[bookmark: _Toc280111316][bookmark: _Toc334012569][bookmark: _Toc344463769]Code S1. Jags code (Plummer 2003) called from Program R (R Core Team 2017) to recreate estimates of abundance and detection probability for landbirds surveyed within three National Parks (Aniakchak NMP, Katmai NPP, and Lake Clark NPP) in southwestern Alaska, May–June, 2004–2008.

We provide JAGS code called from Program R (see main text, Methods) using the package jagsUI (Kellner 2015) to recreate analyses of golden-crowned sparrow abundance in three Alaskan national parks.  Please note that initial values, especially for , should be very close to actual estimates or the model will not run.  For the detection portions of the model, individuals (not clusters) should each occupy one row (i.e., count = 1 for each observation).  Distance class, time interval and survey ID are provided for each observation.  Remaining covariates are for each site surveyed.  Original data are available online at https://doi.org/10.5066/F7MW2GD3.

####### C. Amundson USGS AK Science Center, AK montane parks JAGS model
#camundson@usgs.gov
# Note, model will mostly likely not run in winBUGS or openBUGS

# ID variables for jags file
# y = individuals per site
# tran = transect ID for each site
# observer = condense 5 observers to 2 observer groups – see main document methods
# park = national park ID per site
# jdate = fixed covariate
# water = fixed covariate
# dec = fixed covariate
# mixed = fixed covariate
# spruce = fixed covariate
# dshrub =  fixed covariate
# baresnow = fixed covariate
# shrub = fixed covariate
# sound = fixed covariate
# tinterval = time interval category ONLY FOR OBSERVATIONS − here coded for equal time intervals
# dclass = distance class ONLY FOR OBSERVATIONS
# surveyid = site ID associated with each observation ONLY FOR OBSERVATIONS

# Begin data formatting
# Import data from local directory - obtain data from https://doi.org/10.5066/F7MW2GD3
obsdata <- read.csv("~/obsdata.csv")
sitecovs <- read.csv("~/sitecovs.csv")

# need to make sure each data frame is ordered according to survey ID - need numeric ID by site starting at 1
sitecovs$PTP<-as.factor(sitecovs$PTP)
obsdata$PTP<-as.factor(obsdata$PTP)
sitecovs<-arrange(sitecovs,PTP)
obsdata<-arrange(obsdata,PTP)
sitecovs$PTPnum<-seq(1,nrow(sitecovs))

# activate packages
library(plyr)
library(jagsUI)


# Site information

water<-sitecovs$water +sitecovs$wetland
dec<-sitecovs$dec
mixed<-sitecovs$mixed
spruce<-sitecovs$spruce
dshrub<-sitecovs$dshrub
wetland<-sitecovs$wetland
baresnow<-sitecovs$baresnow
shrub<-sitecovs$shrub
sound<-sitecovs$sound

# use GCSP as example
spdat<-subset(obsdata,species=="GCSP")

# assign breaks in distance bins, these were determined by examining density plots (see Methods) Cut points used for remaining species can be obtained by contacting 
#C. Amundson, USGS 

brks<-c(92,147,212,280)

# Don't use observations with missing distance or time removal information
  gc<-subset(spdat,exact_distance !="NA"&!is.na(elapsed_secs))
  
  # subset to males only
  # separate out observations of > 1 male into two rows of data
  gc.x<-subset(gc, number>1) # here 1 observation
  
  gcs<-merge(gc.x,gc,all=T)
  gcs$number<-1
  
  
  spec<-subset(gcs,exact_distance<=max(brks)&sex=="M")
    
  ############# create distance classes and time interval bins
  spec$dclass<-with(spec,ifelse(exact_distance<=brks[1],1,ifelse(exact_distance>brks[1]&exact_distance<=brks[2],2,
                      ifelse(exact_distance>brks[2]&exact_distance<=brks[3],3,4))))
                                            
  spec$pass<-as.factor(with(spec,ifelse(elapsed_secs<100,1,ifelse(elapsed_secs>=100&elapsed_secs<200,2,3))))
  

  # Need to get zero counts for sites where no GCSP were observed
  # subset observation data to necessary columns: PTP, elapsed_secs, number, exact_distance,dclass, pass
  specm<-spec[,c(3,6:8,10:11)]
  
  # merge with site data and keep all values, now sites without birds are NA
  specobs<-merge(specm,sitecovs,by="PTP",all=T) #
  
 
  # time removal
  specobs$pass<-as.numeric(specobs$pass)
  
  # create numeric site ID to maintain consistent sorting among datasets

  specobs<-arrange(specobs,PTPnum)
  
  # subset data to only observations - to get dclass and tinterval values connected with surveyID
  specobsonly<-subset(specobs,number>0)
  specobsonly<-arrange(specobsonly,PTPnum)
  
  # now tally counts per site for site-level of model
  specsite<-ddply(specobs,~PTP,summarize,count=sum(number),PTPnum=mean(PTPnum))
  specsites<-merge(specsite,sitecovs)                
  
  
  specsites$count[is.na(specsites$count)]=0 # make NAs zero counts
  
  # need to create transect variable that is unique for each plot (combine plot and tran)
  
  t<-ddply(specsites,.(plot,transect), summarize, test=mean(count))
  t<-arrange(t,plot,transect)
  t$tran<-1:169
  
  gcsites<-merge(specsites,t,all=T)
  gcsites<-arrange(gcsites,PTPnum)
  
  
  # now data for bugs file
  
  # observation only data
  tinterval<-specobsonly$pass # time interval for each observation
  dclass<-specobsonly$dclass # distance class for each observation
  surveyid = specobsonly$PTPnum # site ID for each observation
  J=max(unique(as.numeric(tinterval))) # number of time intervals
  
  # site level data
  y <- gcsites$count # site level counts
  nsurveys<-length(y) # number of survey points
  park<-as.numeric(gcsites$park) # park ID

  
  tran<-gcsites$tran # transect ID
  ntrans<- length(unique(tran)) # number of transects
  observer<-gcsites$obsnum # observer ID
  nobservers<-length(unique(observer)) # number of observers
  jdate<-as.numeric(scale(gcsites$jdate)) # season date; standardize to facilitate convergence
  ncov<-7 # number of covariates in abundance model\
  
  # now for distance component
  nobs<-length(tinterval) # number of observations
  brk<-brks/100 # here scaled breaks by 100 to facilitate convergence
  maxd<-max(brk) # max distance - here 2.8 m because its scaled
# NOTE: sigma parameter estimates will also be scaled to this max distance
  nbreaks<-length(brk) # number of distance bins
  breaks<-c(0, brk) # list cutpoints, add zero
  delta<-c(brk[1],brk[2]-brk[1],brk[3]-brk[2],brk[4]-brk[3]) # number of meters (or fractions of meters) in each bin
  mdpts<-c(brk[1]/2,(brk[1]+brk[2])/2,(brk[2]+brk[3])/2,(brk[3]+brk[4])/2) # really midpoints of each bin
  
  
  
  
 
  # Bundle data for JAGS model
  
  win.data<-list(y=y,surveyid=surveyid,dclass=dclass,nsurveys=nsurveys,nobs=nobs,delta=delta,nbreaks=nbreaks, mdpts=mdpts,maxd=maxd,J=J,tinterval=tinterval,dshrub=dshrub,dec=dec,shrub=shrub,             mixed=mixed,spruce=spruce,water=water,baresnow=baresnow,wetland=wetland,tran=tran,                 ncov=ncov,ntrans=ntrans,jdate=jdate,observer=observer,nobservers=nobservers,sound=sound)
  
  # Initial values for counts must be close to predictions
  Nst<-y+1

  # Inits function
  inits <- function(){list(N=Nst,emp.new=Nst,sigma0=runif(2,10,20), beta0=runif(169,-1,1),
                           beta0.a=runif(1,-1,1),beta.a1=runif(1,-1,1),beta.p1=runif(1,-1,1), 
                           beta=runif(ncov,-1,1),sd.obs=runif(1,0,20),
                           sd.tran=runif(1,0,2))} #
  
  
  
  
  # parameters to estimate
  params<-c("bayes.p","dens","beta","sigma0","meanpcap","beta0.a",
            "beta.p1","beta.a1","meanpdet","meansig","beta0","aniaN","katmN","laclN",
            "aniadens","katmdens","lacldens","pdet","pavail","N","mu.tran",
            "meanpavail","sd.tran","sd.obs","mu.obs","totN","fit","fit.new")
  
  # MCMC settings
  nc<-3
  ni<-1000 # increase iterations to reach convergence
  nb<-250
  nt<-2
  

  #Start Gibbs Sampler
 # Code to create JAGS model starts on page 7.  habmod.txt must exist in your working directory
# for the following code to work

  fit.spec<-jags(win.data, inits, params, "habmod.txt",
                     n.chains=nc, n.burnin=nb,n.iter=ni,codaOnly = c("N","pavail","pdet","fit","fit.new","beta0"),
                     n.thin=nt,modules = c("basemod","bugs","glm","dic"),parallel=TRUE)
  fit.spec
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  # GOF within jagsUI, should be about the same as bayes.p from output
  pp.check(fit.spec,"fit","fit.new")
  
  # Summarize output and plot predictions
  
  specpdet<-colMeans(fit.spec$sims.list$pdet)
  specpa<-colMeans(fit.spec$sims.list$pavail)
  specN<-colMeans(fit.spec$sims.list$N)
  specdens<-(colMeans(fit.spec$sims.list$N)*2)/(maxd*maxd*100*100*3.14159/10000) 
  specCIpdet<-t(apply(fit.spec$sims.list$pdet,2,quantile,probs=c(0.025,0.975)))
  specCIN<-t(apply(fit.spec$sims.list$N,2,quantile,probs=c(0.025,0.975)))
  specCIpa<-t(apply(fit.spec$sims.list$pavail,2,quantile,probs=c(0.025,0.975)))
  specCIdens<-(specCIN*2)/(maxd*maxd*100*100*3.14159/10000)
  # some quick and dirty summary plots
  plot(as.factor(observer),specpdet)
  plot(sound,specpdet) # intercept offset for each observer group
  plot(sitecovs$jdate,specpa)
  scatter.smooth(shrub,specdens)  

    


############ create JAGS model and sink to txt file in working directory

sink("habmod.txt")
cat("
    
model {
  ################ DETECTION PROBABILITY ESTIMATION #########################################################
  
  #PRIORS for fixed detection parameters
  # intercepts
  beta0.a~dnorm(0,0.01)
  beta.a1~dnorm(0,0.001)
  beta.p1~dnorm(0,0.001)
  
  for (j in 1:ncov){
  
    beta[j] ~ dnorm(0,0.001) # otherwise tau would be tau[indA[j]]
  }
 
 
  # random observer prior on detection (p)
  # random observer effects - part of detection function
  for(l in 1:nobservers){
    sigma0[l] ~ dunif(0,100) 
  }
  
  
  # Could add random transect (spatial autocorrelation) prior on abundance
  for(t in 1:ntrans){
  beta0[t] ~ dnorm(0.0, tau.tran)
  #mu.tran[t]<-mu.park[park[t]]
  }
  tau.tran<-pow(sd.tran,-2)
  sd.tran~dunif(0,100)
  # here park effect for predictions by park
  #for (i in 1:3){
   # beta0[i]~dnorm(0,tau.park)
  #}
  #tau.park<-pow(sd.park,-2)
  #sd.park~dunif(0,100)
  
  ##DETECTION FUNCTIONS  
  for(k in 1:nsurveys){  # 
    log(sigma[k])  <- log(sigma0[observer[k]])+beta.p1*sound[k] # add covariates to shape parameter  DISTANCE
    p.a[k]<-exp(beta0.a+beta.a1*jdate[k])/(1+exp(beta0.a+beta.a1*jdate[k])) # beta.a1*jdate[k]add covariates for availability here TIME REMOVAL
    ######## Distance sampling detection probability estimation
    # Using summation technique - Pr(p of x)=exp(-x^2/2*sigma^2)*f(x)
    for(b in 1:nbreaks){
      log(g[b,k])<- -mdpts[b]*mdpts[b]/(2*sigma[k]*sigma[k])  # half-normal detection function - first half of eq., 
      f[b,k]<-  ( 2*mdpts[b]*delta[b] )/(maxd*maxd) # this is f(x), the scaled radial density function
      ##ADD [b] TO DELTA IF INTERVALS ARE NOT ALL THE SAME AMONG BREAKS
      
      pi.pd[b,k]<- g[b,k]*f[b,k]  #this is the product Pr(detect)*Pr(distribution)
      pi.pd.c[b,k]<- pi.pd[b,k]/pdet[k]  # standardizing based on overall capture probability - conditional formulation
    }
    
    pdet[k]<-sum(pi.pd[,k])  # probability of detection is the sum of all rectangular areas
    
    ######## Time-removal detection probability estimation
    
    for (j in 1:J){
      pi.pa[j,k] <- p.a[k] * pow(1-p.a[k], (j-1)) # see salamander example, Royle and Dorazio (2008)
      pi.pa.c[j,k]<- pi.pa[j,k]/pavail[k] # standardizing based on overall availability - conditional formulation
    }
    pavail[k]<-sum(pi.pa[,k]) # probability of capture is the sum of all time intervals
    
  }
  
  ######## Observation-level model  
  for(i in 1:nobs){  
    #single binomial trial with categorical distribution linking distance class and time interval to survey point
    dclass[i] ~ dcat(pi.pd.c[,surveyid[i]]) 
    tinterval[i] ~ dcat(pi.pa.c[,surveyid[i]])
  }
  
  ######## Abundance estimation    
  for(k in 1:nsurveys){ 
    
    # binomial model for # of captured individuals
    pcap[k]<-pdet[k]*pavail[k]
    y[k]~ dbin(pcap[k],N[k]) # counts related to probability of detection, given availability
    
    N[k]~dpois(lambda[k])# Predicted abundance per survey
  }
  
  for (k in 1:nsurveys){
    # Add covariates to lambda
    log(lambda[k])<- beta0[tran[k]] + beta[1]*shrub[k] +beta[2]*dshrub[k] + beta[3]*dec[k]+ beta[4]*mixed[k]+beta[5]*spruce[k]+
      beta[6]*baresnow[k]  + beta[7]*water[k] 
    
  }    
  
  
  ######## Goodness of fit tests
  for(k in 1:nsurveys){
    res[k]<-y[k]-(N[k]*pcap[k])
    emp.new[k] ~ dbin(pcap[k],N[k]) # create new realization of model
    res.new[k]<-emp.new[k]-(N[k]*pcap[k])
    
  }
  
  fit<- sum(res[])
  fit.new<- sum(res.new[])
  bayes.p<-step(fit-fit.new)
  ######## Summary stats
  mu.tran<-mean(beta0[])
  meanpavail<-mean(pavail[]) # mean probability of availability
  meanpdet<-mean(pdet[]) # mean probability of perceptibility
  meanN<-mean(N[]) # mean site-level abundance
  totN<-sum(N[])  # population size of total area surveyed
  aniaN<-sum(N[1:136])
  katmN<-sum(N[137:604])
  laclN<-sum(N[605:1021])
  meansig<-mean(sigma[]) # mean scale parameter across sites
  dens<-(totN*2)/(maxd*maxd*100*100*3.14159/10000)/nsurveys # density of birds per ha, rescaling maxd (x100^2)
  lacldens<-(laclN*2/417)/(maxd*maxd*100*100*3.14159/10000) # density of birds per ha, rescaling maxd
  aniadens<-(aniaN*2/136)/(maxd*maxd*100*100*3.14159/10000) # density of birds per ha, rescaling maxd
  katmdens<-(katmN*2/468)/(maxd*maxd*100*100*3.14159/10000) # density of birds per ha, rescaling maxd
  
}



      ", fill=TRUE)
sink()
##END##
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