ABSTRACT
FLANDERS, NICHOLAS P. Using Occupancy Models to Estinpat@l and Spatial Variation in
Seabird Distributions. (Under the direction of Beth Gardner).
Comparisons of seabird distributions across time and speeef interest to ecologistsHowever,
without formally accounting for the imperfect &ea detection of seabirdsuch comparisons are
likely to contain bias due to variation in detection probabiliBistance sampling methodology is an
attractive anaysis option but is not applicable when data is collected under-gtaipsect survey
protocols. We analyzed aerial sttiansect survey data collected in southern New England using
community occupancy models and dynamic occupancy models to make conmsatsoss space
and timewhile formally accounting for imperfect detection probabilitidredictions of species
specific winter distributions were made in two study plots, one off the coast of Rhode Island and the
other in Nantucket Sound, using enviroamal covariate relationship estimates from two
independent community occupancy modeld/e found larger differencdsetween the two study
plotsin predictedR A @ A y 3 distribifiahdtradipeedictedsurfacefeeding specie® RA & (G NR 6 dzil A 2
This resulivaslargely explained by differencégtween the two foraging guilds the relative
strength of covariates as predictors of occupargyS SELISOGSR G KFd RAGAYy3I &LIS
distributions would show greater persistence over time than surfeesling sp@A Sa4Q G A Yy (i SNJ
distributions. Athree-year aerial strigransect survey dataset collected in Nantucket Sowad
analyzed usingynamic occupancy modelghere spatial variation in probabilities of initial
occupancy, extinabin, and colonization was modeleging environmentalavariates. Bsults
largely matcheaur expectatiors withthe significant interannual shifteobservedn predicted
winter distributions of three diving species, common ei@amateria mollissimanorthern gannet

Morus bassanysand raorbill Alca tordg asnotable exceptios. Our results are directly relevant to



offshore spatial planning in the region, and by formally accounting for imperfect detection we

ensured easy interpretability of these results for decisiakers.
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USINGA COMMUNITYOCCUPANOYODELTOIDENTIFKEY SEABIRFAREASN
SOUTHERNEW ENGLAND

ABSTRACT

Estimating theelationships between seabird distributions and environmental variables is a
common goal in seabird studie¥hen distance data is not recorded, researchers may have
difficulty estimating detectiomprobability, which is known to vary by specigdowever repeated
samplingof aerial striptransects and occupancy modelan be used to account fapeciesspecific
detectionrates less than oneTo our knowledgethis approach has not been previously used to
estimate seabird distributionsWe applied singlseeason community occupancy modelditasets
cdlectedin two largestudy plotsin southern New EnglandVe estimaed the influence of
remotely-sensed environmental covariat@xludingbathymetry, sea surface temperature, and
chlorophylla surfaceconcentrationon speciesspecific occupancySimilarly, wenodeled detection
as a function oboth survey date and effortThe two sudy plots were modeled separately to
explore differences in predicted distributions and spedpscific environrantal @variate
relationships. ving species showed largéfdrencesbetween the two studyplotsin terms of their
predided winter distributions which wadargely explainedby bathymetry actings astronger
predictor of occupancy in Rhode Islahéinin Nartucket Sound.Conversely,imilarities between
the two studyplotsin predicted winter distributions of surfadeeding speciesere explained by
sea surface temperature or chlorophgltoncentrationt OG Ay 3 Fa LINBRAOG2NRE 27F
occupancy in bitn study plots We predicted thenumber of speciefrom the observedcommunities
02 R $dt-Spos of seabird occupancy in the two study plo®ur results wi be usefulto

biologists and planners interested$eabird conservation in the region



INTRODUCTION

Determiningrelationships between seabiistributionsand environmental variables is
challenging due to thdifficultiesassociated with collecting accurate data on seabird distributions
and the dynamic nature dheir marine habitat{Camphuysen et al. 2004.ouzao etl. 2006, 2009
Nur et al. 2011Kinlan et al. 2012a A variety of analyticakechniques have been used to dva
inference on the relationshipetween seabird distributions and environmental conditions
(Tremblay et al. 208), but historically analyses have faileddocount for the imperfect detction
(i.e. detectability)of foraging birds at sedrailure to account for incomplete detection can bias
estimates of ecological relationships and can cause comparisons of paa@stitnates across time
or spaceto suggest false patrns (MacKenzie et al. 200Zyre et al. 2003 éry et al. 2008Ruiz
Gutiérrezet al. 2010. Apparent ecological differences can be confounded with differences in
detection probabilitycaused byariationind LISOA S&AQ 0SKIF GA2NE KdzYty 206aSN

One approach for collecting and analyzatgeaseabird survey data that accowgfor detection
biasis distance sampling (Camphuysen et al.28&tersen et al. 202 Winiarski et al. 2013, 20}4
Linetransect survey protocols require the collectionawfcillary distance informatioCamphuysen
et al. 2004 Winiarski et al. 2013, 2014hat allowsresearchers to account for detection probabilities
of individual animés that typicallydecline as distance from the transect increadgsaokland et al.
200]). Estimatesfrom distance sampling analyscanthen be incorporated into density surface
modek (Hedley & Buckland 200#b explore environmental covariate relatioripls and make
spatialy-explicitpredictions(Winiarski et al. 2013, 20)40ther approaches may beecessaryif
there is interest in species with too few observasan fit a detection function (Wimirski et al.
2014) or if data areollected tilizing strip-transect survey protocols wimedistance information is

not recorded (Camphuysen et al. 2004).



Gommunity occupancy model®6razio & Royle 200%ffer an dternative approach for the
analysiof aerial seabird surveglata, provided there is tempral replication of strip transect surveys
within a period during which some form of geographical closure can be assufiifegse models do
not estimate abundance, but instedke probability of siteoccupancyby a speciesandinformation
is lost when reducing counts to binasigtection/non-detectiondata(MacKenzie et al. 2002, 2006
However, community occupancy modekcount forthe imperfect detectionof speciesand allow
for inference about speciespecific habitat relabnships and predicted distributiorier species that
are rare ordifficult to detect Russell et al. 200RuizGutiérrez et al. 2000 Community-level
metrics such as species richness can also be estinfat@dzio et al. 2006, Royle et al. 2007, Zipkin
et al. 2009, 2010p Traditional distance sampling techniques assume perfect detection at distance 0
from the transect Buckland et al. 2001 Community occupancy models do not make this
assumption and allow for the probability of a species being avail@r detectionto be less than
one (Tyre et al. 2003, MacKenzie 2005, MacKenzie et al. 2006, Kéry & Schaub 2012

Here, ve appliedcommunityoccupancy models to estimate relationships between seabird
occupancy ana suite ofenvironmentalcovariateso predict areas of highembirdoccupancyacross
two study plotsin the northwestern Atlantic Ocear'We expect these results iacreaseour
knowledgeof seabird ecology and distribution in the regjdhereby supporing those responsible
for decisions regardingcean planning
METHODS
Study area

Our study area encompassed two study plotthimnorthwestern North Atlantic in southern New
England One3800-km? studyplot located south of Rhode Island, US#uded Block Island Sound

and Rhode Islan8ound and portions of thea@tinental Shelflfereafter, Rhode Island study plot,



Winiarski et al. 2014) The Rhode Island study plot encompassed the boundaries of the Rhode Island
Ocean Special Area Managemé&tan (RIOSAMP; Winiarski et al. 20TMhe otherstudy plotwas
located inMassachusetts, USAndincluded much oNantucketSound(Fig. 1) Both studyplots
provide important habitat for aiversityof seabirdspeciegHuettmann &Diamond 2000), inclling
the federallyendangered roseate ter(Sternadougalli) and speciesof conservation concern such
as the common loofGavia imme), red-throated loon(Gaviastellata), least tern(Sterna
antillarum), and great shearwatgPuffinus gravisKinlan et al. 2012a, Winiarski et al. 2013he
study area is also globally important for wintering sea dtkide Merginj Caithamer et al. 2000,
Zipkin et al. 2018 Silverman et al. 2(B).
Aerial striptransect surveys
Aerial surveys wereonducted inboth study plotsusing similar surveyAerial surveys of 24
transect lines within the Rodelslandstudy plot were conductecevery 12 weeksrom December
2009 toFebruary 201@Winiarski et al. 2001 Mass Audubon conducted 54 aerial sury@f 15
transect lines within Nantucket Sound from August 2002 to March 2006. The transect lines in the
Rhode Islandstudy plot were positioned perpendicular to the coast, were separated hyp®&ters
(km), and had a mean length of 46.3 km (SD = 1Eig) (). Transect linesvithin Nantucket Sound
were separated by approximately 2.3 km and had a mean length of 26(3Rn8.82) (Fig.1).
Surveyof the Rhode Islandstudy plotconsisted of fixedvidth strip transects flown at an altitude
of 152m. Two observers recorded the locations of all avian detections with®v-m wide strip on

each side of the plane; each record had a count attribute to reflect whetheeotiserver had

(@)
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detectedamh Y RA @A Rdzt £ 2NJ I Ff 2 O was prablemafid oh diB sid2 gfthél KS 2

plane the respective observer stopped surveying and recorded this reduction in efamtucket



Sound surveyusedstripsthat were91-m wide on each side of the plane and no ancillary
information on glare was recorded

For both study plots,ransect lines werélividedinto 2.27km long sections to form unique
segments.The length of the southernmost segment of most transects in the Nantucket Sound study
plot was variable due to different transect lengths; thesgiable segments had a mean length of
1065 m (SD = 6404l avian observations used in this analysis were identified to species and given
the appropriate segment identification as an attributé/e defined the winter season as the months
of DecembeiFebruary and selected the winter 20004 data from the Nantucket Sound study
plot to form two singleseason datasets, whereoat segments had withiseason temporal
replication. Data were segregated by species and surgpecific counts were reduced to binary
data to represent the detection or nedetection of a speciewithin eachsegment.
Environmental covariates

Remotelysensed data on sea surface temperature (SST), bathymethgldarophylla surface
(chla) concentrationwere used to model occupancy probability as a function of covari@tearvey
segments throughouthe studyarea Theseabiotic and biotiozariablesvere usedas theywere
available abiologically relevanspatial and temporascales andre importantpredictors of seabird
distributions (Bdance et al. 2006\lur et al. 2011Kinlan et al. 2012a)Monthly composites of SST
and chla concentration(mg m?) collected by the Mderate Resolution Imaging Speatadiometer
(MODISRAqua satellite were retrieved atEs-km? (4 x 4 ki) grid cell resolutiorusingMarine
Geospatial Ecology Tools (Roberts et al. 2010) and aveeageskthe relevantwinter seasos. A
fine-scale resolution bathymetry grid of t&ode Islandstudyplot was retrieved from the Design
a-Grid tool of the MtionalOceanic and Atmospheric Administration (NO&Apphysical Data

System (EODAEDNA R ¢ NI yaft I G2 NJ o-0&igda-b NE R D&l Readgdldedaa t | G 2 N.



1/3 arcsecond esolution bathymetnydigital elevation model@EM of Nantucket Sound from
NOAA (Eakins et al. 2009)hese grids were overlaid spatially with the transect segments and
weightedaverage covariate values for each segment weadeulated(Zipkin et al. 2018). This
raster processing was accomplished using Spatial Analyst Tools in ArcMapl10 (ESRI 2011).

Based on the data collected for the survey locations, the distributioratifynetry valuesn the
Rhode Islandstudy plot covereda larger rang®f valuesandthe overall mean wadeeperthan in
the Nantucket Sound studyliot (Fig. 1) Ranges of SST and aldoncentration values were similar
between the two studyplotsfor both seasons (Append&ec. 1.1 The mean of th&SValues was
slightlygreaterin the Rhode Islandstudyplot, whereasthe chla concentration values from the
Nantucket Sound studyiot had a greatemean than the Rode Islandstudy plot.
Modeldescription

For each singlseason modelwe assumed that aurveysegment was eithenccupiedor not by a
given speds over the course of the samplisgason. The latent state represents this process,
asa p if segmentQs occupiedby speciesOandd 1tif segment(s notoccupiedby species
‘@MacKenzie et al. 2002, 2006). These binary latent states were modeled as Bernoulli random
variables with success probability, whichrepresents the occupancy probability.

Thesegmentlevel ®variate values were standardized by subtracfirogm the mean and dividing
by the standard deviation. ¥then used a logit link tanodelw as a function obathymetry and
seasonal averages of both SST elnich concentration(chlA)at the segment levelKéry &Royle
2008a, 2008b, Rusket al. 2009%uch that

dE RO € DOQEOROGBHE QO T W5 YY'YT |okd 6

whereé @ @ "@the speciespecific intercept.



We assumed that the seas@pecific data came from amperfectobservation process, with
&) p if speciesQis observed at sit&luring survey occasiotand o Ttif speciesQis not
observed at sité&@luring survey occasioMacKezie et al. 2002, 2006)Ve also asuned that
there wereno false positive (or misidentificationerrors), thus a positive detection means that the
sitewas occupiedby the species during the survey season. However, the outcmme Ttcould
arise fom two scenarioseither site’'®s notoccupiedoy speciesduring the survey season site 'Q
is occupied buthe observer failed to detectpecies Qduring survey occasiof The temporal
replication of surveys ategmentslosed to changes imccupancyby a species enabled us to
estimate thedetection probability Detection probabilityy), is defined as the success probability of
a random Bernoulli process that generatas , given that sité(s occupiedby speciesduring the
surveyseason. Specificalllp X * 6 Qi § 2z a ;thus, whem Tthe probability of a
detectionisTtand wheng p the probability of a detectioisr} 8

We modekd variation i) as a function of date and obsenveffort (Kéry& Royle 2008a2008Db,
Russ# et al. 2009). Differences @stimates ofbbserver effort collected under the two sampling
protocols for the study areas led to the constructiortwb different observation suimodek. Both
sub-models estimated both linear and quadratic effects of date)pas we expected a temporal
trend in detection probability across a survey period due to ksteasonal changes in abundance
(Kendall 1999MacKenzie et al. 2003, Royld\§chols D03, Zipkin et al. 20Q%ardner et al. 2091
Forthe Rhode Islanddata, we accounted for reduced observer effort at surdegations with
significant glardoy including anndicator variabléQda i ‘Gtwhen only one observer was

recording data anQa @i ‘(P at normal duble observer survey occasiosisch that

aéE QR0 NQ§EONQGERIWI P QOO0 Q QwoQ



wherer) "Q§; @s the intercept for speciewith glare(only one observer on surveghd 1 Q% ds
the intercept for specie¥when there is no glare effe¢both observers on survey)

Nantucket Sound survey flighthrough a given segment showed significant variatiofength.
Therefore we madeledr as a function of survey Igith when analyzing #ssedata such that

aEGQ0 NQE O FRO0QI FQ®WOQ | {a QENQO
wheren "Q¢iothe speciespecific intercept.

To broaden the scope of our inference about the seabird ecology of the study areas, we adopted
the community occupancaynodeling approach of DorazioRoyle (2005)This approach has been
usedto increase the precision of estimates for rare species ante&iing hypotheses about habitat
relationships at the community levéRussdlet al. 2009 Zipkin et al. 2002010b;RuizGutiérrez et
al. 2010. Kéry &Royle (2008b) showed the flexibility of this approach when incorporating
covariates on the speciepecific submodels of the hierarchical framework.

Our community occupancy models assumed that each of the spspaxdfic parameters was a
random effect arising from Bormal prior distribution auer & Link 200Rorazio& Royle 2005,
Royle& Dorazo 2006):

P px0€i1 aodd, )
The means and variances of tNermal prior distributions aréermed hyperparameters (Kéry &
Royle 2008b) andstimatescanbedza SR G2 € SI Ny Fto2dzi GKS 02ttt SOGAQD
occupancy and detection probabilities to covariates (Russel. 2009 Zipkin et al. 2002010b;
RuizGutiérrez et al. 2010 While thisapproachallows the estimation of parameters for all detected
speciesestimates for species withparse datavill be similar to the common prior distribution and

of courseprecision is lowSauer & Link 200Russdlet al. 2009).



Due tothe nature of this gidy, we adopted a different interpretationf the occupancy parameter
to allow for more flexibility in meeting the closure assumptairoccupancy modelsTypically
effective detection probabilitys defined as the probability of detecting a speciesgithat the site
is occupied by the species and the species is available for detectiba site (Kendall 1999 yre et
al. 2003 MacKenzie 2005, MacKenzie et al. 200éry &Schaub 2012Johnson et al. 204 This
interpretationof AYSFya GKFG | aLISOASaQ RSGSOGA2Y LINRPOI OAf
probability of availabilit{Gray et al. 201,3Johnson et al. 20)4 This effective detection probability
is reduced compared to theeaditional detection probabilitywhere a probability of availability equal
to 1is assumed@Kendall 1999, Russel al. 2009 Gray et al. 200)3 Instead of the probability of
permanent site occupancy by a specigs,interpreted wj as the probability of site usage by the
species dring the study pgod (MacKenzie 2005, MacKenzie et al. 20Q€ry & Schaub 20).2If
we assume that the proceskivingthe availability of the species, movement on and off of the site,
is temporary and random (Burnham 1993, Kendall et al. 198¥an avoid bias in o@stimates
despite the lack of strict closuf&erdall 1999 MacKenzie 2005, MacKenzie et al. 20Qéry &
Schaub 201R As thiseffective detection probability iseduced relative to traditionadletection
probability, the precision of estimates can be expected to decrease accordiighdall 1999).
Implementatian

Analyss of hierarchical models istuitive within a Bayesian framework (SaudeLink 2002jand
we implemented a Bayesian analysis in R (R Develop@umat Tean2011) using theoftware JAG
(Plummer2011). We specified uninformative prior distributions for all hyperparameters in the
models. For anexample of nedel specification codseeAppendix Sec. 1.ZPosterior distributions
of parametersvere approximatedusing MCMC iteration values from 3 chains run5@®,000

iterations with a burAn of 139,000and thinning byl0. We considered coefficient estimates to be
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signifcant if their 95% credible intervatid not overlap zeroConvergence dodll parameters was
reached as deterined by Rhat values (Gelman &ill 2007) and visual inspection of trace plots.
Making predictions and comparisons

We used gds with4-km? (2 x 2 kn) cellsfor spatial predictions of occupancy probktlyiacross
the two studyplots. Spatial Analyst Tools in ArcMapl10 (ESRI 2011) were used to wieiginted
average seasonal covariate values for each grid cell; these grldwadliyalues were standardized
with the original covariate means and standaleliations used in the analysi$o mapmeans and
standard deviations of the humber observedspecies predicted to occupy each grid os#
included newd « parameters for eaclyrid cellGand for eactspeciesQobserved in the respective
study pbt. Thesed «x parameters werenodeled as Bernoulli random variables with success
probability equal to the occupancy probability predicted at the respectiviaglifor the respective
speciesandwere summed across species at each iteratiompproximate the posterior distribution
of the grid celspecific predictions

We compared seabird habitat relationskipetweenthe Nantucket Sound anRhode Islandtudy
plots by calclating the probability that the season and speesgecific coeffient estimatesfor a
given habitat relationshipliffered between the two studylotsfor a given speciesThese
probabilities were calculatefbllowing RuizGutiérrez et al(2010. We considered thergvasa
significant difference between specigpecific estimates from the two stughots if the prdoability
of this difference wa0.95.

To generalize observed similarities differences in speciespecific habitat relationships between
the two study plots, we placed all species included in the models into one ofaveoioriforaging
guilds(Schneider 1997, Spear et al. 20Bbst et al. 2009, Kinlan et al. 2012&)iving specieeed

primarily by diving to appreciable depths below the ocean swefadereassurfacefeeding species
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feed primarily at or near the ocean surfa@ppendix Sec. 1)3 Thesdoraging guildsvere not used
during the modeling process btdather for qualifying consistent relationships across species with
similar natural histry.
RESULTS

Surveys of th&hode Islandstudy plot conducted during the 2062010 witer season detected
17 speciesAppendix Sec. 1)413 of whichwere diving species anfbur of whichwere surface
feeding speciesSpeciesspecific estimatesf the relationship between bathymetry argtcupancy
were significant for ght species all of which were diving specie$he great blackacked gull
(Larus marinug a surfacdeeding speciesand dovekigAlle allg, a diving speciesyere the only
species with significant relationshibetween SST and occupaB&ommon eidefSomateria
mollissimg, a diving species, was the only species with a significant relationship betwesarahl
occupancy (Table 1). Five species had significant estimaténe faglationship betweermate and
detection and three species had significant estimates for the quadratic effect of date on detection
(Table 1, FiR).

Bathymetry waghe strongest predictor of the distributions of diving species in thede Island
studyplot in the winter(Table 1)whichis not surprising aofaging sea ducks ammeother
diving species are typically associated with shallow depths (Guillemette et al. 1993&Nehls
Ketzenberg 2002, Zipkin et al. 201085 Twasan important predictor obccupancy for species that
forage on the surface duringinter (Table 1), also matching our expectatio@ne surprising result
was that a sea duck, the common eider, had a significantly positive estimate for the coefficient
comresponding to the relationship of chlconcentrationwith its winter occupancyTable 1).

Surveys of the Nantucket Sound stualgt conducted during the 2062004 winter season

detected a totalof 17 speciesAppendix Sec. 1)512 of whichwere diving species anfive of which
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were surfacefeeding speciesThe only species with a significant relationship between bathymetry
and its occupancwassurf scoter(Melanitta perspicillaty, a diving speciesThere were no

significant speciespecific estimates of the relationship between SST and occupancy in this model.
Speciesspecific estimates of threlationship between clad concentrationand occupancywere
significant for five specietiree of which wee surfacefeeding specie¢Tablel). Ten species had
significant estimates for the relationship between date atedection,and six species had significant
estimates for thequadratic effect of date on detectiofTablel, Fig 2).

We found asignificant differencén our estimates of speciespecific relationships between
bathymetry andoccupancyfrom the two studyplotsfor six species, all of which were diving species.
The great blackacked gull was the only species for which we foundaifstant difference inthe
parameterestimatesfor SST from the two studylots. We found a significant difference the
estimates of speciespecific relationships between cakoncentrationand occupancyfrom the two
studyplots for redbreasted mergnser(Mergus serratoy, a diving species, aridr three surface
feeding speciesherring gull(Larus argentatus northern gannetMorus bassanysand great black
backed gul(Table2).

We documentediarge differences in patterns of predicted occupancy between the two study
plots for common eider(Fig.3), which is representative of our findings for otteya duckssurf
scoter, whitewinged scote(Melanitta fuscg, black scotefMelanitta Americang, and longtailed
duck(Clangula hyemali®Appendix Sec.)2 Specifically, areas of high predicted occupanahe
RIOSAMBtudyplot were closely associated with shorelines and islands for these spedieseas
areas of high predicted occupancy in the Nantucket Saindy plot were much more dispersed,

covering nearly the entire stugylot.
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Predicted distributions across thé&de Islandstudy plot for diving piscivores such as+ed
throated loon, common loo (Fig. 3, red-breasted merganser, and great cormorgRthalacrocorax
carbo were similar to those for sea ducksith areas of high predicted occupancy occurring near
the mainland and near islan@8ppendix Sec.)2 No consistent pttern in predicted occupancy for
these diving piscivore speciess evident in the Nantucket Sound study plot. The predicted
distribution of northern gannetanother diving piscivore, in thehBde Islandstudy plot includd
areas of high occupancy across mosthef study plot, with gpatchierpattern of high occupancy
predicted in the Natucket Sound study pldFig.3).

Patterns of predicted occupangyere much more similar between the two stugjots for black
legged kittiwakgRissa tridactylpand herring gul{Fig.4), which is representative of our findings for
other surfacefeeding species included in both winter mod@gpendix Sec.)2 In bothstudyplots,
areas of high predicted occupanegre large and concentrategway from the mainlad. The
razorbill(Alca tordg was the only alcid included in both winter models and predicted distributions
were similar to those of the sea duclsg. 3. In contrast, dovekie was only detected in tHoge
Islandstudy plotandits predicted distributiorwasstrongly concentrated ithe south-central
portion of the stuidy plot (Appendix Sec).2

Model-specific and speciespecific habitat relationship estimates were also used to predict the
number of speciefrom the observe communitesoccupying each grid cell and the respective
standard errors across the two study ploggppendix Sec.)3 The Nantucket Sound study plot was
predicted to host a greater number observedspecies than the fvde Islandstudy plot (Fig5).
oHot-spots of observedspecies diversity in thelRde Islandstudy plot were predicted near Block
Island and in the western and northwestern nestrore portions of the study plot. Such kegots in

Nantucket Sound encompassed much of the southern haliestudy plot.



14

Detection probability was modeled agjaadraticfunction of date to account for changes in
species abundance across the two thi@enth seasons. Specispecific detection probabilities
were expected to reach a maximum when the gpeavas at peak abundance in the stypgt.
Thus, it is interesting that the predicted detection of letaged duck irthe Nantucket Soundtudy
plot reached its maximum at the end of the winter season, while the maximum predicted detection
of northerngannet in the Rode Islandand Nantucket Sounstudy plotsoccurred at the beginning
of the winter seasolifFig 2).
DISCUSSION

We used community occupancy models to draw inferencéalitat relationships for seasonal
seabird communities that includasthcommonspecieswith few detections This approach appears
suitable for analyzing data from aerial seabird surveys that include temporal and spatial replication,
as our model results largehgeeed with both ou prioriexpectations and findings from other
analysesn southern New Englan@Winiarski et al2013, 2014). We found considerable variation
among species in estimates of relationships between occupancgmritcbnmentalcovariates,
much of which concurred with owr prioriplacement of species intiwo foraging guilds.
Comparisons of parameter estimates and predicted distributiongi®isamespeciesalsoshowed
considerable differencesetween the two study plots This finding confirms that specispecific
habitat relationships and distributiorman beareaspecific and extrapolating patterns from one area
to another, even if areas are close geographically, may prove problenieigulators making
offshore devéopment decisions must use predicted seabird distributions that are based on survey
data from the area in question.

By usinghe temporal replication of these two datasets to account for imperfect detectiomn

avoided bias in our estimates and predlicis that is incurred when perfeor constant detection is
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assumedMacKenzie et al. 2002, Tyre et al. 2003)e two species with significant estimates of both
linear and quadratic effects of date on detection in both winter models, northern gannetlaci b
legged kittiwake, shoed significantly different detection probability estimates between the two
study plots for some portion of the winter seasoBy allowing detection probability to vary among
both species and study plots vewoided potential cordunding of ecological parameter differences
with differences in detection ratek@ry et al. 2008RuizGutiérrezet al. 2010.

Environmental covariate relationshipad predicted seabird distributions

Primary productivity tends to be concentrateddartain areas of the ocean, usually related to
levels of nutrient enrichment (Kinlan et al. 2012b). These areas tend to concentrate seabird prey
and provide important habitat for foraging seabird$y(enbach et al. 200@Gpear et al. 2001
Ballance et akR006,Louzao et al. 200@Bost et al. 2009, Louzao et 2009. Sea surface
temperature and ch& concentrationcan beused asndicesfor primary productivity and prey
density near the surface of the oceahuswe expected these covariates to be sfgant predictors
of the distributions of surfacéeeding species. However, diving piscivores present in the study
regionwere able to forage at a variety of depths in the water column, and a number of surface
water characteristics could predict foragihgbitat for these species as well (Harrison 1983,
Winiarski et al. 2013).

Nantucket Sound model resultgdchot exhibitthe consistent relationshigpbetween bathymetry
FYR RAGAY 3 &LISOrhStavas evddany i tBeNRhatlel el StughPlkely because
Nantucket Sound shows far less variatiomvater depth than the Rode Islandstudyplot. Winter
occupancy of some diving species in this model was explained bychtentration a covariate
that showed greater variation in the studyea and a significant positive relationship to surf scoter

occupancy.Overall, chh concentrationappeared to be the only consistently strong predictor of
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winter surfacef SSRA Yy 3 & LIS vAN&nducket Sdditdl @irlisireguld was not a surprise,
although it was a notable departure from patterns in results from thed® Islandnodel.

Differences and similarities in patterns of predicted occupancy for the two giladycan be
explained by speciespecific covariate relationship estimatesin the two models. Large
differences in predicted distributions of winter diving spgesgian be explained by bathymetry
showing up as a much strongaredictor ofa LIS OA S&a Q 2 O Godie Blayiddsily plotytharii KS  w
in the Nanticket Sound studplot. Redicted winter distributions of surfackeeding species are
more similar between the two studylots. This can be explained by either SST oachl
concentrationshowing p as strong predictors &gf LISOA S4Q 2 OOdzlplogg O Ay 02 0K
Specifically, th®© 2 @ NA §S NBfF GA2yaKAL RNA Mad¢ Bland iidela S & LIS O
aK2ga || LRaAGAGS STFFSOG F2NI {{¢X gKSNBlIa (GKS NBf
Nantucket Sound model is a negative effect ofacbbncentration At the level of spatial resolution
we used winter values of SST and &kbncentrationappear negatively correlated in the study
region.

It was surprisingo see significant negative relationships betweenabbncentrationand surface
feedingd LIS OA S & q in th©NadalckeySOunuhodelas chla concentrationis believed to be a
proxy for primary productivity anthus prey densityHyrenbach et al. 2002 However, the spatial
resolution of the covariate datmay have beemoo coarse to allev the model todetectassociatios
between seabird occupancy and small patches of primary productivity represented by high local chl
a concentration alues (Huettman& Diamond 2006). Insteadxtensivevariation in chk
concentrationat the spatiakesolution used here follows a gradient of high nshpre values to
lower values farther from the mainland. Negative estimates of the relationship between chl

concentrationandsomesurface¥ S Ay3d aLISOASEAQ 200dzZLd yOebutyl & KI @
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AyaidSIFR 0SS +ty IINIAFIOG 2F GKSaS aLISOASEAQ RA&AGNRC
Similarly, the significantly positive relationships betweenaotbncentrationand thewinter
occupancy ofomesea ducksrelikely a result of witer chla concentrationvalues at this level of
spatial resolution serving as an effective proxy of distance to shore rather than a proxy of local prey
patches, as these sea ducks are associated with benthic, sessile prey in shallow asttbreareas
(Guillemette et al. 1993) Nevertheless, these coefficients are useful for predicting patterns of
occupancy of these species across the two stidys.

Our spatial predictions of the number olbservedspeciesoccupying grid cells across the two
studyplots are directly relevant to conservation efforts in the regidiine pattern of this metric
across the Rode Islandstudy plot resembles the generglatial pattern of predicted occupandgr
diving specief this plot while the pattern of this metriacross the Nantucket Sound study plot
resembles the spatial pattern of predicted occupancy for surfaeding specief~ig. §. It appears
that the predictedoccupancy oftliving speciess driving the spatial distributionf this metricin the
Rhode Ishndstudy plotandthe predictedoccupancy ofurfacefeeding speciess driving such
patterns in the Nantucket Sound study ploThe usefulness of such a metric may increase by
weighting species differently based on speeiescific levels of conservati concern (Winiarski et
al. 2014).

Improving models for predicting seabird distributions

The analysis of temporatheplicated aerial seabird survey data with occupancy models is an
improvement overother distribution modeling techniques, such as those using presentedata,
that do not formally account for imperfect detection probabilities (Yackulic et al. 20//8)note
that occupancy modelsequire several assumptiongncluding thespatial ingependence of

detections between sites (MacKenzie et al. 200Rj)e rapid movement of seabird individuals across
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adynamic ocean landscape could lead to violations of this assumption if the same individuals are
detected at multiple sitesluring a given swey flight. Efforts are taken to reduce double counting
of individuals and incorporation of spatially explicit covariates may reduce the impacts of this
correlation. Occupancy models also assuthat no false positives, or misidefitiation errors, occur
(MacKenzie et al. 200Zyre et al. 2003ViacKenzie 200K éry & Royle 2008a, KérySthaub 2012).
Large sabird datasets collected by aerial survays likely to contain some errors as it can be
difficult to identify individualainder such challengingpnditions In using2.27-km longsegments

and reducingurveycountsto binarydata, our goal was to minimize the effect of misidentification
and false positives in our analyses.

Another importantassumption specific to community occupancy modeisidependence among
the occurrence of diffeent species at a site (KéryRoyle 2008b) Althoughwe acknowledge that
the presence of certain seabird species may influence the occurrence of other species in these
communities(e.g., competitive exclusion)weassumehat the spatial scale of the transect segments
is large enough to minimize such effects in most ca3é& development of community occupancy
models that estimate intespecific interactions, or that derive information about the occupancy of
site by a species from the occurrence of other species at thataitdd relax this assumption. Co
occurrence occupancy models have been developed and applied to severdb&dbes €t al. 2009
Exploring these areas offepsomising avenues for fure work in the application of community
occupancy models to seabird survey dakar example, wittseasonal data from multiple years
dynamic models could be built to examine permanence ofdpaits of speciespecific occupancy
(Hyrenbach et al. 200&nlan et al. 2012a)It may also be useful to determine the best way to

incorporate data collected @aaxonomic levels igher than species
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Gonservation implications

Offshore wind resourcesn the northeastern United States provide a viable option for generating
renewable energy (Kempton et al. 2007Mwo dfshore wind energy development projedf®WEDS)
are currently proposed in the Rhode Islastddyplot, a 5turbine facility about 5 km southea of
Block Island that may be constructed starting fall 2015 and a 150 teu2bihe OWED in the middle
of Rhode Island Sound that is still in the permitting process. In the Nantucket Soigtyghlot a
130turbine facility is proposed in Horseshoe Slsdhat is nearing the final stages of development.
Seabirds that usboth nearshore(<5 km)and offshore waters in the northwestern Atlantic Ocean
are potentially vulnerable tanyproposed OWED (Drewitt & Langston 2006, Langston 2018)s,
the resuls of this study should be relevant to the conservatinimded siting of OWED in these two

study plots and to the design of future seabird surveys in anticipation of OWED.



20

LITERATURE CITED

Bailey LL, Reid JA, Forsman ED, Nichols JD (2009) Modelswicence of northern spotted and
barred owls: accounting for detection probability differencBil Conserv 142:2983089

BalancelT, PitmarRL FiedlePC(2006 Oceanographic influences seabirds and cetacean$the
eastern tropical Pacific: a review. Prog Oceari83863-390

Bost CA, Cott€, BailleulF, CherelY, CharrassidB GuinetC AinleyDG WeimerskirciH 009 The
importance of oceanographic fronts to marine birds and matmof the southern oceans. J
Marine Syst78:363376

Buckland ST, Anderson DR, Burnham KP, Laake JL, Borchers DL, Thomas L (2001) Introduction to
Distancesampling: estimating abundance of biological populati@sford University Press,
London

Burnham KRF1993 A theory for combined analysis of ring recovery and recapture diataebreton
JD,North PM (eds) Marked individuals in the study of bird populatiBirkh&usetVerlag,Basel,
Switzerland, p 19214

CaithameDF, OttaM, PaddindPl, SauerJR HaasGH(2000) Sea ducks in the Atlantic flyway:
populationstatus and a review of the special hunting seasons. US Fish and Wildlife Sexuied
MD

Camphuysen CJ, Fox AD, Leopold M, Petersen IK (2004) Towards staddaahirds atesa census
techniques in connection with environmental impact assessments for offshore wind iiatines
UK In: UKCOWRIE 1 Report. Royal Netherlands Institute for Sea Research, Texel, Netherlands

DorazioRM, RoylelA(2005 Estimating size and compasit of biological communities byodeling
the occurrence of species. J Am Stat Assoc 1068989

Dorazio RM, Royle JA, Sdderstrom B, Glimskar A (2006) Estimating species richness and
accumulation by modeling species occurrence and detectability. EcBog§¢2854

Drewitt AL, Langston RHW (2006) Assessing the impacts of wind farms on birds. 1bigt248:29
EakinBW, Taylor LA, Carignan KS, Warnken RR, Lim E, Medley PR (2009) Digital elevation model of
Nantucket, Massachusetts: procedures, data souraed analysis. NOAA Technical Memorandum

NESDIS NGE»B, Dept. of Commerce, Boulder, CO

ESR(2011) ArcGIS Desktop: Release E@vironmental Systems Research InstitiRedlands, CA



21

Gardner B, GilbeAT>= ComellAF(2011) Compendium of avian occurrenaggarmation forthe
continental shelf waters along the Atlantic coast of the United States (modeling seciaiird
distributions).A final report for the U.S. Department of the Interior, Minerals Management

Service, Aantic OCS Region, Herndon,, \f¥fprep.

Gelman A, Hill(2007) Data analysis using regressimd multilevel/hierarchical model€ambridge
University Press, New Yoty

GEODAS Grid Translaesigra-Grid (2006
http://www.ngdc.noaa.gov/imgg/gdasid_designagrid.html

GrayBR, Holland/D, YiF, Starcevichh AH(2013 Influences of availability on parametestimates
from site occupancy models with application to submersed aquatic vegetatiorR&&tuModel
26:526545

Guillemette M, HimmelmadH BaretteC ReedA (1993 Habitat selection by common eiders in
winter and its interaction with flock size. Can J Bgal1:12591266

Harrison R1983 Seabird: an identification guide. Hghton Mifflin Company, New York, NY

Hedley SL, Buckland STQ2pSpatial models for line transect sampling. J Agric Biol Environ Stat
9:181-199

Huettmann F, DiamonAW (2000 Seabird migration in the Canadian North Atlantic: moulting
locations and movement patterns of immature bird3anadian J Zoolog 78:6847

Huettmann F, Diamond (2006) Largescale effects on the spatial distribution of seabirds in the
Northwest Atlantic. Landscape E@d1:1089;1108

Hyrenbach KD, Fernandez P, Anderson DJ (2002) Oceanographic habitats of two sympatric North
Pacificalbatrosses during the breeding season. Mar Ecol Prog Ser 2330283

HyrenbachKD, ForneXA DaytonPK(2000) Marine protected areas and ocean basin management.
Aquatic Conserv: Mar Freshw Ecosyst 10438

Johnson FA, Dorazio RM, Castellon TD, NMartGarcia JO, Nicholas JD (2014) Tailoring point counts
for inference about avian density: dealing with nondetection and availability. Nat Resour Model
27:163177

Kempton W, ArcheClL, DhanjuA, GarvineRW, JacobsomZ (2007) Large CO2 reductions via
offshorewind power matched to inherent storage in energy emks. Geophys Res La#t:1-5

Kendall WL (1999) Robustness of closed captecapture methods to violations of the closure
assumption. Ecology 80:25P525



22

Kendall WL, Nicholl) HinesJE(1997) Estimating temporary emigration usicgpturerecapture
datag AGK t2ff201Qa NRo&#i RSaiAdayod 902f23& TyYpco

Kéry M, RoyleJA(2008a)Hierarchical Bayes estimation of species richness and occupancy in
spatiallyreplicated surveys. J Apptol45:589598

Kéry M, RoyleJA(2008Hh Inference about species richness and community structure sgirgies
specific occupancy models in the National Swiss Breeding Bird SurveynvitiBmsonDL,
CoochEG ConroyMJ(eds) Modeling demographic processes in mangepulations.Springer,
New York, NY, p 63866

KéryM, RoyleJA SchmidH (2008 Importance of sampling design and analysis in animal population
studies: a comment on Sergid al. J Appl Ecal5:981986

KéryM, SchautM (2012 Bayesian population analysis using WinBUGS. Elsevier, Boston

Kinlan BPMenzaC HuettmannF (2012a) Chapter 6: predictive modeling of seabirdtribution
patterns in the New YorBight.In: MenzaC,KinlanBR, DorfmanDS PotiM, CaldowC(eds)A
biogeographic ssessment ofeabirds, deep sea corals and oceabitats of theNew York Bight:
science tosupport offshore spatiallpnning. NOAA Technical Memorandum NGSCOS 141,
SilverSpring, MDp 87224

Kinlan BP PotiM, MenzaC(2012b Chapter 4: oceanographic setting: MenzaC Kinlan BR,
DorfmanDS§ PotiM, CaldowC(eds) A biogeographicsaessment o$eabirds, deegea corals and
ocean labitats of theNew York Bight:csence tosupport offshore spadil danning. NOAA
TechnicaMemorandum NOS NCCOS 141 Silver Springp\8B68

Langston, RHW (2013) Birds and wind projects across the pond: a UK perspective. Wildlife Soc B
37:518

Louzao M, Becares J, Rodriguez B, Hyrenbach KD, Ruiz A, Arcos JM (2009) Combitiagedessel
surveys and tracking data to identify key marine areas for seabirds. Mar Ecol Prog Ser@391:183
197

Louzao M, Hyrenbadk Arcos] AbelléP, de Sold, OroD (2006 Oceanographic habitat of an
endangered Mediterranean procellariiform: implications for marine protected areas Apgbl
16:168%1695

MacKenzie DI (2005) Was it there? Dealing with imperfect detection for species presence/absence
data. Aust N Z J Stat 47:88

MacKenzie DI, Nichols JD, Hines JE, Knutson MG, Franklin AB (2003) Estimating site occupancy,
colonization, and local extinction when a species is detected imperfectly. Ecology 822200



23

MacKenzie DI, Nichol®) Lachnan GB DroegeS RoyleJA LangtimmCA(2002) Estimating site
occupancy rates when detection probabilities are less than one. Ecology 8322358

MacKenzie DI, Nichal§) RoyleJA PollockKH BaileylLL, HinesJE 2006) Occupancystimation and
modeling. Elsevier, UK

Nehls GKetzenberdZ (2002 Do common eiderSomateria mollissimeaxhaust their food
resources? Atudy on natural mussdllytilus edulisbeds in the Wadden Sea. Danish Review of
GameBiology16:47-61

Nur N, Jahncké HerzogVIP, HowarJ HyrenbaciKD ZamonlE AinleyDG WiensJA Morgank,
BalancelT, StralberdD (2011) Where the wild things are: predicting hotspotssafabird
aggregations in the California current system. Ecol Appl 212247

Petersen IB, MacKenZi¢, RestadE, WiszMS FoxAD(2011) Comparing preand postconstruction
distributions of longtailed ducks Clangula hyemalis in and around the Nysted offshore wind farm,
Denmark: a quasgiesigned experiment accounting for imperfect detection, local surfeatires

and autocorrelation. CREEM Tech Report 2013t. Andrews, Scotland

Plummer M(2011) JAGS version 3.3.0 manuatp://sourceforge.net/projects/mcmeags/

R Development Core Teg@201]) R: A language and environment &iatistical computing. R
Foundation for Statistical Computingienna, Austria

Roberts JJ, BeBD, DunnDGC TremlEA HalpinPN(2010 Marine Geospatial Ecology Tods:
integrated framework for ecological geoprocessing with ArcGIS, Python, R, MATLAB, and C++.
Environ ModdISoftw 2511971207

Royle JA, Dorazio RM (2006) Hierarchical models of animal abundance and occurrence. J Agr Biol
Envir St 11:24263

Royle JA, Dorazio RM, Link WA (2007) Analysis of multinomial models with unknown index using
data augmentationJ Compt Graph Stat 16:685

Royle JA, Nicholld(2003 Estimating abundance from repeated presence absence dataiaot
counts. Ecology 84:77/0

RuizGutiérrezV, ZipkirEF, DhondtAA(2010 Occupancy dynamics in a topical bird community:
unexpectedlyhigh forest use by birds classified as Horest species. J Appl E&d:621630

Russell RERoyleJA SaabVA LehmkuhDF BlockWM, SauerdR(2009 Modeling theeffects of
environmental disturbance on wildlife communities: avian responseséeqpibed fire EcolAppl
19:12531263



24

Sauer JR, Li?WA (2002 Hierarchical modeling of population stability and species gmtrputes
from survey data. Ecology 86:174351

SchneideDC(1997) Habitat selection by marine birds in relation to water depth. lbis 13917%

Silverman ED, Saalfeld DT, Leirness JB, Koneff MD (2013) Wintering sea duck distribution along the
Atlantic coast of the United State¥ournal of Fish and Wildlife Managenéinl78198

Spear LB, Balantd, AinleyDG(2001) Response of seabirds to thermal boundaries inttbeical
Pacific: the thermocline versus the Equatorial FroMér Ecol Prog Ser 219:2289

Tremblay Y, Bertranl HenryRW, KappedvA, CostaDP, ShafferSA(2009 Analyticalapproaches to
investigating seabirénvironment interactions: a review. Mar Ecol P@gy 391:153.63

Tyre AJ, TenhumbeR) FieldSA NiejalkeD, ParrisK, PossingharilP(2003) Improvingprecision and
reducing bias in biolgical surveys: estimating falsegative error rates. Ecélppl 13:17961801

Winiarski KJ, Miller DL, Paton PWC, McWilliams SR (2013) Spatially explicit model of wintering
common loons: conservation implications. Mar Ecol Prog Ser 492233

WiniarskiKJ, Miller DL, Paton PWC, McWilliams SR (2014) A spatial conservation prioritization
approach for protecting marine birds given proposed offshore wind energylal@vent. Biol Con
169:7988

Winiarski KJ, Patd® TrockiCL, McWilliamsSR(2011) Spatialdistribution, abundance, antlight
ecology of birds in nearshore and offshore waters of Rhode Island: January 2009 to August 2010.
Rhode Island Ocean Special Area Management Plan Interim R€jpgdton, Rhode Island

Yackulic CB, Chandler R, Zipl&nRoyle JA, Nicholas JD, Campbell Grant EH, Veran S (2013)
Presenceonly modelling using MAXENT: when can we trust the inferendesfods in Ecology and
Evolution 4:23643

Zipkin EF, DeWah RoyleJA(2009 Impacts of forest fragmentation on species richness: a
hierarchicalapproach to community modeling. J Appl Ecol 46:828

Zipkin EF, Gardn& GilbertAT=  h Q/ 2 AFyRS\ielA SiWaidtarED(20109 Distribution
patterns of wintering sea ducks relation to the North Atlantic Oscillation and local
environmentalcharacteristics. Oecologia 163:8982

Zpkin EF, Royl@éA DawsorDK BatesS(20100 Multi-species occurrence models to evalugte
effects of conservation and management actioB®l Conserv 143:47434



25

Table 1Efects ofenvironmentalcovariates on occupancy and detection probaieititf seabirds
included in both winter modelsPosterior means of speciapecific coefficients are shown, with
significant coefficient estimasindicated in bold Dovekie was not included in the Nantucket Sound
model but is shown here because some spesscific covariate effecisere significant.

Species

Rhode Island study plot
Occupancy

Bathymetry SST Chla

Nantucket Sound study plot
Occupancy

Bathymetry SST Chla

Detection
Date Daté’

Surf scoter

White-winged
scoter

Black scoter
Long-tailed
duck

Red-breasted
merganser

Red-throated
loon

Common loon
Northern
gannet

Great
cormorant
Black-legged
kittiwake
Bonaparte's
gull

Herring gull
Great black-
backed gull
Dovekie
Razorhbill

Common eider
-0.43 -0.58

-0.12 -0.06

-0.15 -0.52

-0.82 -0.12

-0.23 -0.67

-0.39 -0.12

-1.66 -0.33

-0.99 -0.94

-1.12 -0.34

-0.74 -0.52

0.11 -0.11

0.91 0.26

0.09 -0.54

-0.4 -0.55

NA NA
0.32 0.01




Table 2Significant probabilities of differences between Rhode Island gplatyand Nantucket
Sound studylot estimates of relationships between eariates and occupanay winter.

Species Pr(RI coefficient > Nantucket Sound coefficig
Bathymetry SST Chla
Common eider 0.99 -- --
Surf scoter 0.99 -- -
Long-tailed duck 0.98 -- --
Red-breasted
merganser -- -- 0.95
Red-throated loon 0.99 -- --
Common loon 0.99 -- --
Northern gannet -- -- 0.96
Herring gull -- -- 0.97
Great black-backe
gull -- 0.96 0.95
Razorbill 0.98 -- -
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Sc. 1.1. Comparison of means and ranges of covariate values used for seasonal analysis of Rhode
Island Ocean SAMP (RIOSAMP) and Nantucket Sound datasets. RIOSAMdR dartder 2009

2010 and Nantucket Sound data from winter 26804,

Bathymetry

Mean (SD) Range
RIOSAMP -35.44 (8.50)(-55.86, -10.33
Nantucket Sound-11.53 (3.27)(-19.32, -0.92)

Winter SST

Mean (SD) Range
RIOSAMP | 579 (0.58) (4.23,6.73)
Nantucket Sound 3.28 (0.23)  (2.66, 4.12)

Winter chl-A
Mean (SD) Range
2.96 (0.51) (1.88, 5.60
4.88 (0.58) (3.57, 7.44

Sec. 1.2. Example BUGS code for community occupancy model

sink("commmodel15.txt")
cat("
model {

# Priors

for(k in 1:(nspec)){
Ipsi[k] ~ dnorm(mu.lpsi, tau.lpsi)
betalpsil[k] ~ dnorm(mu.betalpsil, tau.betalpsil)
betalpsi2[k] ~ dnorm(mu.betalpsi2, tau.betalpsi2)
betalpsi3[k] ~ dnorm(mu.betalpsi3, tau.betalpsi3)

Ip[k] ~ dnorm(mu.lp, tau.lp)

betalp1[k] ~ dnorm(mu.betalpl, tau.betalpl)
betalp2[k] ~ dnorm(mu.betalp2, tau.betalp2)
betalp3[k] ~ dnorm(mu.betalp3, tau.betalp3)

}

mu.lpsi ~ dnorm(0,0.01)
tau.lpsi < pow(sd.Ipsi;2)
sd.lpsi ~ dunif(0,20)

mu.betalpsil ~ dnorm(0,0.01)
tau.betalpsil <pow(sd.betalpsil;2)
sd.betalpsil €unif(0,20)

mu.betalpsi2 ~ dnorm(0,0.01)
tau.betalpsi2 <pow(sd.betalpsi2;2)
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sd.betalpsi2 ~ dunif(0,20)

mu.betalpsi3 ~ dnorm(0,0.01)
tau.betalpsi3 <pow(sd.betalpsi3;2)
sd.betalpsi3 ~ dunif(0,20)

mu.lp ~ dnorm(0,0.01)

tau.lp < pow(sd.lp,-2)

sdlp ~ dunif(0,20)

mu.betalpl ~ dnorm(0,0.01)
tau.betalpl < pow(sd.betalpl;2)
sd.betalpl ~ dunif(0,20)
mu.betalp2 ~ dnorm(0,0.01)
tau.betalp2 < pow(sd.betalp2;2)
sd.betalp2 ~ dunif(0,20)
mu.betalp3 ~ dnorm(0,0.01)
tau.betalp3 < pow(sd.betalp3;2)
sd.betalp3 ~ dunif(0,20)

# Likelihood

for(k in 1:(nspec)){
for (i in 1:nsite) {
psii,k] < exp(lpsi[k] + betalpsil[k] * bath[i] + betalpsi2[k] * SST]i] + betalpsi3[k] *
chla[i])/(1+exp(Ipsi[k] + betalpsil[Kk] * bath[i] + betalpsi2[k] * SSTHgtalpsi3[k] * chla[i]))
Z[i,k] ~ dbern(psi[i,k])
}
}

for(k in 1:(nspec)){
for (i in 1:nsite){
for(j in 1:J[i]){
pli,j.K] < exp(Ip[k] + betalp1[Kk] * date[i,j] + betalp2[k] * pow(date[i,j],2) + betalp3[k] *
leng[i,jl)/(1+exp(lfk] + betalp1[k] * dateli,j] + betalp2[k] * pow(date[i,j],2) + betalp3[K] * leng([i,j]))
p.efffi,j,k] < z[i,k] * p[i,j,K]
Y[i,j,K] ~ dbern(p.eff]i,j,k])
}
}
}

for(k in 1:(nspec)f{
for(j in 1:npredsite){
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predocclj,k]<exp(lpsi[k] + betalpsil[k] * bathpred[j] + betalpsi2[k] * SSTpred][j] + betalpsi3[k] *
chlapred[j])/(1+exp(Ipsi[k] + betalpsil[k] * bathpred[j] + betalpsi2[k] * SSTpred[j] + betalpsi3[k] *
chlapred[j]))

newz[j,k] ~ dbern(predoccfj,k])

}
}

for(j in 1:npredsite){
predspecies|j]ssum(newz|j,1:nspec])
}

}

" fill = TRUE)

sink()

Sec. 1.3. Classification of species included in models based on foraging method

Winter
Diving species Surfacefeeding species
common eider $omateriamollissima) brant Branta bernicla
surf scoter Kelanitta perspicillata blacklegged kittiwvake Rissa tridactyln
white-winged scoterelanitta fuscd bonaparte's gullChroicocephalus philadelphia
black scoterNlelanitta americana herring gull Larus argentatus
longtailed duck Clangula hyemal)s great blackbacked gulll{arus marinus

red-breasted merganseMergus serratoy
red-throated loon Gavia stellatq
common loon Gavia immer
red-necked grebeRodiceps grisegeha
northern gannet Morus bassanys
great cormorant Phalacrocorax carfo
dovekie Alle all§
common murre (ria aalge
razorbill @Alca tordg
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Sec. 1.4. Detected species and number of detections at the segment level, Rhode Island Ocean
SAMP study plovinter 20092010

Species Number of detection:
common eider §omateria mollissima) 44
surf scoter Melanitta perspicillatg 1
white-winged scoterlelanitta fusca) 10
black scoterielanitta americang 1
long-tailed duckClangula hyemalis 1
red-breasted merganseMergus serratoj 2
red-throated loon Gavia stellatg 15
common loon Gavia imme} 232
northern gannet Morus bassanup 105
great cormorant Phalacrocorax carbp 2
black-legged kittiwakeRissa tridactyla 47
bonaparte's gullChroicocephalus philadelphia 1
herring gull Larus argentatu} 152
great black-backed gulLérus marinu¥ 92
dovekie Alle alle) 24
common murre (ria aalge 1
razorbill Alca torda) 11

Sec. 1.5. Detected species and number of detections at the segment level, Nantucket Sound study
plot winter 20032004

Species Number of detections
brant Branta bernicla 1
common eider §omateria mollissima) 463
surf scoter Melanitta perspicillatg 365
white-winged scoterNlelanitta fuscg 146
black scoterelanitta americang 21
long-tailed duckClangula hyemalis 779
red-breasted merganseMergus serrato) 12
red-throated loon Gavia stellatg 38
common loon Gavia immej 57
red-necked grebeRodiceps grisegena 1
northern gannet Morus bassanus 51
great cormorant Phalacrocorax carbp 1
black-legged kittiwakeRissa tridactyla 147
bonaparte's gullChroicocephalus philadelphia 21
herring gull Larus argentatuy 183
great black-backed gulLérus marinu} 93

razorbill @lca torda) 179



Sec. 2.1. Posterior means of predicted common eider occupancy, winter.
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Sec. 2.2. Standard errorsmiedicted common eider occupancy, winter.
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Sec. 2.3. Posterior @ans of predicted surf scoter occupaneynter.
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Sec. 2.4. Standard errors of predicted surf scoter occupancy,

winter.
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Sec. 2.5. Posterior meanspkdicted whitewinged scoter occupancy, winter.
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Sec. 2.6. Standard errors of predicted whitenged scoter occupancy, winter.
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Sec. 2.7. Posterior means of predicted black scoter occupancy, winter.
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Sec. 2.8. Standaetrors of predicted black scoter occupancy, winter.
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Sec. 2.9. Posterior means of predicted lailed duck occupancy, winter.
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Sec. 2.10. Standard errors of predicted ldaded duck occupancy, winter.
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Sec. 2.11Posterior means of predicted rdateasted merganser occupancy, winter.
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Sec. 2.12. Standard errors of predicted-twdasted merganser occupancy, winter.
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Sec. 2.13. Posterior means of predicted-tebated loon occupancy, winter.
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Sec. 2.14. Standard errors of predicted-thtbated loon occupancy, winter.
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Sec. 2.15. Posterior means of predicted common loon occupancy, winter.
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Sec. 2.16. Standard errors of predicted common loon occupancter.
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Sec. 2.17. Posterior means of predicted northern gannet occupancy, winter.
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Sec. 2.18. Standard errors of predicted northern gannet occupancy, winter.
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Sec. 2.19. Posterior means of predicted great cormooaatipancy, winter.
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Sec. 2.20. Standard errors of predicted great cormorant occupancy, winter.
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Sec. 2.21. Posterior means of predicted biegged kittiwake occupancy, winter.
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Sec. 2.22. Standard errors of predictddcklegged kittiwake occupancy, winter.
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Sec. 2.25. Posterioneans of predicted herring gull occupancy, winter.
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Sec. 2.26. Standard errors of predicted herring gull occupancy, winter.
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Sec. 2.27. Posterior means of predicted great blzaxtéked gull occupancy, winter.
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Sec. 2.28Standard errors of predicted great blabkcked gull occupancy, winter.
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Sec. 2.29. Posterior means of predicted dovekie occupancy, winter.




Sec. 2.30. Standard errors of predicted dovekie occupancy, winter.
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Sec. 2.31Posterior means of predicted razorbill occupancy, winter.
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Sec. 2.32. Standard errors of predicted razorbill occupancy, winter.
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Sec. 3.1. Posterior means of the predicted number of species in the observed communities, winter.



