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ABSTRACT

The status and trend estimates derived from the North American Breeding Bird Survey (BBS),
are critical sources of information for bird conservation. However, the estimates are partly
dependent on the statistical model used. Therefore, multiple models are useful because not all of
the varied uses of these estimates (e.g. inferences about long-term change, annual fluctuations,
population cycles, recovery of once declining populations) are supported equally well by asingle
statistical model. Here we describe Bayesian hierarchical generalized additive models (GAM) for
the BBS, which share information on the pattern of population change across a species’ range.
We demonstrate the models and their benefits using data a selection of species; and we run afull
cross-validation of the GAMs against two other models to compare predictive fit. The GAMs
have better predictive fit than the standard model for all species studied here, and comparable
predictive fit to an alternative first difference moddl. In addition, one version of the GAM
described here (GAMY E) estimates a population trajectory that can be decomposed into a
smooth component and the annual fluctuations around that smooth. This decomposition allows
trend estimates based only on the smooth component, which are more stable between years and
are therefore particularly useful for trend-based status assessments, such as those by the I[UCN. It
also allows for the easy customization of the model to incorporate covariates that influence the
smooth component separately from those that influence annual fluctuations (e.g., climate cycles
vs annual precipitation). For these reasons and more, this GAMY E modd is a particularly useful

model for the BBS-based status and trend estimates.

Keywords: Bayesian, Breeding bird survey, Cross validation, Generalized additive model,
Population change, Status and trend estimates
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54 LAY SUMMARY

55 e The status and trend estimates derived from the North American Breeding Bird Survey
56 are critical sources of information for bird conservation, but they are partly dependent on
57 the statistical model used.

58 e Wedescribe amodel to estimate population status and trends from the North American
59 Breeding Bird Survey data, using a Bayesian hierarchical generalized additive mixed-

60 mode that allows for flexible population trajectories and shares information on

61 population change across a species’ range.

62 e Themode generates estimates that are broadly useful for a wide range of common

63 conservation applications, such as [UCN status assessments based on trends or changesin
64 the rates of decline for species of concern; and the estimates have better or similar

65 predictive accuracy to other models., and

66 INTRODUCTION

67  Estimates of population change derived from the North American Breeding Bird Survey are a

68  keystone of avian conservation in North America. Using these data, the Canadian Wildlife

69  Service (CWS, abranch of Environment and Climate Change Canada) and the United States

70  Geological Survey (USGS) produce national and regional status and trend estimates (estimates of
71  annual relative abundance and rates of change in abundance, respectively) for 300-500 species of
72 birds (Smith et al. 2019, Sauer et al. 2014). These estimates are derived from models designed to
73 account for some of the sampling imperfections inherent to an international, long-term field

74 survey, such aswhich sites or routes are surveyed in agiven year and variability among

75  observers (Sauer and Link 2011, Smith et al. 2014). Producing these estimates requires

76  significant analytical expertise, time, and computing resources, but they are used by many
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5
conservation organizations and researchers to visualize, analyze, and assess the population status
of many North American bird species (e.g., Rosenberg et al. 2017, NABCI Canada 2019,

Rosenberg et a. 2019).

While the estimates of status and trend from the BBS serve many different purposes, not all uses
are equally well supported by the standard models, and so there is a need for alternative models
and for a continual evolution of the modeling. Different conservation-based uses of the BBS
status and trend estimates relate to different aspects of population change, including long-term
trends for overall status (Partnersin Flight, 2019), short-term trends to assess extinction-risk
(TUCN 2019), changes in population trends to assess species recovery (Environment Climate
Change Canada, 2016), or annual fluctuations (Wilson et al., 2018). Each one of these usesrelies
on different parameters, or spatial and temporal variations in those parameters, and no single
model can estimate all parameters equally well. Thisisnot a criticism; it istrue of any single
model. For example, the standard model used between 2011 and 2017 in the United States and
2011 and 2016 in Canada, is essentially a Poisson regression model, which estimates population
change using random year-effects around a continuous slope in a Bayesian hierarchical
framework (Sauer and Link 2011, Smith et al. 2014). These slope and year-effects are well suited
to estimating annual fluctuations around a continuous long-term change, but the model tends to
be conservative when it comes to estimating changes in a species population trend (e.g.,
population recovery after decline), or population cycles (Fewster et a. 2000, Smith et al. 2015).
Similarly, short-term trends (e.g., the last 10-years of the time-series) derived from this standard
model incorporate information from the entire time-series (i.e., the slope component of the
model). For many purposes, thisis a reasonable and useful assumption, which guards against

extreme and imprecise fluctuations in short-term trends. However, for assessing changesin
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100 trends of a once-declining species, such asthe recovery of a species at risk (Environment and

101 Climate Change Canada, 2016), this feature of the model is problematic.

102 Generalized Additive Models (GAM, Wood 2017) provide aflexible framework for tracking

103  changesin populations over time, without any assumptions about a particular temporal patternin
104  population change (Fewster et al., 2000, Knape 2016). The semi-parametric smooths can fit

105 amost any shape of population trajectory, including stable populations, constant rates of increase
106  or decrease, cycles of varying frequency and amplitude, or change pointsin population trends
107  (Wood 2017). Furthermore, the addition of new datain subsequent years has relatively little

108 influence on estimates of population change in the earlier portions of the time-series. By contrast,
109 the dlope parameter in the standard models effectively assumes that there is some consistent rate
110 of change. Asaresult, to the extent that the slope parameter influences the estimated trajectory,
111  estimates of the rate of a species population change in the early portion of the time series (e.g.,
112 during the 1970s or 80s) can change in response to the addition of contemporary data and recent

113  rates of population change.

114 GAMsaso provide auseful framework for sharing information on the shape and rate of

115 population change across a species range. The GAM smoothing parameters can be estimated as
116  random effects within geographic strata, thus allowing the model to share information on the
117  shape of the population trgectory across a species range. In the terminology of Pedersen et al.
118 2019, this hierarchical structure on the GAM parameters would make our model a“HGAM”
119  (Hierarchical Generalized Additive Model). However, it also includes random effects for

120  parameters not included in the smooth and could therefore be referred to asa GAMM

121  (Generalized Additive Mixed Model), in the terminology of Wood 2017. Similarly in the

122  standard model, the slope parameters can be estimated as random effects and share information
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7
among strata, which improves estimates of trend for relatively data-sparse regions (Link et al.
2017, Smith et al. 2019). Although recent work has shown that the standard model is, for many
species, out-performed by a first-difference model (Link et al. 2020), the population change
components of the first-difference model (Link et al. 2017), include no way to share information
on population change in space and so population trajectories are estimated independently among
strata. Of course, for some conservation uses, thisindependent estimation of population
trajectories might be critical (e.g., if one were interested specifically in estimating the differences
in trends among provinces or states), and in these situations the sharing of information could be

problematic.

Trend estimates (interval-specific rates of mean annual population change, Sauer and Link 2011,
Link et a. 2020) derived from the inherently smooth temporal patterns generated by GAMs are
well suited to particularly common conservation uses, such as assessments of trendsin
populations from any portion of atime-series, as well as assessments of the change in the trends
over time. For example, the population trend criteria of the [IUCN (IUCN 2019) or Canada's
national assessments by the Committee on the Status of Endangered Wildlife in Canada
(COSEWIC) are based on rates of change over 3 generations. For most bird species monitored
by the BBS, this 3-generation time is approximately the same as the 10-year, short-term trends
produced by the CWS and USGS analyses. Because of the inclusion of year-effectsin the
standard model, these short-term trends fluctuate from year to year, complicating the quantitative
assessment of a species trend in comparison to the thresholds. Species trends may surpass the
threshold in one year, but not in the next. The same end-point comparisons on estimates from a
GAM will change much more gradually over time, and be much less dependent on the particular

year in which a speciesis assessed.
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146  In this paper, we describe a status and trend model that uses a hierarchical GAM to estimate the
147  relative abundance trajectory of bird populations, using data from the BBS. This model allows
148 for the sharing of information about a species population trajectory among geographic strata and
149  for the decomposition of long- and medium-term population changes from annual fluctuations.
150 Wealso compare thefit of the GAM, and a GAM-version that includes random year-effects

151  (conceptually similar to Knape et al. 2016), to the fit of two alternative models for the BBS

152  (Sauer and Link 2011, Smith et al. 2015, Link et al. 2020).

153 METHODS

154  Overview

155 We designed a Bayesian hierarchical model for estimating status and trends from the
156  North American Breeding Bird Survey (BBS) that uses a Generalized Additive Model (GAM)
157  smooth to estimate the medium- and long-term temporal components of a species population
158 trgectory (i.e., changes occurring over time-periods ranging from 3-53 years). In the modd, the
159  parameters of the GAM smooths are treated as random-effects within the geographic strata (the
160  gspatial units of the predictions, intersections of Bird Conservation Regions and

161 province/state/territory boundaries), so that information is shared on the shape of the population
162 trgectory across the species’ range. In comparison to the non-Bayesian hierarchical GAMs

163 (HGAM) in Pedersen et a. 2019, our model is most similar to the “GS’ model, which hasa
164  global smooth in addition to group-level smooths with asimilar degree of flexibility. We applied
165 two versions of the GAM: one in which the GAM smooth was the only component modeling
166 changesin abundance over time (GAM), and another in which random year effects were also
167 estimated to alow for single-year departures from the GAM smooth (GAMYE, whichis

168  conceptually similar to the model described in Knape 2016).
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169 For asdection of species, we compared estimates and predictive accuracy of our two models
170  using the GAM smooth, against two aternative models that have been used to analyze the BBS
171 data. We chose the main comparison species (Barn Swallow) because of the striking differences
172  between trgectories from the SLOPE mode and a number of non-linear models (Sauer and Link
173 2017, Smith et al. 2015). We added a selection of other species to represent a range of
174  anticipated patterns of population change, including species with known change pointsin their
175 population trajectories (Chimney Swift, Smith et al. 2015), and species with relatively more data
176  and known large and long-term trends (Wood Thrush, Ruby-throated Hummingbird) and species
177  withrelatively fewer data and long-term changes (Canada Warbler, Cooper’s Hawk, and
178  Chestnut-collared Longspur). Finally, we also added a few species with strong annual

179 fluctuations and/or abrupt step-changes in abundance (Pine Siskin, Carolina Wren).

180 TheBBSdataare collected along roadside survey-routes that include 50 stops at which a 3-

181 minute point count is conducted, once annually, during the peak of the breeding season (Robbins
182 etal. 1986, Sauer et al. 2017, Hudson et al. 2017). All of the models here use the count of

183 individual birds observed on each BBS route (summed across all 50 stops) in agiven year by a
184  particular observer. The four statistical models differed only in the parameters used to model

185 changesin species relative abundance over time. We used 15-fold cross validation (Burman

186  1983) to estimate the observation-level, out-of-sample predictive accuracy of all four models
187  (Link et al. 2020, Vehtari et al. 2017). We chose this 15-fold cross-validation approach because
188  although full leave-one-out (I00) cross-validation minimizes bias and variance of the estimate of
189  predictive accuracy (Zhang and Y ang 2015), the size of the BBS dataset makes thisimpractical

190 (Link et al. 2017), and cross-validation with k > 10 is a reasonable approximation of loo (Kohavi
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191 1995, Vehtari et al. 2017). We compared the overall predictive accuracy among the models, and

192  weexplored the spatial and temporal variation in predictive accuracy in depth.

193  Using the cross-validation, we have compared four alternative BBS models, all of which have

194  the same basic structure:
log(As¢) = 0s + As(@®) + I, t] + w; + & ¢

195 Themodelstreat the observed BBS counts as overdispersed Poisson random variables, with

196 mean A ;. (i.e., geographic stratum s, observer and route combination j, and year t). The means
197 arelog-linear functions of stratum-specific intercepts (6,, estimated as fixed effects and with the
198  same priorsfollowing Smith et al. 2014), observer-route effects (w;, estimated as random effects
199  and with the same priors following Sauer and Link 2011), first-year startup effects for a

200 observer (n, estimated as fixed effects and with the same priors following Sauer and Link 2011),
201  acount-level random effect to model overdispersion (g ; ., estimated using heavy-tailed, t-

202  digribution and with the same priors following Link et al. 2020), and atemporal component

203 estimated using afunction of year, which varies across the four models (A, (t)). The models here

204  only varied in their temporal components (A (t)).

205

206 Bayedan hierarchical GAMs
207 GAM. The main tempora component A, (t) in the GAM was modeled with a semi-parametric

208  smooth, estimated following Crainiceanu et a (2005) as

K
ASAM(1) = z Bsi Xtk
k=1


https://doi.org/10.1101/2020.03.26.010215
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2020.03.26.010215; this version posted October 7, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

11

209 whereK isthe number of knots, . , isthe year ¢ and kth entry in the design matrix X (defined
210  below), and B, isthe K-length vector of parameters that control the shape of the trgjectory in
211  stratums. Each g, is estimated as a random effect, centered on amean across all strata (a

212  hyperparameter B,)
Bsi ~ Normal(By, 07)
213 and
Bx ~ Normal(0, o3)

214  wherethe variance o acts as the complexity penalty, shrinking the complexity and the overall
215 change of the mean trgjectory towards aflat line). It would be possible to add an additional slope
216 parameter, aswas donein Crainiceanu et al. 2005, but we have found that the BBS data for most
217  species areinsufficient to allow for the separate estimation of the linear component to population
218 change and the additive smooth. In addition, we see little benefit to including alinear component
219  because the assumptions required to include a constant linear slope for a 53 year time-series are
220  unlikely to be met for any continental-scale population. In combination, these variance

221  parameters (aﬁz, a£) control the complexity penalty of the species trajectories and the variation in
222  pattern and complexity among strata and were given the following priors, following advicein

223  Crainiceanu et a (2005):

) 1
O-B ~
gammal(2,0.2)

) 1
0 ~ _ _
gamma(10-2,10-4)
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224  These prior parameters were chosen to ensure that the priors are sufficiently vague that they are
225 overwhelmed by the data, particularly for o5 that controls the shape of the survey-wide trajectory
226  (Crainiceanu et a 2005). We have so far had good results across a wide range of species using
227  thesepriors, and in tests of alternative priorsthere is no effect on posterior estimates
228  (Supplemental Figure S9). For example, estimates of B, and o for Chestnut-collared Longspur

229 (arelatively data-poor species) are unchanged even if using a much more restrictive prior on og

1

230 that places 99% of the prior density for oz below 1.2 (o5 ~ ). However, these

gamma(2,0.2)
231 variance priors are an area of ongoing research, aimed at improving the efficiency of the MCMC

232  sampling.

233  Thedesign matrix for the smoothing function (X) has arow for each year, and a column for each
234 of K knots. The GAM smooth represented a 3°-degree polynomial spline: y, , = [t' — t',|?,

235 andwascaculated in R, following Crainiceanu et al (2005). We centered and re-scaled the year-

236  vauestoimprove convergence, sothat t’ = (t —midy ear)/T’ where midyear isthe middle

237  year of thetime-series, and T is the number of yearsin the time-series. Here, we have used 13
238  knots (K = 13), across the 53-year time-series of the BBS (1966-2018), which resultsin

239  approximately one knot for every 4 years in the time-series. With this number of knots, we have
240  found that the 53-year trajectories are sufficiently flexible to capture all but the shortest-term
241  variation (i.e., variation on the scale of 3-53 years, but not annual fluctuations). Models with
242  more knots are possible but in the case of a penalized smooth, the overall patternsin the

243  trajectory will be very similar, aslong as a sufficient number of knotsis alowed (Wood 2017).
244 The number of knots could be customized in a species-specific approach, however because we

245  arelooking for a general model structure that can be applied smilarly across the >500 speciesin
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246  the BBS, we have fixed the number of knots at 13. Our approach relies on the shrinkage of the
247  smoothing parameters (B, 3) to ensure that the trgjectories are only as complex as the data
248  support, and the limited number of knots constrains the complexity of the additive function

249  (Wood 2017, Fewster et al. 2000).

250 GAMYE. The GAMYE was identical to the GAM, with the addition of random year effects
251  (y.s) estimated independently among strata, following Sauer and Link (2011) and Smith et al.

252 (2015), as
Ves ~ Normal(0,02,)

253  where o) are stratum-specific variances. Thus, the temporal component for the GAMYE is

254  given by

K
AgAMYE (t) = Z ﬁs,k)(t,k + Yts

k=1

255 The GAMYE trajectories are therefore an additive combination of the smooth and random

256  annual fluctuations. The smooth components of the trgjectory in the GAMYE are generally very
257  similar to those from the GAM, but tend to be slightly less variable (i.e., less complex) because
258  the year-effects components can account for single-year deviations from the longer-term patterns
259  of population change. The full trgectories from the GAMY E (smooth plus the year-effects)

260 generally follow the same overall pattern asthe GAM estimates, and include abrupt single-year

261  changes in abundance, which increases the capacity to model step-changes in abundance.
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262  Alternative models
263  For aselection of species, we compared the predictions and predictive accuracy of the two

264 GAMsagainst two alternative models previously used for the BBS.

265 SLOPE. The SLOPE modéd includes a slope parameter and random year-effects to model

266  speciestrajectories. It isalinear year-effects model currently used by both the CWS (Smith et al.
267  2014) and the USGS (Sauer et al. 2017) as an omnibus modédl to supply status and trend

268  estimates from the BBS (essentially the same as model SH, the Slope model with Heavy-tailed

269  errorinLink et al 2017). The temporal component in the SLOPE mode is

AELOPE (t) = ﬁs * (t - tmid) + )/t,s

270 DIFFERENCE. Thefirg-difference model (DIFFERENCE) is based on amodel described in

271  Link and Sauer (2015) and models the temporal component as

ADIFFERENCE (1) = - = N(y,_1,,02)

272  The DIFFERENCE mode includes year-effects that follow a random walk prior from the first
273  year of thetime-series, by modeling the first-order differences between years as random effects

274  with mean zero and an estimated variance.

275  All analysesin this paper were conducted in R (R Core Team, 2019), using JAGS to implement
276  the Bayesian analyses (Plummer 2003), and an R-package bbsBayes (Edwards and Smith 2020)
277  to accessthe BBS data and run all of the models used here. We used the same number of burn-in
278 iterations (10 000), thinning-rate (1/10), chains (3), and number of saved samples from the

279  posterior (3000) to estimate trends and trajectories for all models. We examined trace plots and

280 the Rhat statistic to assess convergence. The graphs relied heavily on the package ggplot2
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281  (Wickham 2016). BUGS-language descriptions of the GAM and GAMYE, aswell as all the code
282  and data used to produce the analyses in this study, are archived online (see Data Depository in

283  Acknowledgements).

284  Cross-validation

285 Weused atemporally and spatially stratified v-fold cross-validation (Burman 1983, often termed
286  “k-fold”, but here we use Berman’s original “v-fold” to distinguish it from “k” which is often
287  used to describe the number of knotsin a GAM) with v = 15, where we held-out random sets of
288  counts, stratified across all years and strata so that each of the v-folds included some

289  observations from almost every combination of strata and years. We did this by randomly

290 allocating each count within a given stratum and year to one of the 15 folds. We chose this

291  approach over aleave-one-out cross-validation (Ioo) approach using arandom subset of counts
292 (eg., Link et al. 2017) because we wanted to assess the predictive success across all counts in the
2903  dataset, explore the temporal and spatial patternsin predictive success, and afull loo is not

294  practical for computational reasons (see Link et a. 2017). We could aso have chosen to conduct
295 astructured cross-validation (Roberts et al. 2017), but cross-validation in a Bayesian context has
296  particularly large computational requirements; there are multiple levels of dependenciesin the
297 BBSdata (dependencesin time, space, and across observers); and models being compared vary
298 intheway they treat some of those dependencies (models that share information differently in
299  gpace and/or time). Therefore, we chose a relatively simple non-structured approach where the
300 foldsarebaanced in time and space, and for a given species were identical across all models
301 compared. We followed a similar procedure to that outlined in Link et al. (2017) to implement
302 thecross-validation in aparallel computing environment, using the R-package foreach

303 (Microsoft and Weston 2019). We used the end-values from the model-run using the full dataset
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304 asinitial valuesin each of the 15 cross-validation runs, ran a short burn-in of 1000 samples, then
305 used adraw of 3000 samples of the posterior with athinning rate of 1/10 spread across 3 chains.
306 Wedid not calculate WAIC because previous work has shown that WAIC does not approximate

307 loowell for theBBSdata (Link et al. 2017, Link et al. 2020).

308 We used the estimated log predictive density (elpd; »;) to compare the observation-level, out-of-
309 sample predictive success of all four models (Link et al. 2020, Vehtari et al. 2017). For agiven
310 mode M, elpd isthe estimated log posterior density for each observation i, for the model M fit

311 toall dataexcept thoseinthe set v that includesi (Y_, ;¢,). That is,

elpdi’M = log (fM(Yily—v,iEin))

312  Larger values of elpd indicate better predictive success, that isa higher probability of the
313  observed data given the model M, the estimated parameters, the vector of covariates for
314  observation i, such asthe year, observer-route, etc. (X;), and all of the data used to fit the model

315 (Y—v,iev)'

316 We have not summed elpd values to generate BPIC values (Link et al. 2020); rather, we have
317 compared model-based estimates of mean differencein elpd between pairs of models. We

318 modeled the elpd values so that we could account for the imbalancesin the BBS datain time and
319 gpace (i.e, thevariation in number of counts among strata and years). The raw sum of the elpd
320 valueswould give greater weight to the regions with more data and to the recent years in the
321 time-series, which have more counts. Therefore, expanding on the approach in Link et al. 2020

322  that used a z-score the estimated the significance of the differencein fit between two models, we

323 used ahierarchical model to estimate the mean differencein predictivefit (6;%). Wefirst
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324  calculated the difference in the elpd of each observed count (Y;) under models 1 and 2, as
325 &0, = log (fi(YilVovien Xi)) = 10g (fo(YiI Yoy ie0sX:) ), SO that positive values of 817,

elpd
i

326 indicate more support for model 1. We then analysed these §; " values using an additional
327 Bayesian hierarchical model, with random effects for year and strata to account for the variation
328 insampling effort in time and space. These random effects account for the imbalances in the

329 BBS-dataamong years and regions, and the inherent uncertainty associated with any cross-

330 validation statistic (Vehtari et al. 2017, and Link et al. 2017). This model treated the elpd

elpd

331  differencesfor acount from agiven year ¢ and stratumss (5, ¢,

) as having at-distribution with

332 anestimated variance (o4) and degrees of freedom (v). That is,

lpd
8?;} = t(uir O-AZ;V)

Hi =+ +hy

333  Fromthe model, ¢ was our estimate of the overall comparison of the mean difference in

334 predictivefit for Model 1—Model 2 (85,52, = ¢), ¢ + 1, was the estimate of the mean

335 differencein stratum s, and ¢ + 1, was the estimated difference in year t. The year and stratum
336 effects (¥, + Y,) were estimated as random effects with a mean of zero and estimated variances
337 given uninformative inverse gamma priors. We used this t-distribution as a robust estimation

338  approach, instead of the z-score approach used by Link et al. (2020) because of the extremely

339  heavy tailsin the distribution of the 5{"¢ values (Supplemental Figure S7). Given these heavy
340 tails, adatistical analysis assuming anormal distribution in the differences would give an
341 inappropriately large weight to afew counts where the prediction differences were extremely

342 largein magnitude (Gelman et al. 2014). In essence, our model is smply a“robust” version of
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343  the z-score approach (Lange et al. 1989) with the added hierarchical parameters to account for

344  the spatial and temporal imbalance in the BBS data.

345

346 Trendsand population trajectories

347  For all models, we used the same definition of trend following Sauer and Link (2011) and Smith
348 et al. (2015); that is, an interval-specific geometric mean of proportional changes in population
349  dsize, expressed as a percentage. Thus, the trend estimate for the interval from year a (t,,) through

350 yearb(t,)isgiven by

1

Nt ta—tp
Rap =100 | (- -1

tp

351 where N represents the annual index of abundance in a given year (see below). Because this
352 estimate of trend only considers the annual abundance estimates in the years at either end of the
353 trend period, we refer to this estimate as an end-point trend. For the GAMY E model, we

354  decomposed thetrgjectory (i.e., the series of annual indices of abundance) into long- and

355  medium-term components represented by the GAM smooth and annual fluctuations represented
356 by the random year-effects. This decomposition allowed us to estimate two kinds of trend

357 estimates: R,y that include all aspects of the trgjectory, and R),.,, that removes the annual

358 fluctuations, including only the GAM smooth components.

359  Population trgectories are the collection of annual indices of relative abundance across the time

360 series. Theseindices approximate the mean count on an average BBS route, conducted by an
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361 averageobserver, in agiven stratum and year. For all the models here, we calculated these

362 annual indices for each year t and stratum s following Smith et al. (2019) as

Agt+wj+0.5%07

Yicr e

€

Ns,t =z, * J€Js
n]S

363 whereeach N, are exponentiated sums of the relevant components of the model (A, ;),

364  observer-route effects (w;), and count-level extra-Poisson variance (0.5 * o), averaged over
365 count-scale predictions across all of then;; observer-routes j in the set of observer-route

366 combinationsin stratum s (J), and then multiplied by a correction factor for the proportion of
367 routesin the stratum on which the species has been observed (z,, i.e., the proportion of routes on
368  which the species has been observed, on all other routes species abundance is assumed to equal
369 zero and they are excluded from the model , see Sauer and Link 2011). Thisis slightly different
370 from the approach described in Sauer and Link (2011) and Smith et al. (2015), and an area of
371  ongoing research. We have found that this different annual index calculation ensures that the
372  annual indices are scaled more similarly to the observed mean counts, which can affect the

373  relative weight of different stratain trends estimated for broader regions (e.g., continental and
374  national trends), but it has no effect of the trends estimated within each stratum and no effect on
375 the cross-validation results presented here. For a discussion on the differences between these two

376  waysof calculating annual indices, refer to the Supplemental Material.

377  For the GAMY E model, we calculated two versions of the speciestraectory (N;): one that

378  included the annual variation in the trajectory,

A i+ w+0.5%02
Ljej, €T

Ns,t =Zg*
Tl]s
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As,t = 65 + f:q(t) + ys,t

379 and asecond that excluded the annual variations, including only the smoothing components of

380 the GAM to estimate the time-series,

. Agslt+w-+0.5*a§
Z.IE]S e !

Ngg: = zs *
, s

Agse = 05 + (O

381 Wecalculated population trajectories and trends from the GAMY E modd using both sets of
382  annud indices (N, . and Ng, ). When comparing predictions against the other models, we use
383 theN,, valuesto plot and compare the population trajectories (i.e., including the year-effects),

384 andtheNg, . valuesto calculate the trends (i.e., removing the year-effect fluctuations).

385 RESULTS

386 Mode predictions:

387  Population trgectories from the GAM, GAMYE, and DIFFERENCE are very similar. All three
388  of these models suggest that Barn Swallow populations increased from the start of the survey to
389  approximately the early 1980s, compared to the SLOPE model predictions that show arelatively
390 steady rate of decline (Figure 1). Thetrgjectories for all species from both GAMs and the

391 DIFFERENCE model were less linear overall than the SLOPE model trajectories and tended to
392  Dbetter track nonlinear patterns, particularly in the early years of the survey and often in more
393  recent years aswell (Figure 1, Supplemental Materials Figures S1 and S6). GAM and GAMYE
394 trgjectories vary agreat deal among the strata, particularly in the magnitude and direction of the

395 long-term change (Figure 2 for Barn Swallow). However, there are also many similarities among
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396 thestrata, in the non-linear patterns that are evident in the continental mean trajectory (e.g., the
397 downward inflection in the early 1980s in Figure 2 and Supplemental Materials Figure S2).
398  Figure 3 shows the estimate trajectories for Barn Swallow in the 6 strata that make up BCR 23
399 fromthe GAMYE, DIFFERENCE, and SLOPE models. The GAMY E estimates suggest that the
400 species populationsincreased in the early portion of the time seriesin all of the strata, and thisis
401  apattern shared with the continental mean trajectory for the species (Figure 2). By contrast, the
402  estimates from the SLOPE model only show an increase in the stratum with the most data, (i.e.,
403 the most stacked grey dots along the x-axis indicating the number of BBS routes contributing
404  datain each year, US'WI-23), the DIFFERENCE model shows more of the early increase in
405 many strata, except those with the fewest data. In the other strata with fewer data the SLOPE
406 trajectories are strongly linear and the DIFFERENCE trgjectories are particularly flat in the early
407  yearswith particularly few data. The cross-validation results suggest that for Barn Swallow, the
408 GAMYE ispreferred over the SLOPE model, and generally preferred (some overlap with 0) to
409 the DIFFERENCE modd (Figure 4), particularly in the early years of the survey (pre-1975,
410 Supplemental Materials Figure S6). Finally, the general benefits of sharing information among
411  strata on the shape of the population trajectory are evident for the GAM, GAMYE, and the
412  SLOPE modelsin Figure 5, where there is no relationship between the sample size and the

413  absolute value of the long-term trend for Cooper’s Hawk (more below).

414  For most species here, the GAMs or the DIFFERENCE model generally were preferred over the
415 SLOPE mode (Figure 4). For the two species with population trajectories that are known to
416 include strong year-effects (Carolina Wren and Pine Siskin), the GAM model that does not

417  include year-effects performed poorly (Figure 4). For Carolina Wren, the DIFFERENCE model

418 was preferred clearly over the GAMYE (Figure 4), and yet the predicted trajectories from the
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419 two models are extremely similar (Figure 1). By contrast, for Pine Siskin the DIFFERENCE and
420 GAMYE werevery similar in their predictive accuracy (Figure 4) and yet the predicted

421  tragjectories are noticeably different in the first 10-years of the survey (Supplementary Materials
422  Figure S1). For Cooper’s Hawk, the GAMY E model was generally preferred over the

423  DIFFERENCE model, although there was some overlap with zero (Figure 4), but in this case, the
424  predicted trgectories are very different. The DIFFERENCE trgjectory for Cooper’ s Hawk

425  suggests much less changein the species population over time than the GAM or GAMYE

426  (Figurel).

427  Cooper’s Hawk provides an example of a species with very sparse data, for which the sharing of
428  information in space may be particularly relevant. In a single stratum, the model has relatively
429 few datawith which to estimate changes in populations through time. For example, the mean
430  countsfor the species indicate that on average one bird was observed for every 40 BBS-routes
431  runinthe 1970s, and since the species population has increased it still requires more than 10
432  routesto observe asingle bird. For this species, the models that share information among strata
433  on population change (GAM, GAMYE, and SLOPE), suggest greater change in populations than
434  the DIFFERENCE. For these models, where the stratum-level population change parameters are
435 ableto share information across the species' range, the absolute change in the population does
436  not depend on the sample size in the region. In addition, for each of these models, there is il
437 large variability in the trends estimated for data-sparse regions, demonstrating that while the
438  estimates benefit from the sharing of information among strata, the local trends are still

439 influenced by the local data. By contrast, there is a strong relationship between the magnitude of
440  thetrend and the number of routes contributing data to the analysis for the DIFFERENCE model

441  (Figureb). In strata with fewer than 10 routes contributing data, the DIFFERENCE trends are
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442  amost al very closeto zero. In these relatively data-sparse strata, the DIFFERENCE model has
443  very little information available to estimate population change, and so the prior is more relevant
444 and the population changes are shrunk towards zero. By contrast, the other models can integrate
445  datafromthelocal stratum with information on changes in the species population across the rest

446  of theitsrange.

447  The decomposed trajectories from the GAMY E allow us to calculate trends from the smooth but
448  aso plot trgectories that show the annual fluctuations. For example, the smooth trajectory for the
449  Carolina Wren captures the general patterns of increases and decreases well, while the full

450 trajectory also shows the sharp population crash associated with the extreme winter in 1976

451  (Figure 6). Calculating trends from the smooth component generates short-term estimates that
452  vary lessfrom year to year for species with relatively strong annual fluctuations (Figure 7). For
453  example, Figure 8 shows the series of short-term (10-year) trend estimates for Wood Thrush in
454  Canada, from the smooth component of the GAMY E, the GAMY E including the year-effects,
455  the DIFFERENCE modd, and the SLOPE model used since 2011. In this example, the 10-year
456  trend estimate from the GAMY E with the year-effects and the SLOPE model both cross the

457  1UCN trend threshold criterion for Threatened (IUCN 2019) at least oncein the last 12 years,
458 including 2011, when the species’ status was assessed in Canada (COSEWIC 2012). By contradt,
459  atrend calculated from the decomposed GAMY E model using only the smooth component

460 (GAMY E — Smooth Only in Figure 8) fluctuates much less between years.

461 Cross-validation variesin time and space
462  The preferred model from the pairwise predictive fit comparisons varied in time and space
463  (Figures4, 9, 10 and Supplemental Material Figure S6). The contrast between GAMY E and

464  DIFFERENCE for Barn Swallow provide a useful example: Depending on the year or the region
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of the continent, either the GAMY E or the DIFFERENCE model was the preferred model, but
overall, and in almost all regions and years, the 95% CI of the mean difference in fit between
GAMY E and DIFFERENCE overlapped O (Figures 4, 9 and 10). For Barn Swallow, the
GAMY E model has generally higher predictive fit during the first 5 years of the time-series, but
then the DIFFERENCE modd is preferred between approximately 1975 and 1983. The
geographic variation in predictive fit is similarly complex. In the Eastern parts of the Barn
Swallow’ srange, the GAMY E model generally outperforms the DIFFERENCE model, whereas
thereverseis generally truein the remainder of the species range (Figure 10). Although the
mapped colours only represent the point-estimates, they suggest an interesting spatial patternin
the predictive fit of these two models for this species. Many of species consdered here show
similarly complex temporal and spatia patternsin the preferred model based on predictive fit

(Supplemental Material Figures S6).

DISCUSSION

Using Bayesian hierarchical semi-parametric GAM smooths to model time series of population
abundance with the North American Breeding Bird Survey generates useful estimates of
population trajectories and trends and has better or comparable out of sample predictive
accuracy, in comparison to the SLOPE or DIFFERENCE model. The flexibility of the GAM
smoothing structure to model long- and medium-term temporal patterns, and the optional
addition of random year-effects to model annual fluctuations, alow it to model a wide range of
temporal patterns within asingle base-model (Fewster et al. 2000, Wood 2017). We fit the
smoothing parameters as random effects, to share information across geographic strata within a
species’ range, and to improve the estimates of population tragjectories for data-sparse regions

(Pedersen et al. 2018). For amost all speciesincluded here, the two GAM-based models clearly
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488  out-performed the standard model (SLOPE) used for the CWS and USGS analyses since 2011
489  (Sauer and Link 2011, Smith et al. 2014), and showed similar out of sample predictive accuracy
490 asafirst-difference, random-walk trgjectory mode (Link et al. 2020). On a practical note, the
491 GAM-based models required approximately 40% more time than the SLOPE or DIFFERENCE
492  model to generate a similar number of posterior samples, but given the 53 years of effort to

493  collect the data, we suggest thisisa small priceto pay for useful status and trend estimates.

494  The decomposition of the estimated population trgjectory into the smooth and year-effect

495 componentsisafeature of the GAMYE that is particularly useful for conservation applications.
496 It alowsthe user to estimate and visualize separate trends and trajectories that include or exclude
497  the annual fluctuations (Knape 2016). This allows the estimates to suit a range of conservation
498  and management applicationsthat rely on visualizing and estimating multiple aspects of

499  population change. For example, the smoothed population trajectories capture the medium- and
500 long-term changesin populations that are most relevant to broad-scale, multi-species

501 assessments like the “ State of the Birds’ reports (NABCI-Canada 2019) where the annual

502 fluctuations of a given species are effectively noise against the signal of community level change
503 over the past 50 years (e.g., Rosenberg et a. 2019). Similarly, estimates of population trends

504 (interval-specific, rates of annual change) derived from the smooth component are responsive to
505 medium-term changes and so can be used to identify change pointsin trends such as the recovery

506 of Speciesat Risk (Environment Climate Change Canada 2016).

507  Trends derived from the smooth component of the GAMY E are responsive to medium-term
508 changes, but also much less likely to fluctuate from year to year and therefore more reliable for
509 usein speciesat risk status assessments (James et al. 1996). In many status assessments, such as

510 those by IUCN and COSEWIC, population declines beyond a particular threshold rate can
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511 trigger large investments of resources related to policy and conservation actions. For example, in
512  both the IUCN red-listing and Canada s federal species at risk assessments (IUCN 2019)
513  estimated population declines greater than 30% over three generations is one criteria that results
514 ina“Threatened” designation. If the estimated rate of population decline fluctuates from year to
515 year, and istherefore strongly dependent on the particular year in which a speciesis assessed,
516 thereisanincreased risk of inaccurate assessments. These inaccuracies could result in failures to
517  protect species or inefficient investments of conservation resources. Of course, the full
518 assessments of species’ status are sophisticated processes that consider more than just asingle
519 trend estimate. However, the example of Wood Thrush trends for Canadain Figure 8 shows that
520 trends used to assess the species were below the threshold for “ Threatened” statusin 2011, but
521 notin either year adjacent to 2011. The smooth-only trend never dips below the threshold
522  (Figure 8) and raises the question of whether Wood Thrush would have been assessed as
523  Threatened in Canadaif the relevant trend had not been estimated in 2011, or had been estimated

524  using adifferent model (COSEWIC 2012).

525  Alternative metrics of population trends that remove the annual fluctuations have been used with
526 for the BBS, such as LOESS smooths (James et al. 1996) or slopes of |og-linear regression lines
527 calculated as part of the underlying model (Link and Sauer 1994) or as derived parameters from
528  series of estimated annual indices (Sauer and Link 2011). Trend estimates that remove the effect
529  of the annual fluctuations are generally a very common approach to summarizing average rates
530 of changein other monitoring programs (e.g., Fewster et al. 2000 for UK breeding birds,

531 Bogaart, et al. 2020, for European breeding birds). Many alternative definitions of trend could be
532 calculated using the annual indices derived from any one of the models compared here. However

533 for thelast decade, both national agencies have supplied authoritative trend estimates based on


https://doi.org/10.1101/2020.03.26.010215
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2020.03.26.010215; this version posted October 7, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

27
534  end-point comparisons of annual indices, which include the annual fluctuations (Sauer and Link
535 2011, Smith et al. 2015). Similarly, calculating alternative metrics of trend from the annual
536 indicesin away that propagates uncertainty would be done best using information from the full
537  posterior distribution of each annual index. Given that these full posterior distributions are
538 challenging for users to manipulate and summarize, we suggest that providing the authoritative
539 trends based on the smooth component from the GAMYE isa practical and simple solution.
540 These smooth-based trends are responsive to cycles or changes in rates of population change
541  (discussed in James et al. 1996 and Sauer and Link 2011) while they also limit the annual
542  fluctuations that might otherwise undermine the utility and credibility of BBS-trends for species

543  status assessments (see a'so Smith et al. 2015).

544  In some conservation or scientific uses of the BBS-based population tragjectories, the annual

545  fluctuations may be important components of the trgjectory (e.g., winter-related mortality of

546  CarolinaWrens), and in these situations both components from the GAMY E can be presented.
547  This comprehensive estimate of a species’ population trgjectory islikely the best approach for
548 theofficial presentation of atime series. At a glance, managers, conservation professionals, and
549  researchers can glean information about fluctuations that might relate to annual covariates such
550 asprecipitation, wintering ground conditions, or cone-crop cycles. The GAMY E structure allows
551  an agency like the CWS to provide estimates in multiple versions (e.g., full trajectories and

552  smoothed tragjectories in the same presentation, such as Figure 6), drawn from a coherent model,
553  tosuit awide range of conservation applications, and to produce them in an efficient way. For
554  example, there are situations where the ability for a user to access a ready-made separation of the
555  yearly fluctuations from the underlying smooth could be helpful in the initial formulation of an

556 ecological hypothesis. In addition, for custom analyses (Edwards and Smith 2020) a researcher
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557  can modify the basic GAMY E model to include annual covariates on the yearly fluctuations
558 (eg., extreme weather during migration, or spruce cone mast-years) and other covariates on the

559  smooth component (e.g., climate cycles).

560 Predictive accuracy

561  Overdl, the cross-validation comparisons generally support the GAMYE, GAM, or

562 DIFFERENCE mode over the SLOPE model for the species considered here, in agreement with
563 Link et al. (2020). For Barn Swallow, the overall differencein predictive fit, and particularly the
564 increasing predictive error of the SLOPE model in the earliest years, strongly suggests that in the
565 period between the start of the BBS (1966) and approximately 1983 (Smith et al. 2015), Barn
566  Swallow populationsincreased. All models agree, however, that since the mid-1980's

567  populations have decreased.

568 Using all datain our cross-validations allowed us to explore the spatial and temporal variation in
569 fit, and to compare the fit across all data used in the model. We have not reported absolute values
570  of predictivefit because estimates of fit from arandom selection of BBS counts, or simple

571 summaries of predictive fit from the full dataset, are biased by the strong spatial and temporal
572  dependenciesin the BBS data (Roberts et al. 2017). However, because our folds were identical
573  across models, and we modeled the differencesin fit with an additional hierarchical model that
574  accounted for repeated measures among strata and years, we are reasonably confident that

575 relative-fit assessments are unbiased within a species and among models. Alternative

576  approaches, such as blocked cross-validation (Roberts et al. 2017) to assess the predictive

577  success of modelsin time and space, and targeted cross-validation (Link et al. 2017) to explore
578 thepredictive successin relation to particular inferences (e.g., predictive accuracy in the end-

579  point years used for short- and long-term trend assessments) are an area of ongoing research.
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580 Theoveral predictive fit assessments provided some guidance on model selection for the species
581 here, but notin all cases. The SLOPE model compared poorly against most other models in the
582  overall assessment, similar to Link et al. 2020. However, among the other three models, many of
583 theoveral comparisonsfailed to clearly support one model, even in cases where the predicted
584  population trajectories suggested very different patterns of population change (e.g., Cooper’s
585  Hawk). For a given species, the best model varied among years and strata. These temporal and
586 gspatial patternsin predictive fit complicate the selection among models, given the varied uses of

587 the BBS status and trend estimates (Rosenberg et al. 2017).

588 In general, estimates of predictive accuracy are one aspect of athoughtful model building and
589  assessment process, but are insufficient on their own (Gelman et al. 2013 pg. 180, Burnham and
590 Anderson 2002 pg. 16). Thisis particularly trueif thereislittle or no clear differencein overall
591 predictive accuracy, but important differencesin mode predictions. For example, the overall
592  cross validation results do not clearly distinguish among the SLOPE, DIFFERENCE, and

503 GAMYE for Cooper’s Hawk, and yet predictions are very different between the DIFFERENCE
594 mode and the others (Figures 1, 4, and 5). Interestingly, the cross-validation approach in Link et
595  al. 2020 suggested that the DIFFERENCE model was preferred over the SLOPE for Cooper’s
506 Hawk, but we did not find that here (Supplemental Material Figure S3). The important

597 differencesin trend estimates and the equivocal cross-validation results suggests further research
598 isneeded into the criteriafor, and consequences of, model selection for BBS status and trend
599 estimates. Model selection is also complicated when overall predictive accuracy appears to

600 clearly support one model and yet the important parameters (trends and trajectories) are not

601 noticeably different. For example, the overall cross validation results for Carolina Wren suggest

602 the DIFFERENCE mode is preferred over the GAMYE, and yet the trajectories are almost
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603 identical (Figures1 and 4). Predictive accuracy isalso complicated when robust predictions are
604 required for years or regions with relatively few data against which predictions can be assessed
605 (egq., theearlier years of the BBS, or data-sparse strata that still have an important influence on
606 therange-widetrend). Model selection is complicated, and predictive accuracy would never be
607 theonly criterion used to select amodd for the BBS analyses. Limits to computational capacity
608 and adesireto avoid a data-dredging all-possible-models approach ensure that some thoughtful

609  process to select the candidate models is necessary.

610 Weagreewith Link et al. (2020) that we should not select models based on a particular pattern in
611 theresults. In fact, the necessary subjective process occurs before any quantitative analyses

612  (Burnham and Anderson 2002), and relies on “careful thinking” to balance the objectives; the
613 model; and the data (Chatfield 1995). The careful thinking required to select aBBS model or to
614 interpret the BBS status and trend estimates, isto consider the consequences of the potential
615 conflicts between the model structures (“constraints on the model parameters’ sensu Chatfield
616  1995) and the objectives of the use of the modeled estimates. For example, one of the models
617 that sharesinformation on population change among stratais likely preferable to the

618 DIFFERENCE model for species with relatively sparse datain any given stratum, because the
619 prior of the DIFFERENCE mode (stable-population) will be more influential when the data are
620 gparse. This prior-dependency of the results may not be identified by lower predictive accuracy
621  of the estimates, as we the results for Cooper’s Hawk demonstrate (Figures 5). Similarly, a user
622  of estimates from the DIFFERENCE model should carefully consider the conservation-relevant
623  consequences of the prior and model structure when assessing potential changes in the

624  population trends of declining and relatively rare species. These species’ short-term rates of

625 decline could appear to decrease, suggesting a stabilizing population, simply due to the
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626 increasing influence of the prior, if the species observations decline to a point where it is not
627 observed in someyears. In contrast, if auser wished to explicitly compare estimates of
628  population change among political jurisdictions or ecological units, the sharing of information
629  among those unitsin the GAM-based models here might be problematic. We suggest that the
630 GAMYFE sstrong cross-validation performance, its sharing of information across a species
631 range, itsdecomposition of the population trgjectory, and its broad utility that suits the most
632 common uses of the BBS status and trends estimates, make it a particularly useful model for the

633  sort of omnibus analyses conducted by the CWS and other agencies.
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754  Fgure 1. Survey-wide population trgjectories for Barn Swallow (Hirundo rustica), Wood Thrush
755  (Hylocichla mustelina), Cooper’s Hawk (Accipiter cooperii), Carolina Wren (Thryothorus
756  ludovicianus), Ruby-throated Hummingbird (Archilochus colubris), and Chimney Swift
757  (Chaetura pelagica), estimated from the BBS using two models described here that include a
758  GAM smoothing function to model change over time (GAM and GAMYE) the standard
759  regression-based model used for BBS status and trend assessments since 2011 (SLOPE), and a
760 first-difference time-series modd (DIFFERENCE). The stacked dots along the x-axis indicate
761  the approximate number of BBS counts used in the model in each year; each dot represents 50

762  counts.

763
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765  Figure 2. Variation among the spatial strata in the random-effect smooth components of the
766 GAMYE modd applied to Barn Swallow data from the BBS. Grey lines show the strata-level

767  random-effect smooths, and the black lines shows the survey-wide mean trajectory.
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770  Figure 3. Stratum-leve predictions for Barn Swallow population trajectoriesin BCR 23 from
771 GAMYE against the predictions from the SLOPE and DIFFERENCE modd. The similarity of
772  theoveral patternsin the GAMY E as compared to the SLOPE estimates, demonstrates the

773  inferentia benefits of the sharing of information among regions on the non-linear shape of the
774  trgectory. In most strata the similar patterns of observed mean counts and the GAMY E

775  trajectories suggests a steep increase in Barn Swallows across all of BCR 23 during thefirst 10-
776  yearsof the survey. The GAMY E estimates show this steep increase in amost all of the strata,

777  whereas the SLOPE predictions only show this pattern in the most data rich stratum, US-WI-23.
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The DIFFERENCE trgjectories model the non-linear shapes well in al but the most data-sparse
region (US-IL-23) and years (< 1972). The facet strip labels indicate the country and state-level
divison of BCR 23 that makes up each stratum. The first two letters indicate all strata are within
the United States, and the second two letters indicate the state. The stacked dots along the x-axis

indicate the number of BBS counts in each year and stratum; each dot represents one count.
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786  Figure4. Overdl differencesin predictive fit between the GAMY E and SLOPE and GAMYE
787 and GAM for Barn Swallow and 9 other selected species. Species short forms are WOTH =
788  Wood Thrush (Hylocichla mustelina), RTHU = Ruby-throated Hummingbird (Archilochus
789  colubris), PISI = Pine Siskin (Spinus pinus), Cooper’s Hawk (Accipiter cooperii), CHSW =

790 Chimney Swift (Chaetura pelagica), CCLO = Chestnut-collared Longspur (Calcarius ornatus),
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791 CAWR = Carolina Wren (Thryothorus ludovicianus), CAWA = Canada Warbler (Cardellina

792 canadenss), MAKE = American Kestrel (Falco sparverius).

793
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795  Figure 5. Relationship between the absolute value of estimated long-term trends (1966-2018) and
796  the amount of datain each stratum, from the four models compared here for Cooper’s Hawk, a
797  specieswith relatively sparse datain each individual stratum. More of the trends estimated with
798 the DIFFERENCE model are close to zero, suggesting a stable population, and particularly

799  wherethere arerelatively few routes contributing data in each year. This relationship is not

800 evident for the same data modeled with one of the three models that are able to share some

801 information among strata on population change (GAM, GAMYE, and SLOPE).

802
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804  Figure 6. Decomposition of the survey-wide population trgectory for Carolina Wren

805 (Thryothorus ludovicianus), from the GAMY E, showing the full trgjectory (“Including Y ear

806  Effects’, N; ) and the isolated smooth component (“Smooth Only”, Ng; ), which can be used to
807  estimate population trends that are less sensitive to the particular year in which they are

808 estimated. The stacked dots along the x-axis indicate the approximate number of BBS counts

809  used inthe mode; each dot represents 50 counts.

810
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Figure 7. Inter annual variability of 10-year trend estimates for two species with large annual
fluctuations (%l/year). Trends from the GAM, which does not mode annual fluctuations, and
from the GAMY E using only the smooth component, which removes the effect of the annual
fluctuations, are less variable between subsequent years (i.e., more stable) than trends from the

GAMY E including the year-effects or the other two models that include the annual fluctuations.
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818 Figure 8. Sequential, short-term trend estimates for Wood Thrush (Hylocichla mustelina) in
819 Canadafrom three alternative modeling approaches, and their comparison to the [IUCN trend
820 criteriafor “Threatened” (in orange) and “Endangered” (in Red). Trends estimated from the
821  decomposed tragjectory of the GAMY E that include only the smooth component (in blue) are
822  more stable between sequential years than trends from the other models that include annual

823  fluctuations.

824
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826  Figure 9. Annual differencesin predictive fit between the GAMY E and SLOPE (blue) and the

827 GAMYE and DIFFERENCE modd (red) for Barn Swallow.

828
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829

830  Figure 10. Geographic distribution of the preferred model for Barn Swallow, according to the
831 point-estimate of the mean difference in predictive fit between GAMY E and DIFFERENCE. The
832 GAMYE isgeneraly preferred in the Eastern part of the species’ range, but the DIFFERENCE is
833 preferred in many regions in the Western part of the species’ range. Note: in most regions, the
834  differencesin predictive fit were variable and neither model was clearly preferred (i.e., the 95%

835 CI of the mean difference included 0).
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