) breeding in the eastern 

Canadian Arctic, 66% of variation in productivity was explained by a combination of climatic 

variation and snow cover on breeding areas (Morrissette et al. 2010). Studying climate and local 

weather variables across multiple spatial and temporal scales can help us understand drivers of 

population dynamics in migratory animals (Runge and Marra 2005, Sedinger and Alisauskas 

2014). 

Local weather conditions such as precipitation and temperature affect habitat availability 

and quality, creating micro-climates and fine-scale heterogeneity across landscapes which can 

influence the distribution and structure of animal populations. For example, in mallards (Anas 

platyrhynchos) and northern pintails (Anas acuta), winter precipitation was positively related to 

subsequent fall age ratios (i.e., the number of juveniles to adults) because of increased wetland 

abundance for foraging and refuge from harvest pressure during winter (Heitmeyer and 

Frederickson 1981, Raveling and Heitmeyer 1989, Osnas et al. 2016). Weegman et al. (2017) 

found tree swallow (Tachycineta bicolor) demography was driven by local temperature and 
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precipitation on breeding areas. Examining climatic patterns is also important to understand 

landscape level effects that populations experience, and such patterns may better predict 

ecological processes compared to local weather (Hallett et al. 2004). Large scale pressure 

differences between the Azores and Iceland result in southerly airflow to the Arctic and are 

measured as the North Atlantic Oscillation (NAO; Hurrell et al. 2003). NAO values have 

frequently been used as a proxy for trends in environmental conditions experienced across large 

geographic scales such as the Arctic (Ottersen et al. 2001). In the Eastern Canadian Arctic, 

negative NAO index values are associated with warm/wet conditions and fewer severe storms 

while positive values indicate cold/dry conditions and more severe storms (Hurrell et al. 2003). 

Both Harrison et al. (2013) and Cleasby et al. (2017) found that fluctuations in NAO explained 

variation in reproduction in light-bellied brent geese (B. b. hrota) breeding in the eastern 

Canadian Arctic and wintering in Ireland. Negative NAO values (i.e., warmer/wetter conditions) 

resulted in favorable breeding conditions and thus increased productivity (Harrison et al. 2013, 

Cleasby et al. 2017). 

Arctic-nesting migratory birds are well suited for testing ecological drivers of population 

dynamics such as CSEs and breeding season effects (BSEs) because spring phenology is highly 

variable and Arctic summers are brief. The onset of the snow-free period in the Arctic is variable 

annually and lasts approximately 75 days (Ogilvie 1978). Yet large-bodied birds like geese 

require up to 80 days in their breeding period from selecting a nest site to successfully fledging 

young, thus constraining delayed clutch initiation or re-nesting attempts (Barry 1962, Ogilvie 

1978, Ankney 1984). In pink-footed geese (Anser brachyrhynchus) breeding in Svalbard, 

Norway, when snowmelt was delayed into the “average” nesting period, reproductive output 

substantially declined (Madsen et al. 2007). Thus, poor environmental conditions at the start of 
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the Arctic breeding season can result in reduced reproductive output (Skinner et al. 1998), even 

when prior preparation results in favorable goose body condition (i.e., sufficient body mass for 

migration and reproduction; Harrison et al. 2013, Weegman et al. 2016). In addition, severe 

summer storms and cold temperatures on breeding areas can result in nest flooding/failures and 

juvenile mortality due to exposure during brood rearing (Flint and Grand 1996, Skinner et al. 

1998, Fondell et al. 2008). 

Atlantic brant (B. b. hrota; Lewis et al. 2020) are a small Arctic-nesting goose that breed 

in the Foxe Basin of the eastern Canadian Arctic and winter on the mid-Atlantic coast from 

Massachusetts to North Carolina. They are iconic in the North American Atlantic Flyway, and a 

priority for research and conservation planning by the Arctic Goose Joint Venture (AGJV) and 

Atlantic Coast Joint Venture (ACJV). Yet they are relatively under-studied compared to other 

Arctic-nesting geese. Unlike many other goose species, brant do not readily consume agricultural 

grains (Ward et al. 2005) relying instead on submerged aquatic vegetation (SAV, e.g., eelgrass 

[Zostera marina] and sea lettuce [Ulva and Enteromorpha spp.]; Ladin et al. 2014) in coastal 

habitats (Ward et al. 2005), making them particularly vulnerable to coastal habitat destruction, 

degradation, and anthropogenic disturbance (Heise et al. 2019). Further, approximately 85% of 

the Atlantic brant population winters in coastal New Jersey and New York (Lewis et al. 2020, 

Roberts 2020), which is one of the most urbanized landscapes in North America. Additionally, 

the extent to which climate change could alter spring phenology and breeding, staging, and 

wintering habitat quality is unclear (Lewis et al. 2020, van Oudenhove et al. 2014).  

Counts of wintering brant have fluctuated over the last 60 years, from as low as 40,835 

(year 1973) to as high as 265,688 (year 1961) birds, averaging 140,346 during the last 10 years 

(2011-2020; Atlantic Flyway Council 2011, Roberts 2020). These fluctuations are largely 
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attributed to variable survey conditions and variation in annual productivity. Brant productivity 

has been surveyed annually on Atlantic coast wintering areas in November since 1976, as the 

age-ratio of juveniles to adults in the fall flight. Thus, brant productivity estimates from fall 

surveys are conditional on juvenile survival from hatching through successful migration during 

fall. Atlantic brant productivity is characterized by “boom” and “bust” years which have ranged 

from 41% (year 1979) to less than 2% (year 2018) juveniles, but averages 18% annually (Roberts 

2020). Limited information about Atlantic brant is available from their remote breeding areas 

(but see Barry 1956 and 1962, Ankney 1984, Abraham and Ankney 1986, Nissley 2016). 

Roberts et al. (2021) developed an integrated population model (IPM) which improved precision 

in estimates of brant survival, productivity, and population abundance to assist harvest 

management, but strong environmental relationships were not found as in other Arctic-nesting 

geese such as the Atlantic Population of Canada geese (Branta canadensis; Sheaffer and Malecki 

1996, Atlantic Flyway Council 2011). Understanding the environmental drivers of brant 

productivity and in particular, the boom-and-bust cycle, would assist practitioners in more robust 

conservation planning in space and time.  

We quantified cross-seasonal and breeding season effects of climatic, regional, and local 

weather conditions during winter, spring, and summer on brant productivity. We hypothesized 

that harsh environmental conditions experienced during winter, spring staging and migration, 

and on breeding areas during egg laying, incubation, and early brood-rearing would result in 

reduced productivity, and breeding area conditions would show the strongest relationship. We 

also hypothesized that density dependent processes would reduce productivity at larger 

population sizes due to increased competition for resources throughout the annual cycle. 
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METHODS 

Annual Productivity Survey 

The proportion of juvenile brant in the fall flight was determined on wintering areas of the U.S. 

Atlantic coast during November 1977 to 2021 by counting the number of adult and juvenile brant 

in flocks using coastal marshes and upland habitats (Roberts 2020). Juvenile brant were 

identified by the presence of white barring on wing plumage, whereas adults were identified by 

their solid black wings (Carney 1964). Approximately 15% of the 5-year mean from the mid-

winter survey of Atlantic brant were sampled along the U.S. Atlantic coast annually to ensure a 

representative sample of flocks were surveyed, and areas were surveyed once to prevent double 

counting. The total number of juveniles was divided by the total number of brant counted across 

the entire U.S. Atlantic coast survey area to yield the estimated proportion of juvenile brant in 

each year with no variance estimate. 

 

Mid-Winter Survey 

The mid-winter survey (MWS) is an aerial count of waterfowl in high concentration areas during 

winter that provides long-term data used to assess population trends over time (Eggeman and 

Johnson 1989). This survey is conducted annually by U.S. Fish and Wildlife Service (USFWS) 

and state agency biologists during January. The wintering range of brant is adequately and 

consistently surveyed by the MWS because it is restricted to coastal areas along the mid-Atlantic 

coast and is small compared to other waterfowl species for which MWS estimates have been 

criticized (Kirby and Obrecht 1982, Heusmann 1999). Brant have delayed sexual maturity and 

do not breed in their first summer, so we used the MWS count from the year prior to represent an 
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annual index of population size and investigate density dependent processes on productivity from 

1977 to 2020 (USFWS 2020). We compared, for example, the MWS count from January 2017 to 

the November 2018 age-ratio (approximately a 22-month interval between the two metrics).     

 

Climate Covariates 

Cyclical trends in precipitation and temperature at local scales have been linked to large-scale 

climatic patterns such as the NAO (Ottersen et al. 2001, Stenseth et al. 2003) and these trends 

have also been linked to variation in population dynamics (Post et al. 1997, Forchammer et al. 

1998). We compiled daily NAO index values from the Climate Prediction Center (CPC; 

https://www.cpc.ncep.noaa.gov/products/precip/CWlink/pna/nao.shtml) from 1977 to 2020 to 

create three seasonal climate variables which reflected the wintering, spring (migration and 

staging), and summer (breeding) periods of the annual cycle. To represent the harshest 

conditions during winter, we averaged the daily NAO index values from 1 December through 28 

February. Brant arrive at James Bay, in late May and depart for Arctic breeding areas in mid 

June (Lewis et al. 2020). For spring, we averaged the daily NAO index values from 20 May 

through 20 June. We averaged the daily NAO index values from 21 June through 31 July to 

capture the nesting and early brood rearing period during summer.  

 

Weather Covariates 

Using the same year and date ranges as the climate covariates, we determined the proportion of 

days with maximum temperature below 0° C during winter at John F. Kennedy (JFK; Queens, 

NY, U.S.) and Atlantic City International airports (Egg Harbor, NJ, U.S.) weather stations, then 
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averaged the two for each year (Figure 1). We calculated the average daily temperature at 

southern James Bay (Moosonee, Ontario, Canada weather station) using the maximum and 

minimum daily temperatures during spring (Figure 2). During summer, we determined the total 

rainfall, and calculated the average daily temperature at the Coral Harbour weather station on 

Southampton Island (Nunavut, Canada; Figure 3). We obtained weather station data from the 

National Centers for Environmental Information (NCEI; https://www.ncdc.noaa.gov/cdo-web/). 

 

Snow and Ice Cover Covariates 

We obtained 4 km resolution daily snow and ice cover data from the National Oceanic and 

Atmospheric Administration (NOAA) from 2007 to 2021 (https://nsidc.org/data/g02156). Prior 

to 2006, daily snow/ice cover data from this dataset were available only at 25 km resolution 

which we deemed too coarse for the purposes of this study. we delineated a coastal wintering 

area in NJ and NY which encompassed the marshes and bays where most brant concentrate 

during winter (Figure 1). As a measure of winter severity, we calculated the daily proportion of 

snow- and ice-covered area in coastal NJ and NY on each day from 1 December through 28 

February, then determined the maximum number of consecutive days when the proportion was 

>0.3 to represent periods of significant snow and ice cover of key foraging habitats (full 

calculations can be found in Appendix A). 

 We delineated a staging area encompassing coastal James Bay habitat we expect brant 

are likely to use during spring (Figure 2). Using the buffer tool in ArcGIS, we applied a marine 

buffer, which restricted the staging area to 4 km on either side of the coastline (i.e., total width 8 

km) of James Bay south of 55 degrees latitude, and including Akimiski and Charlton Islands. 

https://www.ncdc.noaa.gov/cdo-web/
https://nsidc.org/data/g02156
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This buffer encompassed shoreline and shallow coastal habitats with submerged aquatic 

vegetation food sources that Atlantic brant are likely to use. We calculated the daily proportion 

of snow and ice cover in coastal James Bay on each day from 20 May through 20 June, then 

determined the average across this period to represent conditions experienced during staging and 

serve as an index of spring phenology (full calculations can be found in Appendix B).  

Lastly, we determined a nesting area in the Foxe Basin comprising the islands known to 

be commonly used by nesting brant (Air Force Island, the Spicer Islands, Prince Charles Island, 

West coast of Baffin Island, and Southampton Island; Lewis et al. 2020; Figure 3). For the 

nesting area, we applied a marine buffer which restricted the area to 4 km inland of the shoreline 

using the buffer tool in ArcGIS, because most brant nest in close proximity to the coastline 

(Lewis et al. 2020; Figure 3). We excluded the northeastern portion of Southampton Island and 

southeastern portion of Baffin Island due to mountainous terrain and cliffs along the coastline 

that are not suitable for nesting brant (Figure 3). We calculated the proportion of snow and ice 

cover on 21 June in the Foxe Basin to represent conditions at the start of nesting (Abraham and 

Ankney 1986, Nissley 2016).  

 

Statistical Analysis 

We modeled the proportion of juvenile brant estimated in the fall productivity survey from 1977 

to 2020 as a function of seasonal weather and climate variables using generalized linear mixed 

models (GLMMs) in a Bayesian framework (Kéry and Schaub 2012). We created one model to 

assess the effect of broad-scale climatic conditions and local weather conditions throughout the 

annual cycle on brant productivity, which can be represented mathematically as: 
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𝑙𝑜𝑔𝑖𝑡(𝑃𝑗𝑢𝑣𝑡) ~ 𝛽0 + 𝛽1 × 𝑀𝑊𝑆𝑡−1 + 𝛽2 × 𝑁𝐴𝑂𝑤𝑡  + 𝛽3 × 𝑁𝐴𝑂𝑠𝑝𝑡 + 𝛽4 × 𝑁𝐴𝑂𝑠𝑢𝑡

+ 𝛽5 × 𝑃𝐹𝑅𝑍𝑡 + 𝛽6 × 𝐽𝐵𝑇𝑀𝑃𝑡 + 𝛽7 × 𝑃𝑅𝐸𝐶𝑡+ 𝛽8 × 𝐶𝐻𝑇𝑀𝑃𝑡 +  𝜀𝑡 

where MWSt-1 was a term for the MWS count from the prior year to assess density dependence, 

NAOwt, NAOspt, and NAOsut represented climatic conditions during winter, spring, and 

summer, respectively; PFRZt was the proportion of days below freezing during winter; JBTMPt 

was the average temperature at James Bay during spring; PRECt was the total precipitation at 

Coral Harbour during summer, NU; CHTMPt was the average temperature at Coral Harbour, NU 

during summer; and εt was a random effect for year to account for unexplained variation (Table 

1). 

We assessed the effects of regional snow and ice cover during winter, spring, and 

summer on brant productivity on a subset of years from 2007 to 2021 with a second model due to 

limited snow and ice cover data available prior to 2007, which can be represented 

mathematically as: 

𝑙𝑜𝑔𝑖𝑡(𝑃𝑗𝑢𝑣𝑡) ~ 𝛽0 + 𝛽1 × 𝑀𝑊𝑆𝑡−1 + 𝛽2 × 𝐼𝐶𝐸𝑎𝑐𝑡  + 𝛽3 × 𝐼𝐶𝐸𝑗𝑏𝑡 + 𝛽4 × 𝐼𝐶𝐸𝑓𝑏𝑡 +  𝜀𝑡 

where MWSt-1 was a density dependent term, ICEact represented winter severity as the maximum 

number of consecutive days with extensive snow and ice cover (proportion of area >0.3) on the 

Atlantic Coast, ICEjbt was the average proportion of snow and ice cover in coastal James Bay 

during spring, and ICEfbt was the proportion of coastal area in the Foxe Basin that was snow and 

ice covered on 21 June (Table 1). We interpreted the results of the snow and ice cover model 

separately from the climate/local weather model because of the difference in time-series and 

number of estimated parameters between models.  
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To assess multicollinearity among variables in our models we calculated the variance 

inflation factor (VIF) for each term. No terms had VIF >3 so we assumed no strong 

multicollinearity among variables in each of these models.  

All analyses and calculations were run in Program R, version 4.1.2 (R Core Team 2021) 

and implemented in JAGS (Plummer 2003) using the ‘jagsUI’ package (Kellner 2019). Three 

Markov Chain Monte Carlo (MCMC) chains were run for 60,000 iterations each with a burn-in 

of 30,000 and thin of 4, yielding 22,500 posterior samples for each parameter. We used vague 

priors from a normal distribution for all 𝛽 terms (mean 0 and standard deviation 0.001). 

Additionally, we included a random time effect, 𝜀𝑡, which was normally distributed with mean 0 

and variance σ2, with σ2 drawn from an inverse gamma distribution with shape and rate 

parameters 0.001.  

 All R-hat values were <1.1 (Brooks and Gelman 1998) and we visually checked 

convergence of MCMC chains from trace plots. For each 𝛽, we report the mean effect size, 80% 

credible interval (CRI), and proportion of the posterior distribution on the same side of 0 as the 

mean estimate (F) as criteria to assess environmental drivers of Atlantic brant productivity. We 

interpreted that effects explained substantial variation in brant productivity and were worthy of 

discussion when F > 0.8 or when 80% CRIs did not overlap 0.  

 

RESULTS 

Both the prior year’s MWS count and spring NAO effects were strongly and negatively related 

to the proportion of juveniles surveyed in November each year (MWS mean effect size -0.47, 

80% CRI -0.68, -0.26, F = 1.0; spring NAO mean effect size -0.31, 80% CRI -0.55, -0.08, F = 



13 
 

0.95; Table 2, Figure 4). The proportion of juvenile brant decreased as spring NAO values and 

prior year’s MWS count increased (Figure 5A and C). Average temperature during spring in 

James Bay (ON, CA) and during summer in Coral Harbour (Southampton Island, NU, CA) both 

had a positive effect on the proportion of juvenile brant observed (spring temperature mean 

effect size 0.17, 80% CRI -0.03, 0.37, F = 0.87; summer temperature mean effect size 0.25, 80% 

CRI -0.02, 0.51, F = 0.88; Table 2, Figure 4) such that the proportion of juvenile brant increased 

with increased average temperature (Figure 5D and E). The proportion of days between 

December and February with maximum temperature <0° C positively affected the proportion of 

juvenile brant (mean effect size 0.17, 80% CRI -0.05, 0.40, F = 0.84; Table 2, Figure 4) such that 

the proportion of juvenile brant increased as there were more sub-freezing days during winter on 

the Atlantic coast (Figure 5B). There were no strong effects for winter or summer NAO, or total 

precipitation at Coral Harbour during summer on the proportion of juvenile brant as all 80% 

CRIs largely overlapped 0 and all F values were < 0.8 (Table 2, Figure 4).   

Consecutive snow and ice cover days on the US Atlantic coast during winter and average 

snow- and ice-covered area of coastal James Bay (ON, CA) during spring staging were both 

strongly and negatively related to the proportion of juvenile brant surveyed in November 2007-

2021 (winter snow and ice mean effect size -0.36, 80% CRI -0.69, -0.03, F = 0.92; spring snow 

and ice mean effect size -0.40, 80% CRI -0.72, -0.08, F = 0.94; Table 3, Figure 6). The 

proportion of juvenile brant decreased as the maximum number of consecutive days primary 

wintering areas on the US Atlantic coast were greater than 30% snow and ice covered increased 

and as the average snow- and ice-covered area of coastal James Bay during spring staging 

increased (Figure 7B and C). Snow- and ice-covered area during summer on coastal breeding 

areas of the Foxe Basin (NU, CA) at the start of nesting did not explain substantial variation in 
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the proportion of juvenile brant as the 80% CRI for this effect overlapped 0 and F < 0.8 (Table 3, 

Figure 6). The MWS count in the year prior again had a strong and negative relationship with the 

proportion of juvenile brant (mean effect size -0.45, 80% CRI -0.82, -0.08, F = 0.94; Table 3, 

Figure 6) such that as the number of brant counted in the MWS increased, the proportion of 

juvenile brant the following year decreased (Figure 7A).   

 

DISCUSSION 

Variation in Atlantic brant productivity over the period 1977 to 2021 was most strongly driven 

by density dependent processes and conditions on the James Bay staging area, but conditions at 

different scales during winter and the breeding season also influenced productivity. Climatic 

variation on staging areas was negatively related to productivity, whereas local weather on 

staging areas was positively related to productivity. Breeding season weather conditions had less 

of an effect on brant productivity with only local temperature explaining substantial variation. 

There was no strong effect between breeding season local precipitation or spatially broader 

climatic indices and brant productivity. These results highlight the importance of examining 

environmental drivers across the entire annual cycle and at scales that include climatic, regional, 

and local weather variation (Marra et al. 2015). 

Relationships between climatic conditions, regional snow and ice cover, and local 

weather during spring staging on annual brant productivity provide strong evidence of CSEs 

operating at multiple scales. On both the climatic and regional scale, we found a negative 

relationship of spring NAO values and spring snow and ice cover on brant productivity while at a 

local weather scale, we found a positive relationship between spring temperature on James Bay 
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and brant productivity. Negative NAO index values are associated with warmer temperatures and 

increased precipitation (Hurrell et al. 2003), and these conditions at both spatial scales during 

spring likely allowed for brant to replenish nutrient reserves quickly after arrival at staging areas 

in James Bay. In boreal nesting Canada geese, increased temperature on staging areas in the 

northern U.S. influenced daily feeding duration there due to snow melt exposing food sources 

(McLandress and Raveling 1981). Further, greater snow and ice over in James Bay during spring 

may prevent brant access to important eelgrass beds that are the primary forage during staging 

(Ganter 2000). Productivity of greater snow goose females also was negatively related to spring 

NAO and snow cover (Reed et al. 2004, Morrissette et al. 2010). Milder conditions at James Bay 

likely better facilitate a rapid period of hyperphagia (rapid accumulation of nutrient reserves; 

Reed 1976, Van Gilder et al. 1986) to meet energy needs which support migration and 

subsequent productivity of brant (Ankney 1994). This may allow brant to depart earlier for 

breeding locations in spring (VanGilder et al 1986) and result in earlier clutch initiation during 

summer (Madsen et al. 2007, Nissley 2016) which, in greater snow geese, has been associated 

with higher reproductive success (Bêty et al. 2004).  

We also found evidence of a BSE of local weather, but not climatic conditions or regional 

snow and ice cover, on annual brant productivity. Summer temperature positively affected brant 

productivity which could be a result of earlier spring phenology (snow melt and vegetation 

growth). As in early departure from staging areas, warmer temperatures on breeding areas could 

allow brant to initiate clutches early as nest sites become available. In addition, warmer 

temperatures should result in better vegetation growth and more available nutrients to support 

offspring growth, which is commonly associated with reproductive success in waterfowl (Flint 

and Grand 1996, Skinner et al. 1998, Fondell et al. 2008). We suspect that microclimate 
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conditions experienced by nesting geese and broods could be better explained by temperature 

(Dawson et al. 2005) than NAO, precipitation, or regional snow and ice cover. We evaluated the 

effect of snow and ice cover in coastal areas of the Foxe Basin at the start of the breeding season 

on brant productivity from a subset of 15 years using spatial data at a 4km resolution, but this 

may have been too coarse to represent conditions experienced by nesting brant. Data at this 

resolution across the brant breeding range would not account for small pockets of snow- and ice-

free areas which provide suitable nesting sites (Nissley 2016). Finer scale spatial resolution (1 

km) was only available from 2014 to present, emphasizing the importance of long-term datasets 

and their power to disentangle complex ecological relationships, such as environmental drivers 

of brant productivity throughout the annual cycle. Cumulative precipitation might not be directly 

related to negative or positive NAO values at microclimate scales because during positive 

phases, fewer strong storms could result in a similar amount of precipitation overall compared to 

negative phases with more frequent, but less intense precipitation across the season. In addition, 

the influence of summer NAO on brant productivity may vary within season because of 

sensitive, but critical periods. For example, environmental conditions specifically at the start of 

nesting (the end of June) or during early brood-rearing (the end of July) could alone explain 

variation in productivity (Barry 1962, Madsen et al. 2007, Morrissette et al. 2010) with the rest 

of the season having little to no effect. We did not evaluate these specific periods separately 

because of the number of parameters already included in our model. Many studies use climate as 

a proxy for weather due to the complex linkages of conditions that climate indices represent 

(Stenseth et al. 2003), but fine scale spatial variation in local weather is often difficult to measure 

with regional or climatic terms. Our results of CSEs and BSEs suggest that local weather, 

regional conditions, and climate should be incorporated in hypothesis tests about drivers of 
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animal demography because they can explain different variation (Lee et al. 2007, Weegman et al. 

2017). 

There was evidence for a winter CSE of local weather and regional snow and ice cover, 

but not climate conditions on subsequent productivity of brant. Interestingly, the effect of local 

weather and regional snow and ice cover were inversely related to Atlantic brant productivity 

such that fall age ratios were greater when there were more days during winter with sub-freezing 

temperatures while age ratios were reduced when there were more days of extended snow and 

ice cover. The positive relationship of brant productivity increasing with more days of sub-

freezing temperatures during winter was opposite to what we hypothesized. The benefit of colder 

conditions for subsequent productivity may be due to fewer people frequenting golf courses and 

parks in NJ and NY during extreme cold. Golf courses and parks are common and important 

foraging locations for wintering brant (Ladin et al. 2014) and increased anthropogenic 

disturbance during favorable, warmer weather conditions could cause increased energy 

expenditure and/or decreased nutrient acquisition. Brant may be forced to make additional flights 

when frequently disturbed while foraging, or they may opt to select lesser quality habitat and 

forage resources to avoid disturbance and mitigate perceived survival risks. For example, Heise 

et al. (2019) examined behavior and energy expenditure of wintering Atlantic brant and found 

that birds responded to anthropogenic disturbance during the hunting season by reducing flight 

and increasing swimming activities, and increasing foraging in hunted areas at night, when 

hunting is not permitted. Additionally, Mathers et al. (2000) determined that food intake rates of 

Eurasian wigeon (Anas penelope) overwintering at Strangford Loch, UK were reduced due to 

increased human disturbance and that this could have influenced a decline in their population. 

This study also evaluated light-bellied brent geese and determined they were more tolerant of 
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disturbance compared to Eurasian wigeon. Unlike Atlantic brant, this population of B. b. hrota is 

not hunted and has access to higher quality eelgrass forage that is minimally available on the US 

Atlantic coast due to a wasting disease in the 1930s that drastically diminished the historic 

eelgrass range (Cottam et al. 1944, Rasmussen 1977). Atlantic brant consume alternative food 

sources such as macroalgae or terrestrial grasses (Poa spp.) and clover (Trifolium spp.) of lesser 

nutritional value than eelgrass (Ladin et al. 2011 and 2014). The negative relationship between 

fall age ratios and increasing consecutive days with greater than 30% snow and ice cover on the 

Atlantic coast was likely due to reduced foraging opportunities during extended periods of ice 

covering coastal embayments containing SAV and snow covering uplands. Both our findings of 

winter snow and ice cover and temperature influencing brant productivity provide evidence of 

winter CSEs and add to the body of literature demonstrating the influence of non-breeding 

environmental and habitat conditions on migratory animal population demography (Ward et al. 

2005, Sedinger et al. 2011, Marra et al. 2015). We recommend further research exploring 

linkages between wintering habitat and resource selection on subsequent productivity, and also 

emphasize the importance of monitoring Atlantic coastal habitat. 

We found evidence for density dependent regulation in brant productivity via the annual 

population size counted during winter (i.e., MWS). We hypothesized that a larger MWS count in 

the year prior would result in decreased productivity due to increased resource competition 

between conspecifics, which our results support. Raveling and Heitmeyer (1989) found that 

when the breeding population of northern pintails was high and wetland habitat during both 

winter and the spring breeding season was low, the effect of negative density dependence was 

strongest, suggesting increased competition for limited available habitat. Many Arctic-nesting 

geese do not reach sexual maturity until 2-3 years of age (Raveling et al. 2000). Because the 
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MWS count serves as an index of the Atlantic brant population size, a larger count following a 

boom year of productivity could be due to the juveniles just added to the population. After their 

first year however, juveniles transition into non-breeding subadults and cannot easily be 

identified from sexually mature adults based on plumage alone. Like many other long-lived 

Arctic-nesting geese (Francis et al. 1992), Atlantic brant exhibit relatively high and stable adult 

survival (Roberts et al. 2021). Thus, the population in the year following boom reproduction 

would comprise many non-breeding subadults (1.5 year old birds) which would represent a 

negative effect of population size on productivity (Sedinger et al. 2016). We are unaware of data 

robust enough to monitor known-age cohorts of Atlantic brant through time to separate non-

breeding subadults from breeding adults (2+ years old) to further parse density dependent 

competition for resources and more subadults present in the population.  

For holistic perspective on limitations to demography of migratory animal populations, it 

is essential to examine environmental drivers across the annual cycle and at multiple spatial 

scales (Hostetler et al. 2015, Marra et al. 2015, Weegman et al. 2017). Recent studies of brant 

have focused on developing an IPM to assist with harvest management (Roberts et al. 2021) and 

wintering ecology and energetics (Ladin et al. 2011, Ladin et al. 2014, Heise et al. 2019). 

Roberts et al. (2021) also evaluated similar environmental variables throughout the annual cycle 

on Atlantic brant productivity through implementation of an IPM and found no strong 

relationships. Compared to this work, we structured our climate and weather variables similarly 

through period means, but we modified the seasonal periods and developed terms we believed to 

represent periods of winter severity. This likely influenced the differences in observed 

relationships between our studies. Our results demonstrate CSEs during spring migration at the 

local weather, regional snow and ice cover, and climatic scale, and during winter at the local 
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weather and regional snow and ice cover scale. Additionally, we found a BSE of local weather 

on Atlantic brant productivity. Therefore, we suggest future research should focus on brant 

staging areas in James Bay during spring migration given the strong relationships between 

productivity and environmental variables at all scales we observed in this analysis. Research 

evaluating habitat use, nutrient dynamics, and time activity budgets on staging areas will 

facilitate greater understanding of how brant are using the landscape for conservation 

prioritization on staging areas. We also suggest that more research be conducted to identify core 

breeding areas, and to examine nesting propensity, nest success and juvenile survival to fledging, 

to better represent the reproductive period and further test hypotheses about environmental 

conditions on breeding areas. Lastly, our detection of CSE’s during winter suggest linkages 

between wintering habitat conditions and Atlantic brant resource use should be further explored 

given the strong anthropogenic influence on the heavily urbanized landscape and risk of coastal 

habitat degradation. 
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TABLES 

Table 1. Description of models and covariates. 

    Models 

1 – Climate & Weather 

Pjuvt ~ NAOwt + NAOspt + NAOsut + PFRZt + JBTMPt + PRECt + 

CHTMPt + MWSt-1 + εt 

2 – Snow & Ice Cover Pjuvt ~ ICEact + ICEjbt + ICEfbt + MWSt-1 + εt 

 

Covariates  

Pjuv: Proportion of juvenile brant assessed during November productivity survey on wintering 

areas 

NAOw: Average daily NAO index value for 1 December through 28 February 

NAOsp: Average NAO index value for 20 May through 20 June 

NAOsu: Average NAO index value for 21 June through 31 July 

PFRZ: Proportion of days from 1 December to 28 February with maximum temperature below 

freezing* 

JBTMP: Average daily temperature from 20 May through 20 June in Moosonee, ON, CA  

CHTMP: Average daily temperature from 21 June through 31 July in Coral Harbour, NU, CA 

PREC: Total precipitation from 21 June through 31 July in Coral Harbour, NU, CA 

MWSt-1: Mid-winter survey estimate of population size each year prior (18 months before the 

breeding season) 

ICEac: Maximum number of consecutive days from 1 December to 28 February where 

proportion of snow/ice-covered area on the Atlantic coast > 0.3  

ICEjb: Average proportion of snow/ice cover in coastal areas of James Bay from 20 May 

through 20 June 

ICEfb: Proportion of snow/ice cover in coastal areas of the Foxe Basin on 21 June 

εt: random time effect  

 

* JFK International Airport used for NY, Atlantic City International Airport used for NJ, then averaged 
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Table 2. Mean and standard deviation (SD) estimates, 80% credible intervals (CRI), and 

proportion of the posterior distribution on the same side of 0 as the mean estimate (F) for the 

mid-winter survey in the prior year (MWSt-1), winter, spring, and summer North Atlantic 

Oscillation (NAOw, NAOsp, and NAOsu, respectively), proportion of days below freezing 

during winter (PFRZ), average temperature at James Bay, ON, CA and Coral Harbour, NU, CA, 

during spring and summer respectively (JBTMP and CHTMP), and total precipitation in Coral 

Harbour, NU, CA during summer (PREC), which occurred in the climate and weather model 

assessing variation in Atlantic brant productivity from 1977 to 2020. R-hat values <1.1 indicate 

convergence of parameter estimates. 

Parameter Mean SD 80% CRI F R-hat 

MWSt-1 -0.466 0.167 -0.678, -0.256 0.996 1.00 

NAOw -0.102 0.159 -0.305, 0.100 0.746 1.00 

NAOsp -0.313 0.187 -0.549, -0.077 0.953 1.00 

NAOsu 0.001 0.158 -0.201, 0.200 0.506 1.00 

PFRZ 0.174 0.174 -0.045, 0.395 0.844 1.00 

JBTMP 0.173 0.157 -0.026, 0.372 0.867 1.00 

CHTMP 0.247 0.209 -0.019, 0.507 0.882 1.00 

PREC -0.079 0.188 -0.316, 0.157 0.667 1.00 
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Table 3. Mean and standard deviation (SD) estimates, 80% credible intervals (CRI), and 

proportion of the posterior distribution on the same side of 0 as the mean estimate (F) for the 

mid-winter survey in the prior year (MWSt-1), winter snow and ice cover on the Atlantic coast 

(ICEac), spring snow and ice cover in James Bay (ICEjb), and summer snow and ice cover in the 

Foxe Basin (ICEfb), which occurred in the snow and ice cover model assessing variation in 

Atlantic brant productivity from 2007 to 2021. R-hat values <1.1 indicate convergence of 

parameter estimates. 

Parameter Mean SD 80% CRI F R-hat 

MWSt-1 -0.447 0.299 -0.817, -0.078 0.937 1.00 

ICEac -0.359 0.265 -0.688, -0.034 0.921 1.00 

ICEjb -0.400 0.261 -0.722, -0.078 0.940 1.00 

ICEfb -0.160 0.304 -0.532, 0.211 0.716 1.00 
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FIGURES 

 

Figure 1. Coastal area of New York and New Jersey, U.S. encompassing the core wintering 

Atlantic brant distribution used to calculate snow and ice cover between 1 December and 28 

February, 2007-2021. Black triangles denote John F. Kennedy International airport (JFK) and 

Atlantic City International airport (ACY) weather stations used to calculate the proportion of 

days from 1 December to 28 February 1977-2020 with maximum temperature below freezing. 
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Figure 2. Area of James Bay, CA used for snow and ice cover calculation on 5 June, 2007-2021, 

to represent conditions at spring staging areas. Yellow shaded areas indicate a 4 km buffer from 

the shoreline outlined in black and shaded gray landmass. The black triangle denotes the 

Moosonee, ON, CA weather station location for which average temperature was calculated 

between 20 May and 20 June 1977-2020. 
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Figure 3. Breeding range of Atlantic brant in the Foxe Basin (NU, CA) used for snow and ice 

cover calculation on 21 June, 2007-2021. Yellow shaded areas indicate a 4 km buffer inland 

from the shoreline (4 km excluded in the other direction) outlined in black and shaded gray 

landmass. The black triangle denotes the Coral Harbour, NU, CA weather station location for 

which average temperature and total precipitation were calculated between 21 June and 31 July 

1977-2020. 
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Figure 4. Violin plots illustrating the full posterior distribution (shaded gray area) for each effect 

in the climate and weather model (1977-2020). The white circle represents the posterior mean, 

and the vertical white bar represents the 80% CRI. Parameters with 80% CRIs strongly 

overlapping 0 or with the proportion of the posterior distribution on the same side of 0 as the 

mean estimate (F) > 0.8 were considered to have no effect on Atlantic brant productivity while 

those which did not strongly overlap 0 or had F > 0.8 explained substantial variation. Parameters 

plotted are the effect of the MWS survey count in the year prior (MWS_prior), winter, spring, 

and summer NAO effect (NAOw, NAOsp, and NAOsu respectively), proportion of days from 1 

December to 28 February with maximum temperature below freezing in NY and NJ (PFRZ), 

average daily temperature from 20 May through 20 June in Moosonee, ON, CA (JBTMP), and 

total precipitation (PREC) and average daily temperature from 21 June through 31 July in Coral 

Harbour, NU, CA (CHTMP). 
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Figure 5. Prediction plots for effects that explained substantial variation (i.e., those whose 80% 

CRI did not overlap zero or proportion of posterior distribution on the same side of 0 as the mean 

estimate [F] > 0.8) in the proportion of juvenile Atlantic brant, comprising: A) an effect of the 

Mid-Winter Survey population index the year prior; B) the proportion of days between 1 

December and 28 February when the maximum temperature was below freezing in Atlantic City, 

NJ and Queens, NY; C) average North Atlantic Oscillation Index during spring (20 May – 20 

June) when Atlantic brant stage at James Bay; D) average temperature in Moosonee, ON during 

spring (20 May – 20 June) when Atlantic brant stage at James Bay; E) average temperature in 

Coral Harbour, NU during the summer incubation and brood rearing period (21 June – 31 July). 

In each plot the black line represents the predicted mean and the gray shaded area (envelope) is 

the 80% CRI. 



37 
 

 

Figure 6. Violin plots illustrating the full posterior distribution (shaded gray area) for each effect 

in the snow and ice cover model (2007-2021). The white circle represents the posterior mean, 

and the vertical white bar represents the 80% credible interval (CRI). Parameters with 80% CRIs 

strongly overlapping 0 or with the proportion of the posterior distribution on the same side of 0 

as the mean estimate (F) > 0.8 were considered to have no effect on Atlantic brant productivity 

while those which did not strongly overlap 0 or had F > 0.8 explained substantial variation. 

Parameters plotted are the effect of the prior year’s MWS count (MWS_prior), winter, spring, 

and summer snow- and ice-cover effects (ICEac, ICEjb, and ICEfb respectively). 

 

 

 

 

 



38 
 

 

Figure 7. Prediction plots for effects that explained substantial variation with high certainty (i.e., 

those whose 80% CRI did not strongly overlap zero or proportion of posterior distribution on the 

same side of 0 as the mean estimate [F] > 0.8) in the proportion of juvenile Atlantic brant, 

comprising: A) an effect of the Mid-Winter Survey population index the year prior; B) the 

maximum consecutive days between 1 December and 28 February when snow and ice cover was 

greater than 30% in coastal areas of NJ and NY; C) average snow and ice cover during spring 

(20 May – 20 June) when Atlantic brant stage at James Bay. In each plot the black line 

represents the predicted mean and the gray shaded area (envelope) is the 80% CRI. 
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APPENDIX 

Appendix A. Proportion of snow and ice cover calculated for each day between 1 December and 

28 February, 2007-2021 in core wintering brant range of the Atlantic coast. 

 

 Year 

Date 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 

12/1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

12/2 0 0.035 0 0 0 0 0 0 0 0 0 0 0 0 0 

12/3 0 0 0 0 0 0 0 0 0 0 0 0 0 0.113 0 

12/4 0 0 0 0 0 0 0 0 0 0 0 0 0 0.113 0 

12/5 0 0 0 0 0 0 0 0 0 0 0 0 0.043 0.017 0 

12/6 0 0.383 0 0 0 0 0 0 0 0 0 0 0.052 0 0 

12/7 0 0.087 0 0 0 0 0 0 0 0 0 0 0.052 0 0 

12/8 0 0.009 0 0 0 0 0 0.417 0 0 0 0 0 0 0 

12/9 0 0 0 0 0 0 0 0 0 0 0 0.313 0 0 0 

12/10 0 0 0 0 0 0 0 0.304 0 0 0 0.417 0 0 0 

12/11 0 0 0 0 0 0 0 0.243 0 0 0 0.104 0 0.183 0 

12/12 0 0 0 0 0 0 0 0.174 0 0 0 0.009 0 0.052 0 

12/13 0 0 0 0 0 0 0 0.174 0 0 0 0 0 0.052 0 

12/14 0 0 0 0 0.035 0 0 0.13 0 0 0 0.157 0 0 0 

12/15 0 0 0 0 0 0 0 0 0 0 0 0.157 0 0 0 

12/16 0 0 0 0 0.217 0 0 0 0 0 0 0.226 0 0 0.061 

12/17 0 0 0 0 0.348 0 0 0.035 0 0 0.009 0.183 0 0.017 0.078 

12/18 0 0 0 0 0.348 0 0 0 0 0 0 0.017 0 0 0.07 

12/19 0 0 0.035 0.417 0 0 0 0 0 0 0 0 0 0 0.07 

12/20 0 0 0.035 0.417 0 0 0 0 0 0 0 0 0 0 0.07 

12/21 0 0 0.035 0.417 0 0 0 0 0 0 0 0 0 0 0.061 

12/22 0 0 0.035 0.417 0 0 0 0 0 0 0 0 0 0 0.07 

12/23 0 0 0.035 0.417 0 0 0 0 0 0 0 0 0 0 0 

12/24 0 0 0.009 0.417 0 0 0 0 0 0 0 0 0 0 0 

12/25 0 0 0 0.417 0 0 0 0.017 0 0 0 0 0 0 0 

12/26 0 0 0 0 0.417 0 0 0 0 0 0 0 0 0 0 

12/27 0 0 0 0 0.417 0 0 0 0 0 0 0 0 0 0 

12/28 0 0 0 0 0.417 0 0 0 0 0 0 0 0 0 0 

12/29 0 0 0 0 0.417 0 0 0 0 0 0 0.357 0 0 0 

12/30 0 0 0 0 0.417 0 0 0 0 0 0 0.774 0 0 0 

12/31 NA NA 0.026 NA 0.417 0 0 0.035 0 0 0 0.896 0 0 0 

1/1 0 0 NA 0.035 0.417 0 0 0 0 0 0 0.835 0 0 0 

1/2 0 0 0.026 0.035 0.191 0 0 0.13 0 0 0 0.765 0 0 0 

1/3 0 0 0.026 0.078 0.191 0 0 0.417 0 0 0 0.765 0 0 0 

1/4 0 0 0.026 0.017 0.165 0 0 0.417 0 0 0 0.896 0 0 0 

1/5 0 0 0 0.47 0.165 0 0 0.417 0 0 0 0.93 0 0 0 

1/6 0 0 0 0.087 0.148 0 0 0.009 0.417 0 0.417 0.93 0 0 0 
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1/7 0 0 0 0.087 0.417 0 0 0 0.417 0 0.417 0.93 0 0 0 

1/8 0 0 0 0.487 0.417 0 0 0.409 0.93 0 0.417 0.939 0 0 0 

1/9 0 0 0 0.487 0.417 0 0 0.409 0.93 0 0.417 0.939 0 0 0 

1/10 0 0 0.009 NA 0.417 0 0 0.409 0.548 0 0.417 0.939 0 0 0 

1/11 0 0 0.035 0.357 0.417 0 0 0.409 0.548 0 0 0.843 0 0 0 

1/12 0 0 0.035 0.357 0.417 0 0 0.409 0.548 0 0 0.843 0 0 0 

1/13 0 0 0.035 0.087 0.417 0 0 0 0.53 0 0 0.548 0.348 0 0 

1/14 0 0 0 0 0.417 0 0 0 0.835 0 0 0.522 0.339 0 0 

1/15 0 0 0 0 0.696 0 0 0 0.513 0 0.035 0.522 0.296 0 0 

1/16 0 0 0.07 0 0.696 0 0 0 0.209 0 0 0.522 0.287 0 0 

1/17 0 NA 0.07 0 0.696 0 0 0 0.209 0.252 0 0.913 0.148 0 0 

1/18 0 0 0.07 0 0.287 0 0 0 0.209 0.417 0 0.209 0 0 0 

1/19 0 0 0.07 0 0.661 0 0 0 0.209 0.417 0 0.209 0 0 0 

1/20 0 0 0.035 0 0.496 0 0 0 0.209 0.209 0 0.174 0.017 0 0 

1/21 0 0 0.035 0 0.174 0.052 0 0.417 0.209 0.2 0 0.113 0 0 0 

1/22 0.348 0 0.035 0 0.174 0.052 0.287 0.417 0.435 0.217 0 0.113 0.496 0 0 

1/23 0 0 0.035 0 0.174 0 0.287 0.417 0.209 0.417 0 0.113 0.496 0 0 

1/24 0 0.252 0.017 0 NA 0 0.035 0.417 0.209 0.417 0 0.113 0.374 0 0 

1/25 0 0.252 0 0 0.13 0 0.035 0.417 0.278 0.417 0 0.026 0.226 0 0 

1/26 0.061 0 0 0 0.13 0 0.417 0.513 0.443 0.417 0 0.026 0 0 0 

1/27 0.009 0 0.2 0 0.461 0 0.913 0.513 0.617 0.27 0 0.026 0 0 0 

1/28 0 0 0.2 0 0.461 0 0.913 0.513 0.461 0.148 0 0.026 0 0 0 

1/29 0.252 0 0 0 0.617 0 0.496 0.513 0.452 0.13 0 0.026 0 0 0 

1/30 0.148 0 0 0.287 0.4 0 0.009 0.609 0.443 0.13 0 0.435 0.148 0 0 

1/31 0.139 0 0 0.539 0.357 0 0.009 0.609 0.443 0.13 0.035 0.087 0.13 0 0.348 

2/1 0 0 0 NA 0.357 0 0.357 0.609 0.443 0.13 0.035 0.087 0.461 0 0.348 

2/2 0.035 0 0 0.539 0.287 0 0.226 0.191 0.278 0.122 0 0.035 0.461 0 0.417 

2/3 0 0 0.417 0.426 0.287 0 0.409 0.191 0.339 0 0 0.009 0.113 0 0.417 

2/4 0 0 0.417 0.235 0.287 0 0.374 0.304 0.339 0 0 0.009 0.113 0 0.139 

2/5 0 0 0.417 0.252 0.287 0 0.07 0.2 0.339 0.035 0 0.009 0.035 0 0.139 

2/6 0 0 0.417 0.417 0.183 0 0 0.27 0.296 0.252 0 0 0.035 0 0.139 

2/7 0.052 0 0.07 0.383 0.174 0 0 0.27 0.296 0.252 0 0 0.035 0 0.4 

2/8 0 0 0 0.383 0.087 0 0.07 0.261 0.296 0.183 0 0 0.035 0 0.252 

2/9 0.217 0 0 0.383 NA 0 0.304 0.365 0.296 0.183 0.417 0 0 0 0.252 

2/10 0.217 0 0 0.417 0.191 0 0.235 0.609 0.296 0.191 0.157 0 0 0 0.148 

2/11 0.217 0 0 0.53 0.157 0 0.235 0.426 0.278 0.017 0.157 0 0.313 0 0.417 

2/12 0 0 0 0.53 0.157 0.261 0.07 0.426 0.278 0.017 0.157 0 0.4 0 0.278 

2/13 0.13 0 0 0.53 0.157 0 0.07 0.426 0.278 0.017 0 0 0.035 0 0.278 

2/14 0.13 0 0 0.53 0.157 0 0.017 0.13 0.287 0.017 0 0 0 0 0.278 

2/15 0.026 0 0 0.53 0.078 0 0.017 0.13 0.626 0.417 0 0 0 0 0.096 

2/16 0.026 0 0 0.53 0.078 0 0.035 0.13 0.626 0.417 0 0 0 0 0 

2/17 0.026 0 0 0.53 0.078 0 0.035 0.13 0.626 0 0.035 0 0 0 0 

2/18 0.043 0 0 0.53 0.035 0 0.017 0.07 0.948 0 0.017 0.07 0 0 0.417 

2/19 0.043 0 0 0.53 0.035 0 0.017 0.07 0.974 0 0 0 0 0 0.417 

2/20 0.043 0 0 0.53 0.035 0 0.017 0.07 0.974 0 0 0 0.348 0 0.235 

2/21 0.026 0 0 0.53 0.035 0 0.017 0.009 0.974 0 0 0 0.035 0 0.13 
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2/22 0.026 0.017 0 0.53 0.365 0 0.017 0.017 0.974 0 0 0 0 0 0.13 

2/23 0 0 0 0.113 0.348 0 0 0 0.974 0 0 0 0 0 0.13 

2/24 0 0.035 0 0.113 0.348 0 0 0 0.974 0 0 0 0 0 0.078 

2/25 0 0.017 0 0.113 0.035 0 0 0.009 0.974 0 0 0 0 0 0.035 

2/26 0 0.017 0 0.53 0.035 0 0 0.13 0.974 0 0 0 0 0 0.035 

2/27 0 0 0 0.53 0.035 0 0 0.061 0.974 0 0 0 0 0 0 

2/28 0 0 NA 0.53 0.035 0 0 0 0.974 0 0 0 0 0 0 
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Appendix B. Proportion of snow and ice cover calculated for each day between 20 May and 20 

June, 2007-2021 in Atlantic brant spring staging areas of coastal James Bay. 

 Year 

Date 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 

5/20 0.421 0.661 0.786 0.335 0.453 0.458 0.651 0.672 0.618 0.687 0.749 0.763 0.686 0.868 0.499 

5/21 0.406 0.62 0.786 0.335 0.452 0.451 0.642 0.665 0.643 0.646 0.744 0.733 0.642 0.861 0.499 

5/22 0.373 0.611 0.833 0.335 0.452 0.421 0.642 0.665 0.667 0.646 0.744 0.732 0.585 0.794 0.499 

5/23 0.373 0.503 0.833 0.335 0.452 0.427 0.642 0.628 0.588 0.646 0.761 0.727 0.577 0.791 0.499 

5/24 0.339 0.502 0.833 0.321 0.443 0.423 0.642 0.626 0.579 0.646 0.646 0.727 0.569 0.731 0.438 

5/25 0.36 0.317 0.796 0.342 0.366 0.423 0.649 0.623 0.579 0.646 0.6 0.725 0.569 0.726 0.431 

5/26 0.35 0.333 0.796 0.136 0.366 0.423 0.631 0.623 0.584 0.642 0.564 0.618 0.646 0.694 0.431 

5/27 0.336 0.31 0.669 0.136 0.351 0.541 0.584 0.612 0.584 0.642 0.557 0.617 0.453 0.694 0.492 

5/28 0.292 0.31 0.51 0.136 0.344 0.389 0.57 0.586 0.351 0.33 0.553 0.547 0.424 0.491 0.194 

5/29 0.292 0.284 0.51 0.119 0.344 0.325 0.36 0.586 0.351 0.304 0.553 0.5 0.424 0.499 0.15 

5/30 0.292 0.284 0.51 0.119 0.339 0.307 0.362 0.526 0.351 0.304 0.553 0.476 0.424 0.633 0.162 

5/31 0.25 0.264 0.365 0.073 0.339 0.257 0.344 0.484 0.353 0.304 0.549 0.476 0.392 0.651 0.162 

6/1 0.186 0.239 0.323 0.073 0.339 0.257 0.356 0.484 0.304 0.435 0.549 0.437 0.354 0.661 0.162 

6/2 0.166 0.239 0.374 0.041 0.298 0.159 0.333 0.484 0.231 0.435 0.549 0.424 0.359 0.528 0.149 

6/3 0.166 0.19 0.33 0.039 0.266 0.159 0.32 0.367 0.231 0.433 0.51 0.322 0.321 0.501 0.141 

6/4 0.123 0.077 0.269 0.049 0.266 0.159 0.303 0.33 0.231 0.433 0.491 0.322 0.331 0.462 0.141 

6/5 0.111 0.072 0.269 0.049 0.242 0.085 0.248 0.338 0.231 0.392 0.354 0.305 0.303 0.618 0.141 

6/6 0.058 0.07 0.269 0.049 0.242 0.052 0.174 0.245 0.233 0.392 0.255 0.313 0.289 0.599 0.141 

6/7 0.058 0.07 0.269 0.047 0.232 0.052 0.14 0.235 0.19 0.392 0.07 0.313 0.289 0.519 0.084 

6/8 0.044 0.07 0.272 0.072 0.232 0.013 0.202 0.235 0.224 0.392 0.088 0.313 0.283 0.493 0.089 

6/9 0.047 0.07 0.268 0.063 0.232 0.013 0.202 0.187 0.201 0.392 0.088 0.247 0.288 0.493 0.038 

6/10 0.031 0.07 0.276 0.081 0.063 0.013 0.161 0.173 0.167 0.339 0.078 0.212 0.288 0.275 0.038 

6/11 0.031 0.07 0.229 0.144 0.063 0.013 0.161 0.164 0.148 0.339 0.058 0.216 0.271 0.302 0.07 

6/12 0.037 0.068 0.229 0.146 0.063 0.009 0.161 0.158 0.136 0.339 0.048 0.218 0.227 0.302 0.044 

6/13 0.008 0.01 0.229 0.146 0.033 0.009 0.102 0.158 0.134 0.3 0.034 0.192 0.229 0.296 0.048 

6/14 0.002 0.01 0.229 0.122 0.028 0.003 0.102 0.085 0.134 0.3 0.025 0.188 0.229 0.296 0.048 

6/15 0.002 0.01 0.229 0.047 0.028 0.001 0.039 0.084 0.12 0.214 0.025 0.167 0.201 0.243 0.044 

6/16 0.002 0.001 0.181 0.041 0.028 0.001 0.054 0.084 0.03 0.214 0.025 0.138 0.162 0.242 0.007 

6/17 0.002 0.001 0.181 0 0.028 0.002 0.099 0.085 0.03 0.203 0.025 0.138 0.162 0.177 0.007 

6/18 0.002 0.001 0.181 0 0.028 0.002 0.087 0.087 0.03 0.197 0.025 0.138 0.157 0.164 0.003 

6/19 0.002 0.001 0.047 0 0.028 0.002 0.055 0.075 0.03 0.187 0.025 0.057 0.149 0.164 0.036 

6/20 0.005 0.001 NA 0 0.028 0.002 0.055 0.036 0.031 0.142 0.025 0.044 0.148 0.164 0.047 

 

  



43 
 

CHAPTER 2 

ASSESSING THE FEASIBILITY OF A CAPTURE-RESIGHTING FRAMEWORK TO 

IMPROVE PRECISION IN SURVIVAL ESTIMATES FOR ATLANTIC BRANT 

ABSTRACT 

Waterfowl (i.e., duck, goose, and swan) conservation and management in North America is 

informed by survival estimates based on band recoveries from hunter-harvested birds, but 

recovery data may be sparse for some populations with small banding samples or low recovery 

rates. Joint-encounter (JE) models combine live resightings of marked animals with dead 

recovery data to estimate survival probability. Joint-encounter models could improve precision in 

survival estimates relative to those from models with dead-recovery (DR) data only. However, 

the extent of improvement may depend on the annual number of marked birds and resighting 

probability. In 2018, a capture-resighting program for Atlantic brant (Branta bernicla hrota) was 

initiated where birds were captured and marked on Arctic breeding areas during summer and 

Atlantic coast wintering areas, then resighted by trained observers during winter. We developed 

a two-season, Bayesian multistate JE model to estimate seasonal and annual survival, resighting, 

and recovery probabilities for Atlantic brant for the period 2000-2021. Using these results, we 

created two sets of simulations that modeled survival for a period of 10 years using combinations 

of sample sizes (number of marked birds) and resighting probabilities. The first approach was a 

two-season, two age-class model with annual releases of 100, 400, 850 and resighting 

probabilities of 0.05, 0.15, 0.25, and 0.35, and the second approach was a single-season, single 

age-class model with annual releases of 100, 300, and 500 and resighting probabilities of 0.04, 

0.12, and 0.20. We compared estimated survival probability among scenarios to understand the 

extent of improvement in precision of survival estimates using JE models compared to DR 
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models. Adult survival during the hunting season and non-hunting season was 0.91 (95% 

Credible Interval [CRI] 0.87, 0.94) and 0.96 (95% CRI 0.90, 0.99) respectively and juvenile 

survival during the hunting season and non-hunting season was 0.89 (95% CRI 0.83, 0.94) and 

0.70 (95% CRI 0.43, 0.92) respectively over the period 2000-2021. Reported mortality 

probability for metal banded brant was 0.43 (95% CRI 0.31, 0.63) and 0.55 (95% CRI 0.37, 

0.87) for double color-marked brant. Both two-season and single season JE models based on 

simulated data did not improve precision in survival estimates compared to DR models based on 

simulated data. We ascribe this primarily to limitations of brant sample size and JE model 

complexity. While simulations were a useful tool to explore these frameworks, replicating 

ecological processes was challenging. These results suggest that supplemental winter marking 

does not improve survival estimation capacity for brant. Further effort should be placed on 

additional simulations to determine the sample size of marked individuals and resighting 

probability that might improve precision of survival estimates in single season JE models. 

Practitioners also could modify the structure of two-season JE models to better address small 

sample sizes by leveraging overall means or using variance-covariance matrices for example. 

This work was an important first step in evaluating the feasibility of a long-term capture-

resighting program for Atlantic brant, and continued data collection will allow for further 

analysis and more realistic scenarios in simulations.  

 

INTRODUCTION 

Variation in survival and reproductive success drives animal population dynamics (Metcalf and 

Pavard 2007). Often, long-lived species such as Arctic-nesting geese trade-off high adult survival 

(e.g., >0.80; Ward et al. 1997, Cunningham et al. 2020) with future reproductive potential, 
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(Stearns 1989; Mourocq et al. 2016; Weegman et al. 2016b). Low annual reproductive success of 

long-lived species is complemented by high adult survival with little variation over time 

(Schmutz et al. 1997). Because annual reproductive output is low, population change can be 

sensitive to minor changes in adult survival (Schmutz et al. 1997; Choi et al. 2016; Layton-

Matthews et al. 2019). Thus, we require reasonable precision in survival estimates to develop 

robust population models for decision-making that meets management objectives (Schmutz et al. 

1997; Johnson et al. 2020).  

Waterfowl populations in North America are managed to sustain viable populations and 

support recreational opportunities, such as harvest (U.S. Fish and Wildlife Service 2012). 

Decision-making frameworks are developed to assist managers in meeting these objectives, and 

survival estimates are a critical component (Nichols et al. 2007; Atlantic Flyway Council 2011). 

Monitoring highly mobile waterfowl which link broad landscapes poses a significant challenge 

for researchers, but widespread banding has provided useful long-term data. In hunted species 

such as waterfowl, researchers can estimate harvest and survival from dead recoveries of banded 

birds reported by hunters (Brownie et al. 1985) and there have been large-scale efforts in recent 

decades to develop these datasets for decision-making and management frameworks. In addition, 

many analytical frameworks have been developed for the analysis of capture-recapture data to 

estimate survival, such as Cormack-Jolly-Seber survival models (Cormack 1964; Jolly 1965; 

Seber 1965) which can be valuable for non-hunted species or harvested populations with low 

recovery rates (Schmutz et al. 1994; Grosbois et al 2009).  

Combining live encounters (resightings) with dead recoveries in joint-encounter (JE) 

models allows for quantification of fidelity and true survival using a multi-state framework 

(Burnham 1993, Lebreton et al. 1995; Kendall et al. 2006; Weegman et al. 2020). A capture-
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resighting program involves capturing and uniquely marking individuals with field-readable 

marks, then subsequently observing (i.e., resighting) marked animals, commonly with binoculars 

and spotting scopes. Thus, individuals can be identified without having to be physically 

recaptured or encountered dead, allowing monitoring across both space (throughout the annual 

cycle) and time (seasons and years). Capture-resighting programs have been successfully 

maintained for many species with high site fidelity and observability such as black brant (Branta 

bernicla nigricans; Ward et al. 1997), piping plovers (Charadrius melodus; Cohen and Gratto-

Trevor 2011), and cormorants (Phalcrocorax carbo sinensis; Frederiksen and Bregnballe 2000). 

Further, there is a growing body of literature demonstrating seasonal survival estimation methods 

(Arnold et al 2016; Devers et al. 2021). Some species of waterfowl may be logistically 

challenging to capture or are unobservable during one season, such as those nesting in remote 

Arctic habitats. Seasonal survival estimates may also facilitate better understanding of sensitive 

periods for which to prioritize conservation efforts of targeted species. Capture-resighting data 

sets and season specific survival estimation have the capacity to increase precision and improve 

survival estimation when combined with dead-recovery data (Kendall et al. 2013, Weegman et 

al. 2020, Devers et al. 2021). 

Survival information can be incorporated into population models that also include 

information about reproductive success for deeper understanding about viability, sensitivity, and 

elasticity of all parameters potentially contributing to population change (Schmutz et al. 1997, 

Nichols et al. 2007, Layton-Matthews et al. 2019). Such models may also allow for scenario 

planning under forecasted climate change projections or various levels of harvest, and can be 

informed by simulation studies. For example, Zhao et al. (2020) used band recovery data 

alongside breeding population survey and environmental data in integrated population models 
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(IPMs) to predict population response to future climate and landscape change scenarios for 

northern pintails (Anas acuta), and Koneff et al. (2017) incorporated survival rates into a 

simulation study to better understand the effects of harvest scenarios on sea duck populations. 

Simulation studies such as these which assess a suite of potential scenarios may assist 

conservation practitioners in prioritizing limited funds and resources to areas where they have 

the most impact. Marking schemes for waterfowl often only yield data about the release and 

potentially recovery of an animal. Recaptures or resightings provide an exciting additional data 

type for more information about survival of marked animals.  

Atlantic brant (Branta bernicla hrota) are an Arctic-nesting goose iconic to the Atlantic 

Flyway in North America, and a priority for conservation planning by the Arctic Goose Joint 

Venture (AGJV Strategic Plan, unpublished report 2018) and Atlantic Coast Joint Venture 

(Manus et al. 2005). Yet relatively little is known about Atlantic brant compared to other North 

American waterfowl (Lewis et al. 2020). Goose populations in North America are managed with 

emphasis on breeding populations which require reliable survival estimates. New methodological 

and analytical approaches such as capture-resighting programs which leverage multiple data 

types may improve precision in survival estimates compared to dead recovery (DR) models 

alone (Weegman et al. 2020). Atlantic brant are a candidate species for a capture-resighting 

program because approximately 85% of the population concentrates along the heavily urbanized 

Atlantic coast of New York and New Jersey, USA during winter (Roberts 2020), and they are 

highly observable.  

In 2018, a color-marking and resighting program for Atlantic brant was initiated, where 

birds were captured on both Arctic breeding and Atlantic coast wintering areas, fitted with field 

readable colored leg bands with unique alphanumeric and color combinations, then subsequently 
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resighted on Atlantic coast wintering areas. We estimated Atlantic brant survival from 2000 to 

2020 using all available banding, recapture and recovery data. We then used brant survival, 

resighting, and recovery estimates to develop two simulated JE survival models that explored the 

potential for improvement in precision of survival estimates: (1) a two-season model to represent 

a longer-term winter operational banding program for Atlantic brant, and (2) a simpler, single 

season model to represent continuation of summer operational Atlantic brant banding, which has 

been in place since 2000. We created a suite of scenarios using combinations of releases and 

resighting probabilities to represent different levels of capture and survey effort. Using this 

combination of real banding data and simulations, we evaluated the feasibility of a two-season 

capture-resighting program for Atlantic brant, and explored the most efficient sampling 

framework which improved precision of survival estimates. We predicted that precision in 

survival estimates would increase for two season, JE models compared to single season JE or DR 

models (Kendall et al. 2013; Weegman et al. 2020; Devers et al. 2021).  

 

STUDY AREA 

Summer captures and banding occurred on tidal areas of Baffin Island and Southampton Island, 

Nunavut, Canada led by the Canadian Wildlife Service (Figure 1A). Brant aggregating on 

Southampton Island fall within the East Bay Migratory Bird Sanctuary and consist of primarily 

non-breeding birds, with low nesting success (Nissley 2016). Brant aggregating on Baffin Island 

breed along a thin strip of coastal habitat where an operational banding program on the Great 

Plain of the Koukdjuak is located.  

Winter captures, banding, and resightings of Atlantic brant occurred primarily in coastal 

areas of New Jersey (NJ) and New York (NY) but expanded to Rhode Island (RI) during 2020-
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2021 (Figure 1B). In NJ, brant congregate south of Barnegat Bay to Cape May and to a lesser 

extent from Sandy Hook to Point Pleasant in estuarine habitats protected by barrier islands. Brant 

in NY occur in greatest concentrations in southern Nassau County (western Long Island) and 

Jamaica Bay National Wildlife Refuge. Approximately 85% of the Atlantic brant population 

winters in this tidal estuarine system (Roberts 2020) which has been highly altered by human 

development and is among the most urbanized landscapes in North America. 

 

METHODS 

Capture and Banding 

A capture-resighting program for Atlantic brant was developed in collaboration with the 

Canadian Wildlife Service Eastern Arctic Banding Program on Baffin and Southampton Islands 

during summer. Atlantic brant were captured and marked on breeding areas of Baffin and 

Southampton Islands, Nunavut, Canada prior to the hunting season (hereafter, pre-season 

banding) during the flightless stage of molt, using helicopter herding techniques assisted by 

ground personnel with nets (Kirby et al. 1986) in July and August 2018 and 2019 (Figure 1A). 

Post-hunting season banding of Atlantic brant occurred in upland habitats (parks, golf courses, 

and sports fields) and fresh-water seeps of unconsolidated shores in NJ and NY using rocket nets 

(Cleary 1994) or a Coda Netlauncher (Coda Enterprises, Inc.) during January-April 2018-2021 

(Figure 1B). Brant decoys and audio recordings were used to attract groups of geese close to nets 

for capture. 

 Birds were aged as local (L), hatch year (HY), or after hatch year (AHY) on breeding 

areas, and second year (SY) or after second year (ASY) based on plumage characteristics 
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(Carney 1964) on wintering areas. We refer to locals, hatch years, and second years as juveniles 

and after hatch years and after second years as adults. Sex of captured birds was determined by 

cloacal examination (Hochbaum 1942). 

Captured brant were fitted with one color band per leg and one standard stainless-steel 

federal band. Each color band had a unique engraved alphanumeric character with a line above 

the color band (the latter to distinguish Atlantic brant from Eastern High Arctic-breeding light-

bellied brent geese, which breed in the Canadian High-Arctic and winter in Great Britain and 

Ireland, and are also marked with color bands). Select female brant were fitted with a light-level 

geolocator device affixed to a red, plastic band with a unique 3-character sequence on the leg 

instead of the double color marking scheme as part of a complementary study about breeding 

propensity. Hatch year birds captured in broods on Arctic breeding areas were only marked with 

a single steel band because of their small size. Capture and handling of Atlantic brant was 

permitted through the Canadian Wildlife Service (permit 10415), U.S. Geological Survey 

(USGS) Bird Banding Laboratory (BBL; permits 03768 and 06460 for NY and NJ respectively), 

and University of Missouri Animal Care and Use Committee (protocol 9684). 

 Additionally, we compiled existing band-recovery data for birds marked with metal 

federal bands only from the U.S. Geological Survey Breeding Bird Laboratory (USGS BBL) via 

the GameBirds database (USGS 2021; Tables 1 and 2). We used metal banding data from 2000 

through the 2020/2021 hunting season (Brownie et al. 1985). We only used records of normal, 

wild birds released in the same 10-minute block on either breeding (during August and July and 

comprising pre-season banding efforts) or wintering (between January and April and comprising 

post-season efforts) areas, and dead recoveries from hunter harvest between September and 

January. Atlantic brant banding data since 2000 was mostly from Baffin Island and Southampton 
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Island, and few birds were captured during winter pre-2018. We separated brant by banding 

season (summer and winter), age (juvenile and adult), and marker type (metal band, double color 

bands, and geolocator bands) for analysis (Tables 1 and 2). 

 

Winter Resightings 

Resightings were conducted by trained field observers in NJ and NY from November 2019 to 

May 2020 and November 2020 to May 2021, and RI from November 2020 to May 2021. 

Resighting survey routes were developed using locations where unmarked brant were previously 

observed (Appendix E). Survey sites consisted primarily of upland habitats (parks, ballfields, and 

golf courses), but freshwater seeps of unconsolidated tidal shorelines, tidal mudflats, and 

municipal beaches were also surveyed. We assigned sites along routes as high, medium, or low 

priority according to resighting potential based on perceived brant use and observability at a 

given location. Sites were also classified by recommended tide for conducting resightings (low, 

high, or no recommendation). We defined 94 resighting survey sites along three routes in NJ and 

73 resighting survey sites along four routes in NY. Survey locations were distributed along 

approximately 200 km of the NJ shoreline whereas survey locations in NY were distributed 

along approximately 75 km of the NY shoreline in western Long Island and New York City 

(Figure 2).  

Resighting effort varied spatially and temporally within and among winters with 

proportionally less effort during the first field season (November 2019 – May 2020) due to travel 

restrictions from the COVID-19 pandemic. Effort increased during the second field season 

(November 2020 – May 2021) due to loosened travel restrictions and increased coordination of 

additional observers (Table 2; Figure 2; Appendix A). Resighting effort in NY was greater than 



52 
 

in NJ due to closer proximity between survey sites resulting in faster transit times and greater 

field staffing and volunteer capacity in NY compared to NJ (Appendix A).  

Field observers scanned flocks of birds, located marked brant, and read unique color band 

combinations using a 22-48X65 mm spotting scope, binoculars, or recorded color band 

combinations using camera photos. Over the course of both field seasons, we recorded 

resightings of 1664 uniquely color-marked Atlantic brant (Table 2, Appendix A). From 

November 2019 to May 2020, 695 uniquely color-marked Atlantic brant were resighted, and 

from November 2020 to May 2021, 969 were resighted (Table 2). We resighted 590 uniquely 

color-marked Atlantic brant in NJ, 1114 in NY, and 40 in RI over the course of both field 

seasons (Figure 2, Appendix A). 

 

Survival Analyses 

Two-Season Atlantic Brant Survival 2000-2021 

Summer to winter survival (i.e., July to January; hereafter hunting season) and winter to summer 

survival (February to June; hereafter non-hunting season) was estimated separately. There were 

two summer color-marking marking occasions during 2018 and 2019 and four winter color-

marking occasions during 2018-2021. For summer and winter marked birds there were three 

encounter occasions (dead recoveries and resightings) between 2019 and 2021 (Table 2). We 

modeled resighting probability as a function of marker type such that double leg/single character 

color bands were ascribed a different resighting probability than 3-character geolocator markers, 

but these two data streams contributed to a seasonal survival probability. Harvest occurred from 

October to January during the hunting season survival interval.  
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We developed a two-season, two age-class joint live and dead encounter model in a 

Bayesian multistate framework (Burnham 1993, Weegman et al. 2020) which incorporated all 

live encounter and dead recovery data to estimate survival of Atlantic brant from 2000 to 2021. 

Recovery probability was defined as the reported mortality probability based on the Seber 

parameterization (Seber 1970). We developed this two-season JE model structure to evaluate 

whether a winter marking program could augment ongoing summer marking. This model 

structure allowed for seven possible states: “juvenile alive in study area”, “juvenile alive outside 

study area”, “juvenile recently dead”, “adult alive in study area”, “adult alive outside study area”, 

“adult recently dead”, and “dead absorbing”. Possible and observed states were linked in a state-

transition matrix through an observation matrix containing seven possible observation states: 

“juvenile seen alive in study area”, “juvenile seen alive outside study area”, “juvenile recovered 

dead”, “adult seen alive in study area”, “adult seen alive outside study area”, “adult recovered 

dead”, and “juvenile or adult not seen or recovered”. Note that juvenile- and adult- “seen alive 

outside study area” were never recorded and impossible observations, however, they were 

necessary to include in the observation matrix to accommodate our age-structure (Table 3). 

We did not account for any individual level effects. Therefore, to improve model run time 

and computational efficiency, we summarized individual capture histories into m-arrays specific 

to multi-state JE models following the methods described in Weegman et al. (2022). These m-

arrays are expanded versions of the original resighting or recovery m-arrays and incorporate 

transitions for both alive and dead states. We created separate m-arrays representing the unique 

combination of each capture season, marker type and age, which resulted in 10 m-arrays; 6 m-

arrays included adults marked with metal bands during summer, color bands during summer, 

geolocators during summer, metal bands during winter, color bands during winter, geolocators 
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during winter, and 4 m-arrays included juveniles marked with metal bands during summer, metal 

bands during winter, color bands during summer, color bands during winter. All m-arrays were 

used together to estimate survival probability for each age-class and hunting and non-hunting 

season (i.e., four survival probabilities per year), three annual reported mortality probabilities for 

each marker type (metal band, double color band, geolocator), and two annual resighting 

probabilities for the different auxiliary markers (single-character/double-leg color bands and 

three-character/single-leg geolocators).  

We estimated survival probability for age (c; adult and juvenile) and year (t) according to 

hunting-season (h) and non-hunting season (nh; 𝑆𝑐,𝑡
ℎ  and 𝑆𝑐,𝑡

𝑛ℎ, respectively) from time t to time t 

+ 1, and mean age and season specific fidelity probability (𝐹𝑐
ℎ and 𝐹𝑐

𝑛ℎ, respectively). we 

modeled mean reported mortality probability using a Seber parameterization (𝑟𝑚) and resighting 

probability (𝑝𝑚) as a function of each marker type (m; metal band, geolocator, and double color 

marker) to evaluate potential band-targeting and account for different detection probability 

between geolocator and double color marker types (note that no resighting probability was 

estimated for metal banded-only brant because they could not be resighted and identified in the 

field). We estimated annual survival using the product of hunting-season in time t and non-

hunting season survival in time t + 1, which can be represented mathematically as: 

𝑆𝑐,𝑡 =  𝑆𝑐,𝑡
ℎ  𝑥 𝑆𝑐,𝑡+1

𝑛ℎ  

with age c and time t. Note seasonal survival estimates should be interpreted with caution due to 

the limited sample sizes during winter and missing years of data over the study period (Table 1). 

Greater value comes from multiplying seasonal estimates for annual estimates. The seasonal 

framework is necessary to accommodate marks deployed in summer and winter. 
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We assumed harvest mortality occurred throughout the entire Atlantic brant range 

(Appendix D) and all emigration from sampling locations was permanent. We also assumed 

captured individuals were representative of the Atlantic brant population, there was no 

marker/band loss, markers/bands had no effect on survival, and all bands were observed and 

recorded correctly. During capture periods we assumed there were no deaths or immigration, 

sampling was instantaneous, and ages were correctly determined. Survival between sexes was 

assumed similar due to long-term pair bonding and shared brood rearing efforts, similar to other 

Arctic-nesting geese (Roberts et al. 2021, Kéry et al. 2006). Survival, detection, and reported 

mortality probabilities were assumed to be the same for individuals of the same cohort (no 

unmodeled individual heterogeneity) and independent among marked individuals.  

We used vague priors from a uniform distribution (0, 1) for annual resighting and 

reported mortality probabilities as well as season- and age-specific fidelity probabilities. We 

included random year effects for season- and age-specific survival probabilities. First, we drew a 

grand mean value from a vague uniform distribution (0, 1) for each season and age combination. 

We then drew from a normal distribution with mean equal to the grand mean value on the logit 

scale and variance σ2, where σ2 was drawn from a gamma distribution with shape and rate equal 

to 0.01. All models were run in JAGS (Plummer 2003) using the ‘jagsUI’ package (Kellner 

2019) in Program R, version 4.1.6.2 (R Core Team 2021). Three Markov Monte Carlo chains 

were run for 200,000 iterations with a burn-in of 50,000, thinned by 50, yielding 9,000 posterior 

estimates for each parameter. We visually inspected MCMC chains from trace plots to assess 

appropriate chain mixing and considered that parameter converged when R-hat values were <1.1 

(Brooks and Gelman 1998). 
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Two-Season Simulated Survival Scenarios 

To evaluate potential for improvement in precision of Atlantic brant survival estimates with the 

addition of a winter marking period and resighting data to existing summer capture efforts and 

recovery information, we developed a series of scenarios using simulations to reflect several 

combinations of marking and resighting effort (Table 4). We selected values to simulate survival, 

fidelity, and reported mortality probabilities based on results from a model using only metal 

bands deployed in summer because the time-series was the longest (annual adult survival = 0.85, 

juvenile survival = 0.73, fidelity = 0.895). Using summer capture data from 2000 to 2019, we 

calculated average brant captured per year and average proportion young at banding to reflect the 

current effort (average total captures = 1000, average proportion young = 12.8% juveniles). We 

determined the average total brant and proportion young captured per year during the 

experimental supplemental winter capture efforts from 2018 to 2021 to reflect the current winter 

effort (average total captures = 850 and average proportion young = 8.5% juveniles). Summer 

and winter capture efforts are likely at capacity given agency resources and personnel. We held 

summer capture efforts constant for simulations because this operational banding program is 

currently used to inform the harvest management framework for Atlantic brant and unlikely to be 

changed. We selected three capture effort levels (annual N = 100, 500, 850) and four resighting 

effort levels (p = 0.05, 0.15, 0.25, 0.35) to assess improvements in precision of survival 

estimates. We applied the average winter proportion young at banding to determine the number 

of birds released in each age-class. The average resighting probability between double color 

markers and geolocators determined in the empirical model was approximately 0.35. 

Considering color markers were placed on birds during summer as well, we considered this the 

maximum achievable resighting effort level. Thus, we selected reduced resighting probabilities 
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to evaluate. We believe it is unlikely to achieve resighting probability ≥0.25 with annual color 

marker releases ≤400 because detectability of color markers is likely reduced when a smaller 

proportion of the population is marked. Therefore, we only evaluated resighting probabilities of 

0.05 and 0.15 for release efforts of 100 and 400 birds. This resulted in a set of eight possible 

simulation scenarios (Table 4).     

 We did not simulate releases of color-marked birds during summer because we were 

interested in evaluating improvements in precision in survival estimates through supplemental 

winter color marking. We simulated dead-recovery data to represent current summer 

deployments of metal bands. We used a slightly modified state transition and observation matrix 

as described for the empirical two-season Atlantic brant survival model to simulate multi-state 

individual capture histories (Table 5). Such modifications were necessary to simulate seasonal 

data. We fixed the state transition for juvenile harvest to 0 because color marks are only applied 

to juvenile brant during post-hunting season captures. Any simulated juveniles with color 

markers thus transitioned to adults prior to their first hunting season where they were available 

for harvest. Because encounter data were simulated annually, we created explicit survival 

probabilities for each season and age-class. We used 0.988 for winter juvenile and adult survival 

to reflect high survival during the non-hunting season, and 0.739 and 0.860 for summer juvenile 

and adult survival respectively (i.e., 0.739 * 0.988 = 0.73, the annual juvenile survival value 

from empirical data). To simulate juvenile winter encounter data, we used the product of juvenile 

winter survival (0.988) and adult summer survival (0.860) to reflect the transition from juvenile 

to adult. We simulated adult and juvenile data with F = 0.8 but fixed F to 1 within our models 

and did not monitor fidelity because we were most interested in survival estimates and 

understanding improvements in precision. We simulated 10 years of winter multistate data 
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(Table 4). We simulated a single 10-year dead-recovery dataset with 1000 annual releases, and 

proportion young 12.8% to reflect current summer metal-only banding efforts, and compared 

survival estimates from a JE model to those from a DR model.  

All simulations were conducted in JAGS (Plummer 2003) via the “jagsUI” package 

(Kellner 2019) using Program R version 4.1.6.2 (R Core team 2021). We again used vague priors 

from a uniform distribution (0, 1) for annual resighting and reported mortality probabilities. As 

in the empirical brant model, we included random year effects for season- and age-specific 

survival probabilities. We drew a grand mean value from a vague uniform distribution (0, 1) for 

each season and age combination, then drew from a normal distribution with mean equal to the 

logit value of the grand mean and variance σ2, where σ2 was drawn from a gamma distribution 

with shape and rate parameters 0.01. We used three MCMC chains with 200,000 iterations, a 

burn-in of 50,000, and thin rate 50, yielding 9,000 posteriors for each parameter. We visually 

inspected traceplots and determined convergence when R-hat < 1.1 (Brooks and Gelman 1998)  

 

Single-Season Simulated Survival Scenarios 

To evaluate potential improvements in precision of survival estimates for Atlantic brant when 

leveraging resighting and recovery data under a single season capture and marking effort, we 

collapsed the two-season modeling framework into a single-season and single age-class 

framework. There were four possible states: “alive in study area”, “alive outside study area”, 

“recently dead”, and “dead absorbing” in the state transition matrix which were linked to three 

possible observed states; “seen alive”, “recovered dead”, and “not seen or recovered” in the 

observation matrix (Table 5). Only individuals that were recently dead could be recovered in this 

framework. The state transition matrix was four dimensional, beginning with the departure state 



59 
 

followed by the arrival state for each individual i at time t. We calculated state transitions using a 

latent state z, which for multi-state modeling approaches uses a categorical distribution. All 

possible transition probabilities were modeled, and r was included in the transition matrix to 

overcome an update problem as described in Kéry and Schaub (2012). Possible and observed 

states were linked in the observation matrix such that latent states were informed by observation 

data when present (Table 5). 

In contrast to the two-season models which were summarized in m-arrays with a 

multinomial likelihood, we used a state-space formulation for all single season, single age class 

simulations. We used mean values of S = 0.831, F = 0.895, and r = 0.227 from empirical 

estimates for adult Atlantic brant during summer. We simulated annual individual capture 

histories for 10 years. We selected possible resighting probabilities of 0.04, 0.12, and 0.20 to 

reflect different levels of resighting effort. To simulate annual probabilities for each parameter, 

we used a normal distribution on the logit scale, then back-transformed the resulting values 

yielding: S = {0.885, 0.732, 0.758, 0.705, 0.806, 0.536, 0.743, 0.850, 0.877}, F = { 0.916, 0.959, 

0.876, 0.762, 0.903, 0.890, 0.887, 0.816, 0.767}, r = {0.275, 0.267, 0.243, 0.244, 0.279, 0.284, 

0.212, 0.192, 0.257}, p (0.04) = {0.061, 0.023, 0.026, 0.020, 0.034, 0.010, 0.024, 0.046, 0.057}, 

p (0.12) = {0.133, 0.184, 0.111, 0.077, 0.125, 0.117, 0.116, 0.090, 0.078}, and p (0.20) = {0.294, 

0.278, 0.231, 0.232, 0.304, 0.314, 0.174, 0.140, 0.257}. We selected three annual release values 

(N = 100, 300, 500). We created seven possible simulation scenarios which varied the number of 

annual releases and resighting probability (Table 6.). Priors for S, F, p, and r were all vague and 

from uniform distributions (0, 1). We included random time effects for all parameters from a 

normal distribution with mean 0 and variance σ2, where σ2 came from an inverse uniform 

distribution (0, 10). 
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This suite of simulations was completed in JAGS (Plummer 2003) implemented through 

the jagsUI package (Kellner 2019) using Program R version 4.1.6.2 (R Core Team 2021). 

Models with 100 or 500 releases annually and resighting probability = 0.04 were run using three 

chains, 200,000 iterations, a burn-in of 40,000, thinned by 10 yielding 48,000 posteriors for each 

parameter. All other models used three chains for 100,000 iterations, a burn-in of 20,000, thinned 

by 10 yielding 24,000 posteriors. Model convergence was determined through visual 

examination of traceplots and when R-hat values >1.1 (Brooks and Gelman 1998). 

 

Dead-Recovery Simulated Survival Scenarios 

We developed a single season dead-recovery (DR) model with a Seber parameterization 

(reported mortality probability rather than recovery probability of the Brownie parameterization 

which reflects harvest rate) to compare precision of survival estimates under various JE marking 

and resighting effort scenarios (Brownie et al. 1985, Seber 1970). We summarized individual 

encounter histories into m-arrays (Burnham et al. 1987, Williams et al. 2002) and formulated the 

model with a multinomial likelihood to improve computational efficiency and model run time. 

For direct comparison of JE and DR model performance, we simulated dead-recovery data which 

aligned with all sample sizes in both the single-season/single age-class and two-season/two age-

class simulations. We used vague priors from a uniform distribution (0, 10) for survival and 

reported mortality probabilities. Random time effects for both survival and reported mortality 

probabilities were included using a normal distribution with mean 0 and variance σ2, where σ2 

was drawn from an inverse uniform distribution (0, 10). Dead-recovery models were run with 3 

MCMC chains for 100,000 iterations, a burn-in of 20,000, thinned by 10 yielding 24,000 

posteriors for each parameter. Model convergence was again assessed through visual inspection 
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of traceplots for appropriate chain mixing and determined when R-hat values < 1.1. (Brooks and 

Gelman 1998) 

 

 

RESULTS 

Atlantic Brant Survival 

Mean adult survival for Atlantic brant was 0.906 (95% Credible Interval [CRI] 0.868, 0.941) 

during the hunting season and 0.956 (95% CRI 0.896, 0.993) during the non-hunting season 

(Table 7) resulting in a mean adult annual survival of 0.866 (95% CRI 0.778, 0.934) over the 

study period 2000-2021. Mean juvenile survival for Atlantic brant was 0.895 (95% CRI 0.832, 

0.942) during the hunting season and 0.704 (95% CRI 0.430, 0.919) during the non-hunting 

season (Table 7) resulting in a mean juvenile annual survival of 0.63 (95% CRI 0.358, 0.866) 

over the study period 2000-2021. Time-dependent seasonal survival was highly variable (Figure 

3a and b). Mean precision (i.e. 95% CRI width), minimum, and maximum annual adult survival 

probabilities over the study period were 0.173, 0.876, and 0.936 respectively (Figure 3c). Mean 

precision, minimum, and maximum annual juvenile survival probabilities over the study period 

were 0.487, 0.120, and 0.700 respectively (Figure 3c).  

Mean resighting probability was 0.52 (95% CRI 0.465, 0.581) for Atlantic brant marked 

with double color bands and 0.347 (95% CRI 0.306, 0.392) for Atlantic brant marked with single 

leg geolocators (Table 7). Mean reported mortality probability for metal banded Atlantic brant 

between 2000 and 2021 was 0.427 (95% CRI 0.314, 0.627; Table 7). Mean reported mortality 

probability was 0.547 (95% CRI 0.368, 0.866) for double-leg color marked Atlantic brant and 

0.379 (95% CRI 0.250, 0.596) for single-leg geolocator marked Atlantic brant (Table 7). Mean 
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fidelity probability for adult Atlantic brant was 0.895 (95% CRI 0.790, 0.990) during summer 

and 0.998 (95% CRI 0.992, 1.000) during winter (Table 7). Fidelity probability for juvenile 

Atlantic brant was 0.499 (95% CRI 0.026, 0.973) during summer and 0.975 (95% CRI 0.912, 

0.999) during winter. Juvenile summer fidelity probability was poorly estimated (95% CRI 

nearly spanned 0 to 1) because there were few color marked birds during summer. 

 

Simulations of Two-Season Survival Models 

Precision in survival estimates did not improve from two-season JE models compared to DR 

models among the suite of release and resighting probability scenarios, except for adults in the 

largest sample size scenario (778 adult releases annually with a resighting probability of 0.35; 

Figure 4). Surprisingly, there was a negative bias in survival estimates from the JE model (Figure 

4), and it was apparent in adult survival estimates under all scenarios of the JE model simulations 

(Figure 4). Juvenile annual survival estimates from JE models were more imprecise under all 

simulation scenarios except the highest number of releases (122 juvenile releases annually). 

Precision in estimates for juveniles were similar between the DR model and across resighting 

probabilities of JE models (Figure 4).  

Reported mortality probabilities were biased high across all JE simulation scenarios, with 

the 95% CRI of all but model 5 (N = 850 and p = 0.05; Table 4) covering the simulated value of 

r = 0.231 (Table 8). Credible interval width of reported mortality probabilities from JE models 

was generally similar across release values and resighting probabilities, but smaller under 850 

annual releases when p = 0.25 and 0.35, indicating greater precision in estimates for these two 

scenarios (Table 8). Dead-recovery models for all sample sizes estimated mean reported 
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mortality probabilities within 0.03 of the simulated value, and precision improved as sample size 

increased (Table 8). Resighting probabilities were biased slightly low from values used to 

simulate JE data, but estimates were generally precise (Table 8).  

 

Simulations of Single-Season Survival Models 

Precision in survival estimates from single season, single age class JE models did not improve 

across the suite of simulations when compared to DR models of identical sample sizes (Table 9, 

Figure 5; Appendix B and C). However, JE models captured time-dependent variation in survival 

estimates better than DR models, which tended to produce time-dependent estimates centered 

around the overall mean (Figure 5). Precision in survival estimates for both JE and DR models 

improved with increased sample sizes of annual releases (Table 9, Figure 5). Joint-encounter 

models with 100 and 300 releases had similar levels of precision in survival estimates under both 

resighting probabilities of 0.04 and 0.12, and models with 500 releases showed slight 

improvements in precision with increasing resighting probability (Table 9, Figure 5, Appendix 

C). Similar trends occurred in reported mortality probability estimates compared to survival 

estimates across the suite of simulations and between DR and JE models in that precision 

improved with sample size, and that DR models were more precise at the same sample size of JE 

models. Precision in estimates of r increased in JE models with the number of annual releases, 

but not with resighting probability (Table 9, Figure 5).  

 

DISCUSSION 
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We estimated Atlantic brant survival with a two-season JE modeling framework from 2000 to 

2021. Both juvenile and adult survival and reported mortality probability estimates were 

imprecise over this period. Reported mortality probability for metal marked brant was estimated 

at 0.43 (95% CRI 0.31, 0.63) which is noticeably high and likely biased. These results suggest 

the two-season JE modeling framework did not leverage resightings, which we believe is 

because one of two survival seasons was latent (there were no resightings or recoveries). Under 

several scenarios of varied capture and resighting effort using single-season, single age-class 

models and two-season, two age-class models, we found there was no substantial improvement 

in precision of survival estimates from JE models with or without supplemental winter color-

marking, compared to those from single season DR models. Estimation of seasonal survival is 

computationally challenging and logistically limited for Atlantic brant, and additional model 

parameterizations should be explored further. For example, a variance-covariance matrix could 

leverage overall means to accommodate small sample sizes and latent season parameter 

estimation. Simulation scenarios allowed us to directly compare the benefits and trade-offs of 

different marking and resighting effort schemes, which require more years of data to test in field 

settings. Results from our simulations suggest that designing scenarios to accurately represent 

ecological processes is challenging, and ideally requires an empirical dataset of equal years and 

structure for cleanest comparison. 

 We formulated models on a seasonal basis because of our interest to test a supplemental 

winter marking program, and to take advantage of the full suite of existing marking data for 

Atlantic brant. While two-season modeling approaches have been successful for improving 

survival estimates for other species of waterfowl marked on wintering areas, such as mallards 

(Anas platyrhnchos), American black ducks (Anas rubripes; Devers et al. 2021) and lesser scaup 



65 
 

(Aythya affinis; Arnold et al. 2016), these approaches used DR models with metal banding data 

alone. The approach we describe incorporates both resightings and dead recoveries in a single 

modeling framework. The addition of resighting data in our two-season models resulted in 

greater complexity to estimating each period of survival. Yet recoveries and resightings of 

Atlantic brant all occur during the fall and winter, and inform only the hunting season survival 

estimate. Thus, our non-hunting season is a latent component (not directly informed by data) of 

our annual framework. The approach described in Devers et al. (2021) included marked sample 

sizes that were much larger than feasible for Atlantic brant (>2,000 releases per season; more 

than double that possible for brant). The capacity for Atlantic brant seasonal survival estimation 

may thus be limited by capture effort. A modified framework using resulting MCMC variance-

covariance matrices from two-season JE survival models could strengthen our capacity to 

estimate seasonal survival, as in Arnold et al. (2016) who conducted a two-season survival 

analysis for lesser scaup. This model structure incorporated hyperparameters to provide 

structural links among parameters with expected correlations (overall means of rates), therefore 

sharing model estimation power for years or cohorts with sparse data (Otis and White 2004). 

Sedinger et al. (2010) similarly implemented MCMC methods to estimate process correlation 

and be able to parse relationships between additive and compensatory hunting mortality in 

greater sage-grouse (Centrocercus urophasianus) demonstrating broad utility of this method to 

address statistical confounding issues. Variance-covariance matrices could be particularly 

beneficial for future Atlantic brant research because our results demonstrate sample sizes likely 

limited estimation.    

Over all two-season modeling approaches (empirical and simulation scenarios), reported 

mortality probabilities were biased high, which we believe is due to the seasonal framework (i.e., 
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no information about reported mortality in one of two seasons). Reported mortality probability 

for Atlantic brant from DR models using summer metal bands produced r = 0.23, yet we 

consistently estimated r ~ 0.40 with wide 95% CRIs for real and simulated models. Our study 

design accurately captured the ecology and harvest of brant, but mathematically the lack of 

information in one season did not allow us to leverage the two-season framework to the greatest 

extent and could have contributed bias to estimation of reported mortality probability. O’Brien et 

al. (2005) used a combination of empirical and simulated capture-recapture data and found 

increased bias in survival estimates when recapture probabilities were less than 0.2 suggesting it 

is important to understand how limited information from data to inform models can influence 

results. This limitation needs further exploration to understand the extent to which a latent 

seasonal reported mortality probability could influence annual reported mortality probability. We 

acknowledge that brant harvest has been dynamic over the course of our study and five different 

regulatory packages were implemented ranging from a 30-day season with a one-bird bag limit 

to a 60-day season with a three-bird bag limit. Varied harvest and effort associated with different 

season frameworks could influence reported mortality probabilities among years and 

comparisons of reported mortality among marker types (Roberts et al. 2021).  

While we showed there was no increase in precision of survival estimates in JE models 

compared to DR models under our suite of single-season, single age class modeling scenarios, 

we believe that simulations are a useful tool for designing marking studies of animals. For 

example, Calvert et al. (2009) demonstrated greater precision in parameter estimates when using 

multi-state modeling simulations in a Bayesian hierarchical framework compared non-

hierarchical approaches, and increased bias and uncertainty with smaller sample sizes. Simulated 

data provides a powerful approach to understanding anticipated results from varying study 
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designs and quantifying areas or sources of bias or uncertainty. To improve our study design in 

future years, we could either substantially increase or tighten variance when simulating data to 

better replicate ecological processes. Weegman et al. (2020) compared DR models for lesser 

snow geese with joint encounter models and found that incorporation of limited recapture 

information substantially improved precision of survival estimates. Their empirical DR model 

estimated demographic parameters with much more uncertainty than our simulated DR models 

using brant parameter ranges. We were limited in the time series of empirical brant color 

marking and resighting data (2 resighting periods, 3 years overall). Therefore, it is possible that 

our capture-resighting framework may improve precision of survival estimates as more birds are 

marked, resighted and recovered over more years.  

When comparing the same sample sizes from DR to JE models, we suspect JE models 

require larger sample sizes to accommodate additional model complexity. Dead-recovery models 

estimate survival and reported mortality probability, but JE models also estimate fidelity and 

resighting probability, allowing for greater inference of survival estimates because fidelity is an 

estimate of permanent movement. Thus, a simpler JE model structure with the same amount of 

data, such as a time constant parameterization, could perform better than a model with increased 

structure and parameters to estimate. 

 There are several assumptions in our modeling frameworks. For the suite of capture, 

recapture, and recovery models, we assumed no marks were lost. We also assumed all bands 

were recorded correctly in resightings and recoveries. Consequences of violating this assumption 

may have resulted in either negative or positive bias in parameter estimates, and are difficult to 

account for. We did not impose a rule-set or filter our resighting data to require codes be 

observed more than once per season because we would have retained only 63.4% of our 
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observation dataset. Yet similar capture-resighting studies often apply such filters to prevent 

violation of this assumption, at the expense of encounter data (Inger et al. 2010, Cleasby et al. 

2017). These studies commonly have a longer time series. While we acknowledge this may have 

influenced our results, we only used resighting data from trained observers. We anticipated that 

having a core group of trained observers lessened the violation of this assumption. Another 

assumption of our model was there was no dependency in survival among marked birds. Geese 

exhibit strong pair bonds, and extended parental care of young (Black and Owen 1989, 

Weegman et al. 2016a). This is important to consider especially for recovery data because family 

groups or paired geese may be vulnerable to harvest together. Potential bias in survival 

dependency could be examined with resampling procedures or goodness-of fit tests (Schmutz et 

al. 1995; Choquet et al. 2009). Lastly, we assumed markers did not affect survival. Since color 

markers are visible in the field, there is potential for birds to be targeted by hunters. This could 

bias reported mortality probability high for our study. Brant were marked on wintering areas of 

NY and NJ where approximately 85% of their population concentrates during the hunting season 

(Roberts 2020). At this point, we have three years of harvest information for color-marked brant, 

and will require a longer time-series before band targeting can be evaluated robustly. We 

recommend band targeting be closely monitored to evaluate its influence on survival and harvest 

estimates.   

 Overall, we found that a two-season JE survival model did not result in precise seasonal 

or annual survival estimates because encounter occasions were limited to one season and our 

modeling framework, while mathematically complex, could not leverage data from both seasons. 

Our single season JE survival model did not yield significant improvement in survival estimates 

compared to DR models, likely because we were limited in sample size (number of annual 
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releases) and resighting probabilities that reflected realistic brant effort scenarios were too low. 

We never reached sample sizes large enough to realize benefits of combining live and dead 

encounter data. Therefore, in both two-season and single-season JE survival models using 

simulated data, we found it challenging to leverage resighting and recovery data and represent 

Atlantic brant ecology (relatively stable and high adult survival), and suspect that simulated DR 

models were more precise than those produced with empirical data. These findings suggest that 

further exploration of a single season model which incorporates both metal and color bands to 

improve precision in survival estimates could be fruitful. We demonstrated that a simpler 

approach of a single-season model, either DR or JE, rather than a two-season JE model has 

greatest potential for precise survival estimates, and thus future conservation planning for 

Atlantic brant, due to set months of harvest season and sample size of marked birds. Dependent 

on conservation and management goals for Atlantic brant, and additional uses of color banding 

data such as estimation of lifetime reproductive success, practitioners could reasonably choose 

DR or JE survival modeling in future years.  
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TABLES 

Table 1. The number of metal banded Atlantic brant captures (releases) and recoveries, 2000-

2021. Note that because the hunting season spans two calendar years from approximately 

October through January, recoveries are listed as the latter year of the season (e.g., recoveries 

from November 2019 are included in the year 2020). 

Year Captures Recoveries 

  Winter Summer  
  j a j a   

2000 0 0 515 515 0 

2001 0 0 352 1324 25 

2002 89 89 10 1096 73 

2003 21 322 138 1235 165 

2004 188 341 0 1047 221 

2005 89 226 230 554 126 

2006 35 57 22 959 280 

2007 31 90 273 1280 200 

2008 8 3 102 992 192 

2009 15 64 27 911 311 

2010 0 6 109 1298 276 

2011 0 0 64 1013 221 

2012 0 0 20 911 171 

2013 0 0 21 810 364 

2014 0 0 109 1000 166 

2015 3 174 0 892 107 

2016 0 0 578 870 72 

2017 0 0 222 916 201 

2018 55 136 0 682 257 

2019 1 64 102 0 473 

2020 0 0 0 0 270 

2021 0 0 0 0 305 
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Table 2. Double-leg color band (a) and single leg geolocator (b) captures (releases), recoveries, 

and resightings. Note that because the hunting season spans two calendar years from 

approximately October through January, recoveries are listed as the latter year of the season (e.g. 

recoveries from November 2019 are included in the year 2020). 

a.      

Year Captures Recoveries Resightings 

  Winter Summer    
  j a a     

2018 0 0 0 0 0 

2019 8 475 550 0 0 

2020 127 653 0 68 502 

2021 167 515 0 92 789 

      

b.      

Year Captures Recoveries Resightings 

  Winter Summer    
  j a a     

2018 0 140 196 0 0 

2019 4 205 183 20 0 

2020 29 54 0 33 193 

2021 0 15 0 34 180 
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Table 3. Two-season, two age-class state transition (a.) and observation process (b.) matrices 

where Sa and Sj represent adult and juvenile survival probability respectively, F represents 

fidelity probability, r represents reported mortality probability, and p represents resighting 

probability. 

a.               

True state at time t True state at time t + 1 

  

Juvenile, 

alive, 

inside 

Juvenile, 

alive, 

outside 

Juvenile, 

recently 

dead 

Adult, 

alive, 

inside 

Adult, 

alive, 

outside 

Adult, 

recently 

dead Dead 

Juvenile, alive, inside 0 0 0 SjF Sj (1 - F) (1 - Sj) r (1 - Sj) (1 - r) 

Juvenile, alive, outside 0 0 0 0 Sj (1 - Sj) r (1 - Sj) (1 - r) 

Juvenile, recently dead 0 0 0 0 0 0 1 

Adult, alive, inside 0 0 0 SaF Sa (1 - F) (1 - Sa) r (1 - Sa) (1 - r) 

Adult, alive, outside 0 0 0 0 Sa (1 - Sa) r (1 - Sa) (1 - r) 

Adult, recently dead 0 0 0 0 0 0 1 

Dead 0 0 0 0 0 0 1 

        

b.               

True state at time t Observed state at time t + 1 

  

Juvenile, 

alive, 

inside 

Juvenile, 

alive, 

outside 

Juvenile, 

recently 

dead 

Adult, 

alive, 

inside 

Adult, 

alive, 

outside 

Adult, 

recently 

dead Dead 

Juvenile, alive, inside p 0 0 0 0 0 1 - p 

Juvenile, alive, outside 0 0 0 0 0 0 1 

Juvenile, recently dead 0 0 1 0 0 0 0 

Adult, alive, inside 0 0 0 p 0 0 1 - p 

Adult, alive, outside 0 0 0 0 0 0 1 

Adult, recently dead 0 0 0 0 0 1 0 

Dead 0 0 0 0 0 0 1 
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Table 4. Two-season, two age-class joint-encounter (JE) simulation scenarios developed to vary 

potential release and resighting effort achieved for Atlantic brant. Releases refer to the number of 

animals captured, marked, and released annually, a refers to adults, j refers to juveniles, S 

represents survival probability, F represents fidelity probability, p represents resighting 

probability, and r represents reported mortality probability. 

  

Model Releases S F p r 

a j a j   

1 92 9 0.83 0.76 0.90 0.05 0.23 

2 92 9 0.83 0.76 0.90 0.15 0.23 

3 366 44 0.83 0.76 0.90 0.05 0.23 

4 366 44 0.83 0.76 0.90 0.15 0.23 

5 778 72 0.83 0.76 0.90 0.05 0.23 

6 778 72 0.83 0.76 0.90 0.15 0.23 

7 778 72 0.83 0.76 0.90 0.25 0.23 

8 778 72 0.83 0.76 0.90 0.35 0.23 
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Table 5. Single-season, single age-class state transition (a.) and observation process (b.) matrices 

where S represents survival probability, F represents fidelity probability, r represents reported 

mortality probability, and p represents resighting probability. 

 

a.         

True state at time t True state at time t + 1     

  Alive, inside Alive, outside Recently dead Dead 

Alive, inside SF S (1 - F) (1 - S) r (1 - S) (1 - r) 

Alive, outside 0 S (1 - S) r (1 - S) (1 - r) 

Recently dead 0 0 0 1 

Dead 0 0 0 1 

     

b.        
True state at time t Observed state at time t + 1    

  Seen alive 

Recovered 

dead 

Not seen or 

recovered  

Alive, inside p 0 1 - p  
Alive, outside 0 0 1  
Recently dead 0 r  1 - r  

Dead 0 0 1  
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Table 6. Single-season, single age-class joint-encounter (JE) simulation scenarios for release and 

resighting effort achieved of Atlantic brant. Releases refer to the number of animals captured, 

marked, and released annually, S represents survival probability, F represents fidelity 

probability, p represents resighting probability, and r represents reported mortality probability. 

 

Model Releases S F p r 

1 100 0.83 0.9 0.04 0.23 

2 100 0.83 0.9 0.12 0.23 

3 300 0.83 0.9 0.04 0.23 

4 300 0.83 0.9 0.12 0.23 

5 500 0.83 0.9 0.04 0.23 

6 500 0.83 0.9 0.12 0.23 

7 500 0.83 0.9 0.20 0.23 
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Table 7. Mean and error (standard deviation; SD) estimates, and 95% credible intervals (CRI), 

for Atlantic brant demographic parameters from the two-season, two age-class model, 2000-2021 

where a and j refer to adults and juveniles respectively, metal, color, and geo refer to metal 

banded, double color-marked, and geolocator marked birds respectively, S refers to survival, 

summer is the period from August to January which encompasses the hunting season, winter is 

the period from February to July which encompasses the non-hunting season, rec refers to 

reported mortality probability, p refers to resighting probability, and F is the fidelity probability. 

R-hat values <1.1 indicate convergence of parameter estimates. 

 

Parameter Mean SD 95% CRI R-hat 

sa_summer 0.906 0.019 0.868, 0.941 1.002 

sa_winter 0.956 0.026 0.896, 0.993 1.001 

sj_summer 0.895 0.028 0.832, 0.942 1.001 

sj_winter 0.704 0.124 0.430, 0.919 1.000 

rec_metal 0.427 0.082 0.314, 0.627 1.004 

rec_color 0.547 0.128 0.368, 0.866 1.003 

rec_geo 0.379 0.089 0.250, 0.596 1.003 

p_color 0.520 0.030 0.465, 0.581 1.000 

p_geo 0.347 0.022 0.306, 0.392 1.000 

fa_summer 0.895 0.055 0.790, 0.990 1.001 

fa_winter 0.998 0.002 0.992, 1.000 1.000 

fj_summer 0.499 0.288 0.026, 0.973 1.000 

fj_winter 0.975 0.024 0.912, 1.000 1.000 
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Table 8. Mean estimates and 95% credible intervals (CRI) of reported mortality probability (r) 

and resighting probability (p) estimates from two-season, two age-class joint-encounter (JE) 

simulations varying annual releases (N) and resighting probabilities compared to dead recovery 

(DR) models. Metal refers to non-color marked birds with no resighting potential whereas color 

refers to color-marked birds that have the potential to be resighted. 

a.           

Parameter N = 100     

 DR p = 0.05 p = 0.15     

  Mean 95% CRI Mean 95% CRI Mean 95% CRI     

r_metal 0.264 0.189, 0.414 0.486 0.225, 0.904 0.405 0.194, 0.853     

r_color    0.505 0.213, 0.952 0.424 0.180, 0.926     

p_color    0.033 0.024, 0.043 0.119 0.100, 0.140     

           

b.           

Parameter N = 400     

 DR p = 0.05 p = 0.15     

  Mean 95% CRI Mean 95% CRI Mean 95% CRI     

r_metal 0.254 0.202, 0.341 0.408 0.203, 0.844 0.333 0.184, 0.773     

r_color    0.426 0.189, 0.929 0.348 0.173, 0.883     

p_color    0.035 0.030, 0.040 0.116 0.106, 0.126     

           

c.           

Parameter N = 850 

 DR p = 0.05 p = 0.15 p = 0.25 p = 0.35 

  Mean 95% CRI Mean 95% CRI Mean 95% CRI Mean 95% CRI Mean 95% CRI 

r_metal 0.227 0.198, 0.264 0.549 0.245, 0.871 0.411 0.201, 0.798 0.315 0.186, 0.706 0.262 0.177, 0.554 

r_color    0.609 0.246, 0.979 0.459 0.199, 0.937 0.342 0.180, 0.837 0.279 0.171, 0.655 

p_color    0.031 0.028, 0.035 0.114 0.107, 0.121 0.203 0.194, 0.213 0.299 0.288, 0.309 
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Table 9. Average 95% credible interval (CRI) width for annual survival (S) and reported 

mortality probability (r) estimates from the single-season, single age-class simulation scenarios 

among dead-recovery (DR) and joint-encounter models where N refers to the number of marked 

birds released annually and p refers to the resighting probability. 

 

Parameter N = 100 N = 300 N = 500 

  DR p = 0.04 p = 0.12 DR p = 0.04 p = 0.12 DR p = 0.04 p = 0.12 p = 0.20 

S 0.225 0.323 0.312 0.136 0.205 0.223 0.082 0.210 0.165 0.173 

r 0.197 0.328 0.349 0.112 0.252 0.258 0.066 0.230 0.176 0.217 
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FIGURES 

 

Figure 1. Atlantic brant capture and banding locations 2000-2021 used in the empirical two-

season, two age-class survival model, split according to A) summer capture locations on Baffin 

and Southampton Islands, NU, CA, and B) winter capture locations along the US Atlantic 

Flyway. The inset (C) indicates the Atlantic brant population range, the orange outline represents 

summer breeding areas in panel A and the blue outline represents Atlantic coast wintering areas 

in panel B. 
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Figure 2. Locations where color-marked Atlantic brant were detected (resighted) alive during 

winter in coastal New York and New Jersey, US weighted by the total number of resightings. 
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Figure 3. Atlantic brant survival estimates 2000-2021, including A) adult hunting (summer) and 

non-hunting season (winter) survival, B) juvenile hunting and non-hunting season survival, and 

C) adult and juvenile annual survival. 
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Figure 4. Annual adult and juvenile survival probability estimates from the two-season, two age-

class simulation scenarios where p refers to the resighting probability and N refers to the annual 

number of releases compared to dead recovery (DR) models. The dashed horizontal line 

represents the value used to simulate the survival probability based on estimated Atlantic brant 

demographic parameters. 
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Figure 5. Survival and reported mortality probability estimates from the single-season, single 

age-class simulation scenarios where p refers to the resighting probability and N refers to the 

annual number of releases compared to dead-recovery (DR) models. 
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APPENDIX 

 

Appendix A. Unique resightings by marker type in New Jersey (NJ), New York (NY), and 

Rhode Island (RI) from 2021 annual report. Note some rows and columns do not sum because of 

unique individuals resighted in multiple states across the season.  

  Resighting Location  

Marking Location Marker Type NJ NY RI Total 

Summer Marked Birds Weegman Bands 38 140 5 178 

Geolocators 22 81 5 106 

 Summer Total 60 221 10 284 

Winter Marked Birds Weegman Bands 420 732 30 1123 

 Geolocators 110 168 0 269 

 Winter Total 530 899 30 1391 

 Total 590 1114 40 1669 
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Appendix B. Time specific and mean demographic parameter estimates and 95% credible 

interval’s (CRI) of survival probability (S), reported mortality probability (r), resighting 

probability (p), and fidelity probability (F) from single-season, single age-class joint-encounter 

(JE) simulations varying annual releases (N) and resighting probabilities compared to dead-

recovery (DR) models.  

 

Parameter N = 100 N = 300 N = 500 

  DR 

p = 

0.04 

p = 

0.12 DR 

p = 

0.04 

p = 

0.12 DR 

p = 

0.04 

p = 

0.12 

p = 

0.20 

mean.s 0.721 0.731 0.748 0.740 0.786 0.785 0.733 0.765 0.754 0.782 

sd.s 0.245 0.549 0.535 0.160 0.824 0.718 0.066 0.730 0.700 0.743 

s[1] 0.728 0.748 0.759 0.751 0.871 0.858 0.735 0.841 0.847 0.884 

s[2] 0.734 0.723 0.717 0.723 0.670 0.684 0.731 0.707 0.689 0.755 

s[3] 0.697 0.788 0.802 0.762 0.796 0.801 0.734 0.748 0.773 0.761 

s[4] 0.738 0.708 0.736 0.737 0.761 0.751 0.735 0.737 0.734 0.728 

s[5] 0.734 0.772 0.801 0.733 0.821 0.818 0.729 0.793 0.793 0.824 

s[6] 0.709 0.605 0.645 0.723 0.570 0.604 0.731 0.530 0.522 0.565 

s[7] 0.687 0.686 0.713 0.743 0.782 0.775 0.729 0.771 0.709 0.767 

s[8] 0.721 0.766 0.761 0.750 0.902 0.876 0.733 0.865 0.838 0.865 

s[9] 0.730 0.753 0.764 0.736 0.849 0.821 0.737 0.840 0.835 0.849 

mean.r 0.231 0.243 0.253 0.223 0.254 0.247 0.231 0.240 0.259 0.249 

sd.r 0.295 0.643 0.701 0.158 0.326 0.428 0.073 0.358 0.243 0.400 

r[1] 0.234 0.254 0.266 0.213 0.233 0.216 0.229 0.212 0.268 0.257 

r[2] 0.214 0.241 0.237 0.244 0.271 0.283 0.237 0.279 0.245 0.319 

r[3] 0.245 0.205 0.219 0.210 0.279 0.283 0.234 0.219 0.279 0.219 

r[4] 0.206 0.309 0.338 0.231 0.239 0.227 0.228 0.261 0.279 0.244 

r[5] 0.224 0.218 0.238 0.227 0.262 0.258 0.230 0.249 0.272 0.285 

r[6] 0.238 0.376 0.394 0.229 0.280 0.307 0.228 0.288 0.272 0.289 

r[7] 0.287 0.242 0.248 0.214 0.260 0.246 0.234 0.238 0.246 0.222 

r[8] 0.226 0.156 0.149 0.213 0.232 0.200 0.231 0.212 0.240 0.205 

r[9] 0.216 0.226 0.229 0.227 0.246 0.222 0.227 0.220 0.240 0.227 

mean.p  0.056 0.133   0.032 0.112  0.033 0.114 0.240 

sd.p  2.061 0.494   0.285 0.513  0.602 0.416 0.442 

p[1]  0.087 0.139   0.040 0.134  0.056 0.122 0.288 

p[2]  0.015 0.188   0.029 0.199  0.037 0.197 0.303 

p[3]  0.045 0.133   0.030 0.117  0.026 0.115 0.271 

p[4]  0.007 0.070   0.027 0.071  0.019 0.085 0.212 

p[5]  0.032 0.122   0.032 0.087  0.041 0.121 0.276 

p[6]  0.007 0.127   0.027 0.120  0.016 0.114 0.292 

p[7]  0.065 0.152   0.032 0.136  0.025 0.113 0.177 

p[8]  0.104 0.152   0.037 0.088  0.042 0.092 0.136 

p[9]  0.118 0.134   0.036 0.076  0.042 0.080 0.228 
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mean.F  0.848 0.852   0.903 0.846  0.889 0.902 0.864 

sd.F  2.534 2.766   2.616 0.826  2.772 1.629 0.613 

F[1]  0.879 0.922   0.925 0.870  0.865 0.935 0.881 

F[2]  0.884 0.872   0.874 0.858  0.926 0.927 0.866 

F[3]  0.850 0.911   0.870 0.846  0.919 0.886 0.793 

F[4]  0.880 0.887   0.709 0.822  0.928 0.872 0.869 

F[5]  0.869 0.919   0.916 0.870  0.915 0.944 0.888 

F[6]  0.852 0.908   0.884 0.845  0.693 0.928 0.870 

F[7]  0.815 0.833   0.922 0.842  0.928 0.922 0.852 

F[8]  0.646 0.540   0.940 0.835  0.941 0.898 0.859 

F[9]  0.825 0.864   0.919 0.797  0.909 0.826 0.856 
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Appendix C. Time specific and mean demographic parameter 95% credible interval (CRI) 

widths of survival probability (S), reported mortality probability (r), resighting probability (p), 

and fidelity probability (F) from single-season, single age-class joint-encounter (JE) simulations 

varying annual releases (N) and resighting probabilities compared to dead-recovery (DR) 

models.  

 

Parameter N = 100 N = 300 N = 500 

  DR 

p = 

0.04 

p = 

0.12 DR 

p = 

0.04 

p = 

0.12 DR 

p = 

0.04 

p = 

0.12 

p = 

0.20 

mean.s 0.169 0.225 0.218 0.101 0.224 0.194 0.069 0.205 0.209 0.189 

sd.s 0.683 1.320 1.270 0.439 1.296 1.301 0.215 1.328 0.974 1.070 

s[1] 0.224 0.290 0.273 0.141 0.196 0.208 0.084 0.203 0.134 0.125 

s[2] 0.211 0.288 0.285 0.138 0.222 0.205 0.080 0.190 0.156 0.155 

s[3] 0.233 0.261 0.238 0.132 0.176 0.168 0.078 0.193 0.135 0.168 

s[4] 0.210 0.269 0.241 0.120 0.218 0.215 0.078 0.168 0.139 0.149 

s[5] 0.199 0.264 0.227 0.126 0.166 0.170 0.082 0.161 0.131 0.132 

s[6] 0.219 0.392 0.341 0.144 0.277 0.280 0.082 0.329 0.174 0.184 

s[7] 0.252 0.366 0.345 0.137 0.207 0.223 0.084 0.204 0.201 0.212 

s[8] 0.238 0.421 0.504 0.139 0.180 0.237 0.086 0.214 0.186 0.205 

s[9] 0.242 0.354 0.356 0.150 0.201 0.304 0.088 0.224 0.224 0.224 

mean.r 0.131 0.227 0.253 0.073 0.148 0.167 0.047 0.147 0.108 0.148 

sd.r 0.810 1.606 1.691 0.459 1.030 1.218 0.234 1.081 0.749 1.007 

r[1] 0.224 0.364 0.391 0.124 0.265 0.274 0.072 0.229 0.212 0.270 

r[2] 0.194 0.293 0.283 0.137 0.209 0.228 0.076 0.225 0.126 0.244 

r[3] 0.198 0.296 0.334 0.113 0.275 0.283 0.069 0.163 0.184 0.167 

r[4] 0.182 0.353 0.389 0.110 0.204 0.193 0.064 0.201 0.165 0.154 

r[5] 0.179 0.294 0.325 0.105 0.256 0.257 0.063 0.212 0.186 0.248 

r[6] 0.182 0.445 0.450 0.106 0.234 0.287 0.062 0.295 0.118 0.145 

r[7] 0.253 0.295 0.319 0.102 0.260 0.246 0.063 0.230 0.159 0.201 

r[8] 0.180 0.278 0.297 0.104 0.289 0.280 0.062 0.262 0.210 0.248 

r[9] 0.178 0.331 0.349 0.104 0.273 0.272 0.063 0.250 0.225 0.274 

mean.p  0.231 0.110  0.022 0.082  0.033 0.068 0.120 

sd.p  5.829 1.028  0.767 0.743  1.035 0.611 0.592 

p[1]  0.152 0.141  0.044 0.093  0.061 0.066 0.103 

p[2]  0.044 0.187  0.028 0.119  0.033 0.087 0.098 

p[3]  0.087 0.114  0.027 0.075  0.024 0.057 0.093 

p[4]  0.027 0.100  0.030 0.056  0.020 0.049 0.071 

p[5]  0.063 0.102  0.028 0.058  0.033 0.051 0.081 

p[6]  0.029 0.114  0.028 0.079  0.025 0.057 0.097 

p[7]  0.126 0.169  0.028 0.087  0.024 0.056 0.070 

p[8]  0.305 0.240  0.032 0.067  0.031 0.054 0.062 

p[9]  0.476 0.178  0.034 0.097  0.042 0.103 0.130 
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mean.F  0.444 0.508  0.274 0.227  0.397 0.268 0.150 

sd.F  8.900 8.874  8.933 3.531  9.164 7.769 2.154 

F[1]  0.457 0.295  0.284 0.252  0.432 0.174 0.182 

F[2]  0.425 0.421  0.447 0.284  0.268 0.190 0.203 

F[3]  0.575 0.323  0.437 0.305  0.296 0.284 0.253 

F[4]  0.444 0.402  0.657 0.353  0.272 0.331 0.205 

F[5]  0.491 0.303  0.304 0.252  0.317 0.153 0.178 

F[6]  0.527 0.343  0.385 0.338  0.672 0.210 0.223 

F[7]  0.638 0.554  0.300 0.327  0.258 0.222 0.239 

F[8]  0.860 0.802  0.230 0.373  0.224 0.318 0.241 

F[9]  0.809 0.553  0.330 0.591  0.405 0.623 0.308 
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Appendix D. Recovery locations of marked Atlantic brant 2000-2021 used in the empirical 

survival model. 
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Appendix E. Example map of Atlantic brant resighting survey routes developed for this project. 

Sites were categorized by suggested tide level, evidence of brant using the location, and 

numbered in order by which to travel to inform consistent, targeted, and efficient resighting 

efforts by observers.  

 

 

 


