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ABSTRACT. Regional seabird population monitoring is often characterized by sparse and imprecise counts from a large number of
colonies, which can vary in abundance by several orders of magnitude and may show complex and concordant trajectories over time.
Analysis frameworks that account for these complexities are critically needed for accurate population status assessments. Here, we
developed a Bayesian hierarchical model that shares trajectory information among colonies, accounts for observation error and missing
data, and estimates population trends both at the level of individual colonies and at the larger regional scale. Simulations confirmed
that the model produces unbiased trend estimates even with extremely sparse and imprecise counts, and with highly non-linear population
trajectories. Application of the model to empirical data for Leach’s Storm-Petrel (Hydrobates leucorhous) showed that the regional
population has strongly declined over three generations in eastern Canada and that most colonies experienced similar trajectories over
that period, implying they are influenced by shared large-scale environmental drivers. Conversely, the regional Atlantic Puffin (Fratercula
arctica) population has likely increased in eastern Canada over three generations but individual colonies experienced highly divergent
trajectories, indicating that smaller-scale colony-level processes may play a stronger role for that species. This approach provides a
powerful tool for more accurate assessments of seabird population status to inform their conservation.

Une estimation des trajectoires et des tendances régionales des oiseaux marins à partir de
recensements clairsemés et incohérents des colonies : les études de cas sur l’Océanite cul-blanc et le
Macareux moine dans l’est du Canada
RÉSUMÉ. Le suivi régional des populations d’oiseaux marins souffre souvent de recensement clairsemés et imprécis issus d’un grand
nombre de colonies. L’abondance peut varier de plusieurs ordres de grandeur et présenter des trajectoires complexes et concordantes
au fil du temps. Les cadres d’analyse doivent tenir compte de ces complexités pour évaluer avec précision l’état des populations. Nous
avons développé un modèle hiérarchique bayésien qui partage les informations de trajectoires entre les colonies, tient compte des erreurs
d’observation et des données manquantes, et estime les tendances démographiques tant au niveau des colonies individuelles qu’à l’échelle
régionale plus large. Les simulations confirment que ce modèle produit des estimations de tendance non biaisées, même avec des
recensements rares et imprécis, et des trajectoires démographiques hautement non linéaires. L’application de ce modèle aux données
empiriques de l’Océanite cul-blanc (Hydrobates leucorhous) montre que la population régionale dans l’est du Canada a fortement
décliné sur trois générations. Par ailleurs, la plupart des colonies ont connu des trajectoires similaires au cours de cette période, ce qui
dénote l’influence de facteurs environnementaux communs à grande échelle. À l’inverse, la population régionale du Macareux moine
(Fratercula arctica) a probablement augmenté dans l’est du Canada sur trois générations, même si les colonies individuelles ont connu
des trajectoires très divergentes. Pour cette espèce, les processus à plus petite échelle, au niveau de la colonie, jouent très certainement
un rôle plus important. Cette approche constitue un outil puissant pour évaluer avec précision l’état des populations d’oiseaux marins
et éclairer leur conservation.
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INTRODUCTION
Despite their presence in huge numbers on coasts and islands
across the world, seabird populations are challenging to monitor.
Seabird colonies are often large, diffuse, geographically isolated,
and in some cases include many non-breeding individuals that
confound estimates of breeding totals (Mercker et al. 2021). Many
seabird species also nest in burrows under variable substrate and

across complex topography, which can require survey methods to
vary among and even within colonies (e.g., Buxton et al. 2016,
Arneill et al. 2019, Lavers et al. 2019). Because of the sporadic
and inconsistent nature of these surveys, it has therefore been
difficult to combine infrequent and imprecise estimates of colony
size into regional models of population change for status and
trend assessment.  
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Adding urgency to these estimation difficulties, numerous
colonial seabird populations are known or suspected to be in
decline (Paleczny et al. 2015) from an array of threats including
fisheries bycatch, offshore energy production, light attraction,
pollution, invasive species, and climate change (e.g., Anderson et
al. 2011, Sandvik et al. 2012, Regular et al. 2013, Ronconi et al.
2015, Dias et al. 2019, Gilmour et al. 2023, Phillips et al. 2023).
Yet, population dynamics among colonies may be synchronized
or idiosyncratic depending on the spatiotemporal patterns of
these threats, with subsequent effects on the variability of regional
population dynamics (Che-Castaldo et al. 2017). For example,
large-scale environmental processes can synchronize population
dynamics within a region, potentially reducing regional
population viability (Palmqvist and Lundberg 1998) but
simultaneously improving the statistical precision of population
estimates (e.g., through hierarchical modeling that acknowledges
the shared population trajectories among colonies). Monitoring
population status therefore requires statistical tools that
accommodate partially shared trajectories among colonies, while
accounting for the sparseness and uncertainty inherent to most
seabird monitoring data.  

Bayesian hierarchical generalized additive mixed modeling
(GAMM) offers a promising framework for estimating regional
trajectories and trends of bird populations (Smith and Edwards
2021). This approach can handle the challenges of infrequent and
imprecise colony surveys, incorporates flexible population
trajectories without assuming fixed patterns of change over time,
and allows uncertainty to be fully propagated to estimates of
regional-level abundance. These models also share information
among monitored colonies (if  supported by the data) to improve
statistical precision and can provide insights into the spatio-
temporal scales at which environmental drivers influence
population dynamics. After fitting the model, interval-specific
rates of mean annual population change (i.e., trends) can then be
derived from any stretch of the regional trajectory time series,
with the length dictated by the required application. For example,
three-generation trend estimates are required for national
population status assessments by the Committee on the Status of
Endangered Wildlife in Canada (COSEWIC) and the
International Union on the Conservation of Nature (IUCN),
while shorter-term (e.g., 10-year) trend estimates can be more
useful for assessing species recovery or extinction risk.  

To assess the value of this approach for colonial seabird
monitoring, we apply Bayesian GAMMs to colony census data
from two priority burrow-nesting species in eastern Canada:
Leach’s Storm-Petrel (Hydrobates leucorhous, hereafter “storm-
petrel”) and Atlantic Puffin (Fratercula arctica, hereafter
“puffin”). Storm-petrels are small-bodied pelagic seabirds that
nest in small and often concealed burrows. They have a broad
distribution across the Northern hemisphere, including 100+
breeding colonies across eastern Canada ranging in size from a
few individuals to several million (COSEWIC 2020; Fig. 1). In
Canada, a wide variety of threats (Lieske et al. 2020, Pollet et al.
2023) have led to a population decline of over 50% since the 1970s
(COSEWIC 2020, d’Entremont et al. 2020, Wilhelm et al. 2015,
2020, Bond et al. 2023) that led to their designation in 2020 as
Threatened by COSEWIC. Similar trends have been observed
across the Atlantic basin and the species is listed as Vulnerable by
IUCN (BirdLife International 2018a). Puffins also nest in
burrows, have a similarly diffuse breeding distribution of 100+

 Fig. 1. Colony locations and colony size estimates from the
most recent reported count of mature individuals for (A)
Leach’s Storm-Petrel (Hydrobates leucorhous) and (B) Atlantic
Puffin (Fratercula arctica). Colonies with “at least one pair”
reported are labeled as “present.” Colonies contributing at least
two years of survey count data to trend models (see Figs. 2 and
3) are surrounded by black open circles. Abbreviations indicate
province except insular Newfoundland (NF) and Labrador
(LB).
 

colonies across the coasts of eastern Canada, also ranging in size
from a few to hundreds of thousands of individuals (Fig. 1), and
can often be found on the same islands as those occupied by storm-
petrels (Wilhelm et al. 2015). The IUCN designated the Atlantic
Puffin as Vulnerable based on ongoing and projected population
declines in Europe (BirdLife International 2018b), though the
Canadian puffin population has seemingly grown in recent
decades (Lowther et al. 2020), possibly linked to the closure of
gill-net fisheries in the region (Regular et al. 2013). It follows that
these two species provide ideal case studies to demonstrate how
a GAMM-based approach can be informed by time series of
colony census data of varying precision and frequency across
space and time, and can generate robust and transparent regional
trajectories and trends with readily interpretable estimates of
uncertainty.  

We assess the utility of a Bayesian hierarchical approach for
estimating seabird population trajectories and trends by (1)
validating the approach through simulations of realistic colony
monitoring data for sporadically surveyed burrow-nesting
species, and (2) applying the method to estimate colony-level and
regional population trends based on empirical monitoring data
for storm-petrel and puffin in eastern Canada. In the context of
ongoing environmental change and increasing pressures on
seabirds in the North Atlantic and oceanwide, this is a timely
exercise for these case study species and for demonstrating the
power of Bayesian methods to optimize hard-won but limited
data to meet pressing seabird conservation needs.

METHODS

Case study species and census methods
Storm-petrels and puffins are burrow nesters that have widespread
and overlapping breeding distributions in eastern Canada (Fig.
1) but have different life histories and behaviors that could lead
to divergent population trends. At the colony, storm-petrels are
nocturnally active, while adult puffins are strictly diurnal. Storm-
petrels travel for several days and over many hundreds of
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kilometers to feed on planktonic crustaceans and deep water
mesopelagic lanternfish (Myctophidae; Hedd et al. 2009) and
raise their chicks for ~65 days (Hedd et al. 2018, d’Entremont et
al. 2020), whereas puffins forage locally to feed their chicks small
forage fish several times a day over ~40 days (Pratte et al. 2017,
Delord et al. 2020). Storm-petrels show high natal dispersal and
can recruit in any colony across the North Atlantic (Bicknell et
al. 2012), whereas puffins exhibit higher natal philopatry
(reviewed in Kersten et al. 2021).  

We focused our analysis on data from colonies in eastern Canada
that were surveyed at least twice between 1965 and 2024 and where
at least 10 burrows were counted on average, resulting in the
omission of one small colony. Data were primarily collected as
part of Environment and Climate Change Canada’s Seabird
Colony Monitoring Program, supplemented with additional
survey data from published literature and technical reports where
possible. A total of 13 storm-petrel and 28 puffin colonies were
included in our analysis (Fig. 1). In Newfoundland, storm-petrels
and puffins can nest on the same island but rarely in the same
habitat, showing distinct nesting habitat preferences (e.g., storm-
petrels prefer fern or forested habitat while puffins prefer grassy
slopes; Wilhelm et al. 2015, 2020, Bond et al. 2023). Elsewhere in
eastern Canada, storm-petrel and puffin colonies do not overlap,
except for Machias Seal Island where they share similar nesting
habitat. Thus, the general survey approach for both species is the
same, but depending on the size of the colony, methods can vary
as follows.

Complete hole count
For sites where the entire island can be searched, surveyors
attempt to count all potential burrow entrances (or holes, defined
as a hole in the ground that appears to a standing observer to lead
to a burrow). This approach was used for smaller colonies in
Newfoundland and Labrador (usually < 3000 pairs) with methods
previously published in Robertson and Elliot (2002a,b) and
Robertson et al. (2002a). Briefly, an island-wide systematic hole
count is done using a transect approach and having multiple
observers walk next to each other 1–2 meters apart and count all
holes encountered, or in the case of Machias Seal Island, counting
all holes along transects within quadrats (Durham et al. 2024).  

For smaller islands with fewer than 200 holes (e.g., Bacalhao and
Tinker Islands) all holes were assessed by inserting an arm (and
using a wooden spoon to extend the reach if  necessary) and
assigning the hole as either being (1) an extra entrance to a burrow,
(2) too short to be a burrow (< 30 cm), (3) an empty burrow, (4)
an occupied burrow with either an adult and/or egg and/or chick,
or (5) unknown (i.e., the observer could not reach the end of the
burrow to confirm it being occupied or not). If  an island in
Newfoundland and Labrador had more than 200 holes, hole
assessments were done using a plot approach by laying a rope grid
(either 3 X 3 m or 5 X 5 m) in areas occupied by the species (puffin
or storm-petrel) and representative of the island. Depending on
the island’s size, a range of 5–20 plots were randomly placed in
different areas of the island at both the periphery and center of
the colony. Hole occupancy rates were calculated as the number
of occupied burrows divided by the total number of holes counted
with known occupancy status. Each plot was weighted by the
number of holes assessed to calculate island-wide occupancy
rates. Standard errors were based on the number of plots assessed
on each island.  

All monitored puffin colonies in Québec are found within the North
Shore Migratory Bird Sanctuaries, seven of which were consistently
monitored (Fig. 1B). For these colonies, complete hole counts have
been largely phased out to minimize disturbance and replaced by
counts of adults attending the colony on land and water. Burrow
counts continue at the Betchouane Migratory Bird Sanctuary, while
a system of transects and quadrats is used to estimate area of
occupancy and mean occupied burrow density at the Baie de Brador
Migratory Bird Sanctuary (Rail and Chapdelaine 2002, Rail 2021).
Storm-petrel colonies in Québec generally consist of a few scattered
pairs, with burrows often hidden in dense vegetation where
counting holes is inefficient. Storm-petrel surveys at these sites have
used playback at night and automated recording units to confirm
the presence of the species, but do not provide reliable estimates of
colony size; thus, no Québec storm-petrel colonies were used in
trend analyses.

Grid or transect approach
For larger colonies where complete hole counts are not feasible,
island-wide grids or transect lines were set 25–100 m apart to
determine the area occupied by puffins or storm-petrels, and 20–
80 plots were assessed to calculate occupied burrow density as
described above (see also Robertson and Elliot 2002a, Robertson
et al. 2002b, Pollet and Shutler 2018). This approach is suitable for
islands where puffins and storm-petrels are nesting in relatively flat
areas and thus where correcting for slope is not a concern.

Habitat delineation
An alternative for the grid or transect approach to estimate
occupied area, the use of a Geographic Information System (GIS)
approach has proven to increase the efficiency of surveys and
provides more accurate estimated sloped areas occupied by puffins
and storm-petrels that can then be applied to the estimated
occupied burrow density assessed through plots as described in the
other two approaches (e.g., Wilhelm et al. 2015, 2020, d’Entremont
et al. 2020, Bond et al. 2023). Briefly, estimating the area of habitat
occupied by puffins or storm-petrels was done using a hand-held
GPS and walking around the boundary of the nesting area and/or
using high resolution imagery to delineate the various habitat types
utilized by each species. On large and convoluted colonies where
puffins and storm-petrels nest on slopes, maps of contour lines were
also incorporated into the GIS approach to provide more accurate
estimated areas on slopes (e.g., Wilhelm et al. 2015, 2020, Bond et
al. 2023).  

Description of statistical model  

We analyzed survey count data by adapting Bayesian hierarchical
state-space GAMMs described in Smith and Edwards (2021). These
models decompose spatio-temporal variation in population counts
into contributions from biological processes of interest (i.e.,
temporal changes in colony-level population indices) and
observation processes (i.e., variation due to imprecision in survey
counts). The full model is described in Figure 2.  

In our application to seabird colony counts, the observation process
model assumes survey counts (Yi,t; the estimated number of
occupied burrows in a colony i in year t) arise from an over-dispersed
Poisson process with mean λi,t (Equation 1). The model assumes λi,

t is a normally distributed random variable with mean equal to an
expected count (Ei,t) and a variance term (ε²i,t) that characterizes
the magnitude of sampling error during a survey. This explicitly
recognizes that there are inevitable discrepancies between the
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 Fig. 2. Multi-level statistical model used to estimate population trajectories for burrow-nesting seabirds. Equations are indexed by
colony (i) and year (t). Derived quantities are computed from the fitted model’s parameters (μi,t and σ²δ).
 

numbers of birds estimated from surveys and the total number of
birds that would be counted with a true colony census (i.e., εi,t is
the standard error associated with a survey).  

For plot-based surveys of burrow-nesting seabirds, ε²i,t can be
calculated via design-based estimators of spatial population
totals (Horvitz and Thompson 1952). However, because many
surveys lack empirical estimates of sampling error, we included
an additional sub-model to estimate the magnitude of sampling
variation for cases where ε²i,t was missing (i.e., where raw plot-
level data to calculate this quantity were unavailable). In this
dataset, surveys that reported both quantities showed a strong
positive relationship between log⁡(εi,t) and log(Yi,t). To leverage
this empirical pattern, we embedded a log-linear regression within
the Bayesian model to impute missing values of εi,t (Equation 3).
Reported standard errors were treated as known data, while only
surveys lacking error estimates were assigned latent εi,t values
drawn from the regression model.  

The population process model decomposes expected counts Ei,t 
into contributions from two terms (Equation 4) through a
logarithmic link function where μi,t represents the general shape
of each colony’s trajectory across years, and δi,t represents annual
departures of population indices from the colony-level smooths

(sometimes called “process variance”). The primary goal of our
analysis is to describe temporal patterns in μi,t and its variation
among colonies. We accomplished this using hierarchical
GAMMs that fit smoothed temporal trajectories to each colony
(Equation 5) using an approach described in Smith and Edwards
(2021). The term μi,t therefore includes effects of colony-level
intercepts (β0,i) and a semi-parametric “smoothed” temporal
process defined by a generalized additive function involving the
product of a series of colony-level smoothing coefficients (βi,k)
and a design matrix (Xt,k) that is constructed from a series of K 
basis functions multiplied by a smoothness penalty. In this study,
we used thin plate splines with K=12 basis functions to construct
Xt,k, providing flexibility to model a wide range of complex
trajectories (Appendix 1).  

Following Smith and Edwards (2021), we estimated the
smoothing parameters βi,k as random effects arising from a shared
distribution across colonies (Equation 5). This allows the shape
of colony-level trajectories to be partially conserved among
colonies, if  supported by the data, which can improve model
predictions for colonies with sparse data. This is also a valuable
feature if  large-scale environmental processes (e.g., climate
oscillations) affect an entire regional population in a similar way,
leading to trajectories with similar shapes.  
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We modeled annual deviations δi,t from the temporal smooth as
normally distributed (Equation 4). These deviations can be driven
by a wide variety of population processes, including random
annual variation in breeding propensity or environmental effects
affecting recruitment. While δi,t describes genuine year-to-year
fluctuations in colony abundance around its temporal smooth,
we focus inference for status and trend assessment on changes in
μi,t, which represents longer-term and more persistent changes in
the expected annual abundance at colonies.

Estimation of population indices, trajectories,
and trends
For each colony, we calculated estimates of relative annual
abundance, or population index, using Equation 6. This definition
of population index removes the effects of observation error and
random annual process variation, yielding an index represented
by each colony’s long-term temporal smooth. The addition of the
log-normal variance term in Equation 6 re-scales the indices such
that they are centered on the mean of the observed counts (see
Sauer and Link 2011). We calculated the regional population total
as the sum of annual population indices across all the colonies
within each year of study, using Equation 7. This constructs a
regional population trajectory that weights colonies according to
their relative abundance; larger colonies have a stronger impact
on the estimated regional population dynamics than smaller
colonies.  

We defined the population trend from year tstart to tend as the
geometric mean annual rate of population change over that time
interval (Sauer and Link 2011), which can be expressed as an
annual percent rate of change using Equation 8. We reported
trends in two ways. First, to describe how trends have changed
across the study, we calculated sequential “rolling” 5-year trends
(centered on each year). Second, we reported trend over the last
three generations for each species (44 years for storm-petrels, 33
years for puffins; Bird et al. 2020) to illustrate how this approach
can inform status assessments (e.g., for COSEWIC).

Bayesian model specification
We fit statistical models in a Bayesian framework using JAGS
version 4.3.0 (Plummer 2003) through the jagsUI library version
1.5.2 (Kellner et al. 2019) within the R programming language
version 4.0.2 (R Core Team 2024). We used the “jagam” function
from the mgcv package (Wood 2017) to prepare a template for
constructing hierarchical GAMMs within the JAGS language,
which we manually modified to incorporate colony-level random
effects and observation error.  

We specified vague priors on all model parameters. All variance
parameters were priors of Uniform(0,25), except for process
variance which we assigned a prior of Lognormal(–1.6, 624); this
prior remained highly vague but improved model convergence.
After a burn-in of 1,000,000 iterations, we stored every 50,000th
sample until we accumulated 1000 posterior samples from each
of three MCMC chains. We assessed chain convergence by visual
examination of MCMC traceplots and by evaluating that the
Gelman-Rubin convergence statistic was close to 1 for all model
parameters. We conducted a posterior predictive check on each
species’ model by comparing discrepancy measures (root mean
square error or RMSE) from simulated datasets based on the
posterior distribution of the model parameters to discrepancy

measures from the actual empirical data, whereby a well-fitting
model will produce simulated data that closely resembles the
actual data. We calculated the “Bayesian p-value” as the
proportion of RMSEs from the actual data that were greater than
RMSEs from the simulated data. Bayesian p-values between 0.3
and 0.7 indicate that the observed data appear to be consistent
with “perfect datasets” that were simulated directly from the fitted
model, indicating good model fit. Code to repeat these analyses
are available in Appendix 4.

Simulations
We conducted a series of simulations to confirm that the statistical
model could correctly estimate regional population trends with
minimal bias and appropriate credible interval coverage across a
range of hypothetical scenarios of population change, using only
limited and imprecise survey data. Each simulation assumed there
were I = 15 colonies that experienced stochastic population
dynamics across a T = 50 year period. Population dynamics at
each colony were affected by two autocorrelated environmental
covariates: (1) an “unshared” covariate that affected each colony
independently, and (2) a “shared” covariate that affected all
colonies simultaneously, thereby imposing correlations among all
15 trajectories.  

We simulated each environmental driver as a first-order Markov
process (i.e., a random walk), starting with a value of 0, resulting
in a temporal trajectory for each environmental driver that
influenced the temporal dynamics at each colony. In all
simulations, ENVUNSHARED,i,t was modeled as Normal
(ENVUNSHARED,i,t–1, 0.004). We considered two scenarios for
ENVSHARED,t. The first scenario omitted ENVSHARED,t altogether,
allowing each colony to have fully independent trajectories
described entirely by ENVUNSHARED,i,t. The second scenario
modeled the shared environmental driver as Normal(ENVSHARED,

t–1, 0.01), thereby imposing a moderate correlation among colony-
level trajectories because ENVSHARED,t varied more through time
than ENVUNSHARED,i,t. Annual log-scale expected counts log(Ei,t)
were modeled as the sum of log(Ei,t–1), both environmental
covariates, and additional non-Markovian annual noise drawn
from Normal(0,0.01).  

Initial population indices for each colony were drawn from a
lognormal distribution according to Ei,1~Lognormal(log(10000),
0.25). We assumed each colony was surveyed in 2–6 randomly
selected years across the 50-year period, with at least one survey
occurring in the first and last 10 years of the simulation.
Observation error was simulated according to Equation 2, with
parameters chosen from the posterior mean from the empirical
analysis for storm-petrels (Appendix 1). Counts were simulated
as Poisson random variables using Equation 1. The magnitude of
observation error was then retained for 65% of surveys, to
replicate the empirical data where estimates of error were not
available for all surveys.  

In each simulation, we calculated annual regional abundance
using Equation 7 (Fig. 2) and estimated the “true” smoothed
regional trajectory by fitting a GAMM to the full simulated series
of Rt using the mgcv package in R. The estimated regional long-
term trend was calculated across all years using Equation 7. We
then fit the Bayesian statistical model to the simulated observed
data (i.e., only 2–6 imprecise surveys at each colony), and
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 Fig. 3. Colony-level trajectories for Leach’s Storm-Petrel (Hydrobates leucorhous) derived from the Bayesian hierarchical GAMM
over the period 1966-2024 (ordered by latitude, 13 colony locations shown in Figure 1A). Raw survey counts are shown as black
points with standard error estimated by the GAMM (counts without raw estimated SE are indicated by open circles). The solid gray
line and ribbons depict colony-level trajectories as posterior median and 95% confidence interval.
 

compared the estimated trend to the true trend. An example of
simulated population trajectories for 15 colonies are illustrated in
Appendix Figure S1.1, model-estimated trajectories are shown in
Figure S1.2, and both the true and simulated regional trajectory
are illustrated in Figure S1.3. We repeated this exercise 1000 times
for each unique simulation scenario. Finally, we calculated the
mean bias in trend estimates as the difference between estimated
and true trend, and credible interval coverage as the proportion
of simulations where the 95% credible intervals on the regional
trend estimates contained the true simulated regional trend.

RESULTS

Simulations
Simulations confirmed that the model could recover regional
trends with negligible bias (less than 1%), regardless of whether
colonies had correlated or fully independent temporal trajectories
(Appendix 1; Fig. S1.4). Credible interval coverage was slightly
lower than nominal; 95% credible intervals contained the true
regional trend in approximately 91% and 80% of simulations for
50-year and 10-year regional trend estimates, respectively (Fig.
S1.4). Estimates were more likely to be negatively biased when
true trends were highly positive and vice versa because of
shrinkage imposed by random effect structures in the models.

Storm-petrels
Survey counts in at least two years were available from 13 storm-
petrel colonies in Newfoundland and Labrador, Nova Scotia, and
New Brunswick over the 57-year period from 1966 to 2024 (Fig.
1A). One colony had 15 surveys within this period, two colonies
had 6–7 surveys, five had 5 surveys, four had 3 surveys, and one
had 2 (Fig. 3), for 67 surveys in total (9% of all possible surveys
years at 13 colonies). Of the 67 storm-petrel surveys, 36 (54%)
had an estimate of the error of the count (Fig. 3).  

Posterior predictive checks yielded a Bayesian p-value of 0.73 and
predicted counts were highly correlated with observed counts,
indicating adequate model fit (Appendix 2; Fig. S2.1). Population
trajectories were highly consistent among storm-petrel colonies
(Fig. 3), reflected by a low estimate of (mean = 0.07; 95% CRI =
0.003 to 0.19), thereby allowing the model to share trajectory
information among colonies and improve estimates in data-sparse
colonies. In general, storm-petrel colony abundances increased
until the late 1980s, followed by declines until the mid to late 2000s,
with apparent population stability in the most recent decade. The
regional storm-petrel population trajectory experienced a similar
temporal pattern (Fig. 4A & C), resulting in a trend of -1.03%
per year (95% CRI = -2.13 to -0.05) over the most recent three
generations, with a 98% chance the population declined (Fig. 4E).
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 Fig. 4. Regional trajectories (A & B), regional trends over
sliding 5-year windows (C & D), and 3-generation trend
estimates (E & F) for Leach’s Storm-Petrel (Hydrobates
leucorhous; left panels) and Atlantic Puffin (Fratercula arctica;
right panels). For regional trajectories and sliding 5-year trends
(A–D), thin gray lines depict different samples from the
Bayesian posterior to illustrate the diversity of potential
trajectories the regional populations may have experienced.
Thick black lines illustrate the posterior median, and dashed
lines indicate 95% credible interval (i.e., 95% of thin gray lines
are within the credible interval). For 3-generation trends,
Bayesian posteriors are presented as density plots with a
vertical gray line at 0 indicating population stability. Posterior
summaries describe the median estimate of the 3-generation
trend with 95% credible intervals in parentheses. Generation
length was 14.8 years for Leach’s Storm-Petrel and 11 years for
Atlantic Puffin.
 

Puffins
For puffins, survey counts in at least two years were available from
29 colonies in Québec, Newfoundland, and Labrador, Nova
Scotia, and New Brunswick over the 56-year period from 1965 to
2024 (Fig. 1B). One colony had 20 surveys within this period, four
had 11 surveys, three had 6–10 surveys, 14 had 3–5 surveys, and
seven had 2 (Fig. 5), for 158 surveys in total. Surveys were
conducted for at least one colony in 37 years across the 60-year
study period. Of the 158 puffin surveys, 63 (40%) had an estimate
of the standard error of the count (Fig. 5).  

Posterior predictive and plots of observed versus predicted values
indicated adequate model fit (Bayesian p-value = 0.43; Fig. S2.2
in Appendix 2). In contrast to storm-petrels, puffin trajectories
varied substantially among colonies (Fig. 5). Several colonies
experienced large population increases (e.g., Gull Island, Machias

Seal Island) while others remained relatively stable (e.g., Great
Island, North Shore Migratory Bird Sanctuaries) or declined (e.g.,
Gannet Clusters 3 and 4). Accordingly, the random effect structure
of our model shared little information on trajectory shape among
puffin colonies (mean estimate of = 0.43; 95% CRI = 0.31 to 0.58),
leading to large uncertainty in some colony estimates (e.g.,
Baccalieu Island) and reducing the precision of the regional
trajectory estimate in some periods of the time series. The regional
puffin trajectory was highly uncertain until the late 1970s, after
which there was strong evidence of population growth in the late
1980s, and ongoing growth or stability thereafter (Fig. 4B & D).
Over the most recent three generations, the regional puffin trend
estimate was +1.66% per year (95% CRI = +0.21 to +4.16), with a
99% chance the population trend was positive (Fig. 4F).

DISCUSSION
Seabird colony monitoring data are hard-earned and critical for
many conservation and management purposes, including status
and trend assessments, impact assessments, and as indicators of
marine ecosystem health (Bird et al. 2021). However, sound
inference requires accounting for complex features of their
population biology (i.e., non-linear population trajectories, highly
variable counts among years, large differences in relative abundance
among colonies; Paleczny et al. 2015) as well as observation
processes (i.e., substantial observation error, highly intermittent
and imbalanced survey data; Bird et al. 2021). Our model
accommodates these complexities and fully propagates these
multiple sources of error and uncertainty to estimates of regional
population size and trend via Bayesian methods.  

For colonial seabirds in general, regional population trajectories
tend to depend heavily on the dynamics of a few extremely large
colonies where routine monitoring is an obvious priority for
regional status assessments. For storm-petrels in eastern Canada,
more than 70% of the population currently breeds on Baccalieu
Island, while more than 70% of the regional puffin population
breeds on three islands (Baccalieu, Great, and Gull Islands).
However, monitoring smaller colonies remains crucial for a
comprehensive understanding of spatio-temporal population
dynamics. In our storm-petrel case study, data from smaller
colonies helped to constrain estimates of the population trajectory
at the large Baccalieu colony in the earlier years of the time series.
Our dataset included 21 surveys at 11 storm-petrel colonies prior
to 1984 (i.e., prior to the first reliable survey available at the large
Baccalieu colony). Our model was able to provide an informed
“hindcast” of the trajectory at Baccalieu and therefore the regional
trajectory prior to 1984 based on observed population increases at
both the larger and smaller colonies during this period, and
evidence throughout the remainder of the time series that colonies
within the region share similar trajectories. The estimated trajectory
at Baccalieu prior to 1984 is also consistent with indirect
paleoenvironmental evidence that the Baccalieu colony grew
substantially during these earlier years (Duda et al. 2020).  

Trajectory estimates from our model are less certain in periods of
the time series when fewer surveys were conducted, especially at the
beginning and end of each colony’s time series. In addition,
although the GAMM structure in our model is effective at
describing complex population trajectories across years in which
surveys were conducted (i.e., for interpolation), GAMMs can
produce unreasonable predictions outside the range of data used
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 Fig. 5. Colony-level trajectories for Atlantic puffin derived from the Bayesian hierarchical GAMM over the period 1965–2024
(ordered by latitude, 28 colony locations shown in Figure 1B). Raw survey counts are shown as black points with standard error
estimated by the GAMM (counts without raw estimated SE are indicated by open circles). The solid gray line and ribbons depict
colony-level trajectories as posterior median and 95% confidence interval.
 

for model training (i.e., for extrapolation and forecasting; e.g.,
Elith et al. 2010). Care should therefore be taken to identify data-
rich segments of estimated population trajectories for
conservation-based uses. Our model was developed to inform the
State of Canada’s Birds Report (Birds Canada and Environment
and Climate Change Canada 2024), which summarizes the best
available information on national and regional avian population
trajectories since 1970. However, we caution that estimates prior
to 1980 are based on extremely sparse data and fitted population
trajectories are largely extrapolations for many colonies during
that period. Similarly, although 10-year trends are commonly
reported by the Canadian and U.S. Federal governments, those
shorter-term estimates would have much lower reliability if  the
largest colonies had not been recently surveyed. In this study, we
reported trends over the most recent 3-generations (1978–2023
for storm-petrels; 1991–2024 for puffins) to illustrate how model
results would be interpreted relative to a conservation objective
such as the IUCN or COSEWIC’s species status assessment
criteria. Despite higher uncertainty in the most recent years of

the estimated trajectories, our 3-generation trends provided high
confidence that the regional puffin population in eastern Canada
experienced growth (99% probability) while the storm-petrel
population declined (97% probability).  

Although a strength of this approach is that data from colonies
of varying sizes, census frequency, and count accuracy can
contribute to estimates of regional trajectories and trends,
discretion should still be used if  including data from colonies that
are very small. Small populations can be subject to high
demographic stochasticity and local scale extinction and
colonization processes that differ fundamentally from those at
larger populations (Lande 1993). Inclusion of these extremely
small colonies in our hierarchical model could affect estimates of
spatio-temporal random effects (i.e., estimates of temporal
process variance and/or shared trajectory patterns), with
consequent effects on estimates of larger-scale regional
population dynamics. This phenomenon occurred in our dataset,
where the storm-petrel colony on Machias Seal Island is over 30
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times smaller than the next smallest colony, and appeared to
experience fundamentally different temporal dynamics than the
12 other colonies (Fig. 3). Additionally, that colony had a more
complete time series than any other colony (particularly from 1965
to 1980) but had no estimates of survey precision to accompany
the counts. Omitting that colony from the analysis resulted in
stronger sharing of trajectory information among the larger
colonies in the early years of the study, resulting in a stronger
signal of regional population growth from 1965 to 1980
(Appendix 3, Figs. S1.1, S1.2). Nevertheless, the estimate of 3-
generation trend from 1978 to 2023 was nearly identical whether
that colony was included or not (Fig. S1.3), owing to the more
complete survey counts and highly consistent trajectories from
other colonies in more recent years.  

By sharing trajectory information among colonies, our analysis
provides indirect evidence of the scales at which shared
environmental drivers and dispersal among colonies affect our
case study populations. Although our analysis did not evaluate
synchrony among year-to-year fluctuations (owing to extremely
limited time series at individual colonies), 12 of 13 Canadian
storm-petrel colonies in our study experienced similar population
trajectories over a 58-year period. This is significant because
synchrony in population dynamics is a strong predictor of
metapopulation extinction risk (Heino et al. 1997). Leach’s storm-
petrel populations throughout the North Atlantic Ocean are
presumed to act as a single metapopulation linked by high
dispersal of immature birds recruiting into non-natal colonies
across the breeding range; this theory is supported by a
homogeneous genetic structure across colonies (Bicknell et al.
2012). During the breeding season, individuals also forage across
vast oceanic areas (Hedd et al. 2018), potentially exposing
individuals from all colonies to shared environmental conditions.
The apparently coordinated population changes we observed are
thus consistent with the influence of large-scale environmental
forces (e.g., shifts in ocean productivity, prey availability, or
climate patterns) on the regional population.  

Simultaneously, demographic studies suggest that adult survival
in these colonies is currently between 0.82 and 0.88 (Calvert et al.
2024), which is substantially lower than on Canada’s Pacific coast
(Rennie et al. 2020). In contrast, hatching (68–91%) and fledging
success (90–91%) at several major colonies remain high (Pollet et
al. 2021), suggesting that conditions at breeding sites are not
currently limiting. Declines in northeast Atlantic populations
(COSEWIC 2020, Deakin et al. 2021, Pollet et al. 2021, Burnell
et al. 2023) further support the hypothesis that population
trajectories are shaped by broad-scale pressures. Although our
correlative, non-mechanistic model cannot isolate the drivers of
change, the combination of similar colony trajectories across the
region, widespread survival declines, and evidence of shared
trans-Atlantic population trends points to the importance of
international collaboration in addressing large-scale threats to
this species.  

Local-scale and spatially variable processes likely play a larger
role in determining colony-level dynamics for puffins in eastern
Canada, where trajectories varied considerably among colonies
(Fig. 5). At the three largest colonies in eastern Newfoundland
(Gull, Great, and Baccalieu Islands), population increases are
likely due to population recovery after reductions in incidental

mortality of breeding adults following a moratorium on
groundfish gillnet fishing in the early 1990s (Regular et al. 2013).
Interestingly, these increases were predicted by Calvert and
Robertson (2002) on the basis of demographic monitoring and
population projection analysis. The smaller colonies on the
northeast coast of Newfoundland would also have benefited from
the fishing moratorium, as this area sustained an important cod
fishery for centuries. However, colony-specific trends are more
variable in this area, possibly linked to avian and mammalian
predation pressures that can have significant impacts on smaller
populations (e.g., Russell and Montevecchi 1996, Zabala
Belenguer et al. 2024). In Newfoundland and Labrador, Arctic
foxes (Alopex lagopus) and polar bears (Ursus maritimus) are
known to access seabird islands during the breeding season
(Birkhead and Nettleship 1995, Robertson and Elliot 2002a,
Burke et al. 2011), which likely has a strong effect on productivity
in some years. Similarly, in Québec North Shore Migratory Bird
Sanctuaries, seabird declines on some islands have been associated
with the presence of mammalian predators (Rail 2021), including
Red (Vulpes vulpes) and Arctic foxes, and black bears (Ursus
americanus). Puffin reproductive success is also tied to the
availability of capelin (Mallotus villosus) and sand lance
(Ammodytes spp.). In eastern Newfoundland, capelin biomass has
declined and become less predictable (Buren et al. 2014, Pedersen
et al. 2017), resulting in variable annual chick growth and/or mass
breeding failures (Wilhelm et al. 2013, Fitzsimmons et al. 2017,
Wilhelm et al. 2021). However, similar reductions in reproductive
success have been reported in the Gulf of Maine near the Machias
Seal Island colony, where rapidly warming waters have reduced
the quality of prey fed to chicks (Scopel et al. 2019, Diamond et
al. 2021, Major et al. 2021) but colony abundance has apparently
increased (Major et al. 2024, this study; Fig. 5).  

Monitoring wildlife populations comes with many challenges,
and survey methods need to be adapted to the biology of the
species and logistical realities of data collection. Colonial seabirds
are no exception, as their highly clumped distributions in remote
locations and dangerous habitats pose challenges for conducting
balanced, design-based surveys among colonies. Furthermore,
frequentist-based analyses are not amenable to analyzing sparse,
inconsistent, and highly skewed survey data, and require
significant simplifying assumptions to generate trend estimates.
The approach used here appears to be highly robust to the vagaries
of seabird monitoring data (Appendix 1) and is capable of
synthesizing data with variable precision owing to changes in
survey methodologies over time, differences in data sparsity
among colonies, huge differences in colony sizes, and potentially
shared non-linear trajectories among multiple colonies. Instead
of calculating a specific trend over time, our Bayesian GAMM
approach models all the data in a holistic way, allowing for non-
linear dynamics, appropriate weighting of colony size, and
sharing of trajectories across colonies if  the data support that
sharing. Trend estimates can be extracted at any interval required,
and longer-term non-linear dynamics can be examined. Non-
linear trends will become increasingly important as time series
mature, and especially for seabirds that are influenced by natural
oceanographic cycles.  

Although our hierarchical Bayesian analysis provides robust
estimates of population trends, we do not prescribe specific
recommendations for optimal survey intervals at individual
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colonies. Survey frequency decisions require balancing multiple,
often competing considerations: the precision required to inform
management decisions and the urgency of detecting ecologically
meaningful population changes, the demographic significance and
connectivity of each colony within the broader metapopulation,
and the logistical and financial constraints inherent to long-term
monitoring programs (Nichols and Williams 2006). Given that
most seabird colony surveys in Canada are conducted by
government agencies operating under resource constraints, survey
frequency must be strategically prioritized among competing
monitoring objectives. We recommend that survey design decisions
be guided by clearly articulated conservation objectives and, where
feasible, informed by formal monitoring design frameworks that
explicitly evaluate the value of additional information relative to
survey costs (e.g., adaptive monitoring designs or value-of-
information analyses; McDonald-Madden et al. 2010, Canessa et
al. 2015).  

Given the demonstrated suitability of this method to seabird
populations, a future priority is to assess this modeling approach
at larger spatial scales and with a broader suite of species that have
different nesting habits and survey methods. That these methods
have proven useful to model other bird populations with very
different types of data input (Birds Canada and Environment and
Climate Change Canada 2024) suggests that this approach is likely
to be applicable for many species. Simulation testing with different
data types and different underlying colony-level dynamics will also
be needed before expanding the method more broadly. Of course,
any statistical inference is only as good as the data input, so future
applications will depend on continued investment in quality
monitoring data. Finally, modifications of this modeling
framework are likely to be fruitful. In particular, local extinction
and colonization processes could be incorporated into the model
to accommodate situations in which colonies are temporarily
abandoned, and spatio-temporal covariates could be incorporated
to simultaneously improve the precision of trend estimates and test
hypotheses about environmental drivers. Taken together, accurate
assessments of trends and robust identification of drivers of seabird
populations will focus conservation efforts on populations of
highest concern and on mitigating the key impacts faced by these
birds.
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Appendix 1 – Example of a single simulation realization, and summary of 1,000 repeated simulations 

Here, we illustrate a single realization of a simulation that was used to test our statistical model. 
As described in the main text of the manuscript, we simulated trajectories at each of 15 colonies as a 
combination of two temporally autocorrelated environmental processes: 1) an “unshared” 
environmental covariate that varied independently among colonies, and 2) a “shared” environmental 
covariate that affected all colonies simultaneously, imposing correlation among colony trajectories. In 
Figure S1.1, we illustrate a single realization of a simulation in which colonies were affected by both 
environmental covariates; thus, colonies partially share a temporal trajectory. We randomly assigned 
each colony to be surveyed in 2-6 randomly selected years across the 50-year period, with at least one 
survey occurring in the first and last 10 years of the simulation. Observation error was simulated 
according to equation 2 of the manuscript, with parameters chosen from the posterior mean from the 

empirical analysis for storm-petrels, where log(𝜀𝑖,𝑡) ~ 𝑁𝑜𝑟𝑚𝑎𝑙(−0.95 + 0.86 × log(𝐸𝑖,𝑡), 0.452). 

Counts were simulated as Poisson random variables using equation 1. The magnitude of observation 
error was then retained for 65% of surveys, to replicate the empirical data where estimates of error were 
not available for all surveys.  

 

 

Figure S1.1. Example of simulated dynamics and observed counts at each of 15 colonies. In this example, 

colonies shared a time-varying environmental driver, resulting in partially shared temporal colony 

trajectories. Black dots indicate survey counts, and error bars indicate counts for which we assumed the 



   

 

   

 

magnitude of survey error was known. Open circles around dots indicate that survey error was unknown, 

and therefore would be estimated as part of the model-fitting process.  

 

We fit the statistical model described in the manuscript to these simulated data, allowing us to estimate 

the temporal trajectories at each colony (shown in Figure S1.2). 

 

Figure S1.2. Example of estimated temporal trajectories at each of the 15 simulated colonies. Blue lines 

indicate posterior median estimate, and blue ribbons represent 95% equal-tailed credible intervals 

around the prediction. Red lines represent the true colony-level population trajectories. Dots indicate 

survey counts and are interpreted as in Figure S1.1. 

 

We used estimates of colony-level annual abundance (Figure S1.2) to calculate annual estimates of the 

regional population total. The trend in the estimated regional population was calculated using equation 

7 in the manuscript. Figure S1.3 compares the estimated regional population trajectory (blue line) to the 

true population trajectory (red line), as well as a smooth fit to the true population trajectory (black line). 



   

 

   

 

 

Figure S1.3. Example of regional population trajectories at each of the 15 simulated colonies. Blue lines 

indicate posterior median estimate, and blue ribbons represent 95% equal-tailed credible intervals 

around the prediction. “True trend” is calculated as the geometric mean rate of change in the smoothed 

true trajectory (black line), while estimated trend is calculated as the geometric mean rate of change in 

the estimated trajectory (blue line). 

We repeated this process 1,000 times and compared true population trends to those estimated from our 

statistical model. We compared trend estimates calculated for the entire 50-year simulation (bottom row 

of Figure S1.4), as well as trend estimates for the final 10 years (top row of Figure S1.4). Results of these 

comparisons are illustrated in Figure S1.4 and Table S1.1.  

 



   

 

   

 

 

Figure S1.4. Results of 1,000 simulated hypothetical scenarios of population change derived using a 
Bayesian GAMM approach based on 2-6 imprecise surveys from 15 colonies over a 50-year time period. 
Credible interval (CRI) coverage indicates whether the 95% credible interval of the estimated regional 
trend (vertical error bars) captured the “true” simulated regional trend for the most recent 10-year 
interval (top panels) or a full 50-year interval (bottom panels), under simulations where population 
dynamics at each colony were affected by an autocorrelated shared environmental covariate imposing 
correlations among the colony trajectories (left panels) or an unshared environmental covariate (right 
panels).  

 

Table S1.1. Summarized results of 1,000 simulated hypothetical scenarios of population change derived 
using a Bayesian GAMM approach based on 2-6 imprecise surveys from 15 colonies over a 50-year time 
period. Credible interval (CRI) coverage describes the proportion of simulations where the 95% credible 
interval of the estimated regional trend contained the “true” simulated regional trend. 

Scenario Trend Length Mean Bias in 
Trend 
Estimates 

Standard 
Deviation of 
Bias in Trend 
Estimates 

95% CRI 



   

 

   

 

SD of shared environmental 
driver = 0 (no shared 
trajectories) 

50 years -0.14 0.26 0.91 

10 years -0.03 1.12 0.91 

SD of shared environmental 
driver = 0.1 (partially shared 
trajectories) 

50 years -0.10 0.53 0.82 

10 years 0.09 2.63 0.79 

 



   

 

   

 

Appendix 2 – Goodness-of-fit evaluation for statistical model 

We evaluated goodness-of-fit of our statistical model using several approaches. First, we visually 

compared predicted and observed counts for each colony, which are shown in Figures 2 and 3 in the 

main text of the manuscript. Second, we conducted posterior predictive checks, which evaluate whether 

the fitted statistical model can produce simulated datasets that “look like” the observed data. The 

degree to which a simulated dataset “looks like” the observed data is summarized using a discrepancy 

measure (see discussion in Kery and Royle 2016; pp 192-198). This approach entails generating an 

entirely new simulated dataset at each iteration of the MCMC fitting algorithm. Next, the simulated data 

is compared to the fitted values at each step of the MCMC algorithm using a discrepancy measure (in 

this study, we used root mean squared error; RMSE). The same discrepancy measure (RMSE) is also 

calculated between the observed data and the fitted values. The calculated discrepancy measures for the 

simulated datasets and observed dataset are then compared to evaluate whether the observed data has 

consistently higher or lower discrepancy with the fitted values than simulated datasets (which are, by 

definition, perfectly consistent with the fitted model).   

Model misspecification can be detected if the discrepancy between the observed data and the fitted 

model is consistently higher or lower than the discrepancy between the simulated data and the fitted 

model. The proportion of simulated datasets with higher discrepancy measures than the observed data 

are summarized using a “Bayesian p-value”, where a Bayesian p-value close to 0.5 implies the observed 

data are highly consistent with the fitted model, while p-values close to either 0 or 1 (and far from 0.50) 

indicate the observed data are not consistent with the fitted model. 

Figures S2.1 and S2.2 illustrate the results of posterior predictive checks for storm-petrels and puffins, 

respectively. The Bayesian p-value was 0.72 for the petrel model, and 0.43 for the puffin model. Both 

measures indicate that the observed data are consistent with the fitted models. 

 



   

 

   

 

 

Figure S2.1. Posterior predictive check for the storm-petrel model, comparing discrepancy measures 
(root mean squared error; RMSE) between the observed data and fitted model (x axis) to discrepancy 
measures between simulated data and fitted model (y axis). Correspondence along the 1:1 line indicates 
that simulated datasets have similar discrepancy to fitted model as the observed data, suggesting 
adequate model fit.  

 



   

 

   

 

 

Figure S2.2. Posterior predictive check for puffin model, comparing discrepancy measures (root mean 
squared error; RMSE) between the observed data and fitted model (x axis) to discrepancy measures 
between simulated data and fitted model (y axis). Correspondence along the 1:1 line indicates that 
simulated datasets have similar discrepancy to fitted model as the observed data, suggesting adequate 
model fit.  



   

 

   

 

Appendix 3 – Results for Leach’s storm-petrel when omitting Machias Seal Island 

In our case study of Leach’s storm-petrels, Machias Seal Island had substantially lower mean abundance 

than any other colony (mean count = 244 individuals; see Figure 2 in main text). Extremely small colonies 

can be subject to fundamentally different population dynamic processes than large colonies; thus, 

including Machias Seal Island may erode the ability of our model to share information on the shape of 

temporal trajectories among colonies. To examine this possibility, we re-fit the statistical model while 

omitting Machias Seal Island from the dataset. Fitted trajectories for each of the 12 storm-petrel colonies 

are shown in Figure S3.1. 

 

Figure S3.1. Colony-level trajectories for Leach’s storm-petrel derived from the Bayesian hierarchical 
GAMM over the period 1966-2024 (ordered by latitude, 12 colony locations). Raw survey counts are 
shown as black points with standard error estimated by the GAMM (counts without raw estimated SE 



   

 

   

 

are indicated by open circles). The solid gray line and ribbons depict colony-level trajectories as posterior 
median and 95% confidence interval. 

The overall regional trajectory is shown in Figure S3.2. Compared to the estimate presented in the main 
text of the manuscript which included Machias Seal Island (Figure 4), this estimate implies a slightly 
higher degree of confidence that the regional population increased in the early portion of the time series 
(i.e., from 1970-1980).  

 

 

Figure S3.2. Regional-level trajectory for Leach’s storm-petrel derived from the Bayesian hierarchical 
GAMM over the period 1966-2023, when omitting Machias Seal Island from the dataset.  

 

The estimated trend from 1966 to 2023 when omitting Machias Seal Island from the analysis is -1.03% 
per year (95% CRI = -2.03 to -0.04), with a 98% chance the trend is negative (Figure S3.3).  This estimate 
is similar to when Machias Seal Island was included in the model, despite the slightly increased 
confidence that the regional population increased in the early years of the time series. 



   

 

   

 

Figure S3.3. Regional 3-generation trend estimates for Leach’s storm-petrel derived from the Bayesian 
hierarchical GAMM over the period 1966-2023, when omitting Machias Seal Island from the dataset 
(generation length was 14.8 years). Bayesian posteriors are presented as density plots with a vertical 
gray line at 0 indicating population stability. Posterior summaries describe the median estimate of the 3-
generation trend with 95% credible intervals in parentheses.  



Appendix 4: JAGS code to fit the statistical model, and to generate simulations. 

Jags code to fit the statistical model is presented below: 

model { 

  

 # -------------------------------- 

 # Colony-level intercepts (note that GAM structure includes intercept for colony 1) 

 # -------------------------------- 

  

 C[1] <- 0 

 for(k in 2:ncolony){ 

  C[k] ~ dnorm(0,0.01)  

 } 

  

 # -------------------------------- 

 # GAMM smooth 

 # -------------------------------- 

  

 # Describes the variance among colonies in the shapes of their GAMs 

  

 sdbeta ~ dunif(0,5) 

 taubeta <- pow(sdbeta,-2)  

  

 nk1 <- nknots-1 

 nk2 <- ((nknots*2)-2) 

 B.X[1] ~ dnorm(0,0.01) 

  

 ## prior for s(year)...  

 K1 <- S1[1:nk1,1:nk1] * lambda[1] + S1[1:nk1,(nknots:nk2)] * lambda[2] 

 B.X[(2:nknots)] ~ dmnorm(zero[(2:nknots)],K1)  

  

 #K1 is the prior on the precisions of the mnorm B.X values (mean GAM parameters for a species) 

 ## smoothing parameter 

  

 for(i in 1:2) { 

  lambda[i] ~ dgamma(0.05,0.005)  

  rho[i] <- log(lambda[i]) 

 } # i 

  

 for(j in 1:nknots){ # Computation of GAM components 

   

  for(k in 1:ncolony){ 

    

   # Draw betas for each colony (for this knot) from a shared distribution 

   beta.X[k,j] ~ dnorm(B.X[j],taubeta)  

    

   for ( i in 1:nyearspred ){ 

     

    X.part[i,j,k] <- beta.X[k,j]*(X[i,j]) 

     

   } # i 

  } # k 

 } # j 

  

 # -------------------------------- 

 # Colony-level dynamics 

 # -------------------------------- 

  

 # Prior for annual process variation 

 ProcVar_prior_sd <- 0.2 

 ProcVar_prior_var <- pow(ProcVar_prior_sd,2) 

 

 ProcVar_sd ~ dlnorm(log(0.2) - 0.5*ProcVar_prior_var,1/ProcVar_prior_var) 

 ProcVar_tau <- pow(ProcVar_sd,-2) 

  

 for (i in 1:nyearspred){ 

  for(k in 1:ncolony){ 

    

   yeareffect[i,k] <- sum(X.part[i,1:nknots,k]) 



   log_mu[i,k] ~ dnorm(C[k] + yeareffect[i,k],ProcVar_tau) 

 

  } # k 

 } # i 

 

 # -------------------------------- 

 # Observation process 

 # -------------------------------- 

  

 # priors on SE parameters 

 intercept_SE ~ dnorm(0,0.1) 

 slope_SE ~ dnorm(0,0.1) 

 sd_SE ~ dunif(0,2) 

 tau_SE <- pow(sd_SE,-2) 

  

 for (i in 1:ncounts) {  

   

  # Filling in missing observation error for certain surveys 

  survey_SE[i] ~ dlnorm(intercept_SE + slope_SE * log(survey_count[i]),tau_SE) 

  survey_tau[i] <- pow(survey_SE[i],-2) 

   

  # Assume lambda is lognormally distributed 

  lambda_count[i] ~ dnorm(exp(log_mu[year[i],colony[i]]), survey_tau[i])T(0,)   

  count[i] ~ dpois(lambda_count[i])            

 } 

  

 # -------------------------------- 

 # Derived parameters: predictions of annual expected counts 

 # -------------------------------- 

  

 for (i in 1:nyearspred){ 

  for(k in 1:ncolony){ 

   population_index[i,k] <- exp(C[k] + yeareffect[i,k] + 0.5*pow(ProcVar_sd,2)) 

  } 

 } #i 

 

 # -------------------------------- 

 # Goodness-of-fit evaluation (Posterior predictive check) 

 # Simulate new datasets under the fitted model 

 # Compare RMSE of simulated datasets to RMSE of empirical data 

 # -------------------------------- 

  

 for (i in 1:ncounts) {  

   

  # Simulate new lambda and new counts under fitted model 

  simulated_lambda_count[i] ~ dnorm(exp(log_mu[year[i],colony[i]]), survey_tau[i])T(0,)   

  simulated_count[i] ~ dpois(simulated_lambda_count[i])  

    

  # Calculate discrepancy measures (squared error) for actual and simulated data 

  sqE_actual[i] <- pow(count[i] - population_index[year[i],colony[i]] ,2) 

  sqE_simulated[i] <- pow(simulated_count[i] - population_index[year[i],colony[i]],2) 

    

    

 } 

 

 # Overall root mean squared error of empirical data 

 RMSE_actual <- sqrt(mean(sqE_actual[])) 

  

 # Overall root mean squared error of simulated data 

 RMSE_simulated <- sqrt(mean(sqE_simulated[])) 

 

  

} 

 

 

 



Below, we include code to conduct simulations: 

 
my_packs = c('tidyverse', 

       'jagsUI', 

       'mgcv', 

       'scales', 

       'ggthemes') 

 

if (any(!my_packs %in% installed.packages()[, 'Package'])) 

{install.packages(my_packs[which(!my_packs %in% installed.packages()[, 'Package'])],dependencies 

= TRUE)} 

lapply(my_packs, require, character.only = TRUE) 

 

rm(list=ls()) 

 

# ------------------------------------------------ 

# Set working directory 

# ------------------------------------------------ 

 

setwd("") 

 

# ------------------------------------------------ 

# ggplot theme 

# ------------------------------------------------ 

 

CustomTheme <- theme_set(theme_bw()) 

CustomTheme <- theme_update(legend.key = element_rect(colour = NA),  

              legend.key.height = unit(1.2, "line"), 

              panel.grid.major = element_line(colour = 'transparent'), 

              panel.grid.minor = element_line(colour = 'transparent'), 

              panel.border = element_rect(linetype = "solid", 

                            colour = "black", 

                            size = 1, fill = NA), 

              axis.line = element_line(colour = "black"), 

              strip.text = element_text(size = 12, colour = "black"), 

              strip.background = element_rect(colour = "black", 

                              fill = "lightblue2", 

                              linetype = "solid"), 

              axis.title.y = element_text(margin = margin(0,10,0,0)), 

              axis.title.x = element_text(margin = margin(10,0,0,0)), 

              panel.background = element_rect(fill = "white")) 

 

`%!in%` <- Negate(`%in%`) 

 

# ---------------------------------------------------------- 

# Part 1: Simulate an entire 50-year time series for each of 15 colonies 

# ---------------------------------------------------------- 

 

simulation_results <- data.frame() 

 

for (run in 1:1000){ 

  

 # How variable is the "shared" component of environmental variation? 

 for (sd_shared in c(0,0.1)){ 

   

  set.seed(run) 

   

  # Load results that have completed so far 

  if (file.exists("../output/model_output/simulation_results_new.rds")) simulation_results <- 

readRDS("../output/model_output/simulation_results_new.rds") 

   

  # Skip this iteration, if it has already been run 

  if (nrow(simulation_results) > 0 & sum(simulation_results$run == run & 

simulation_results$sd_shared == sd_shared)) next 

   

  ncolony <- 15 

  nyears <- 50 

   

  # Time-varying environmental covariate 



  env_shared <- cumsum(rnorm(nyears,0,sd_shared)) 

 

  N_matrix <- matrix(NA,nrow=ncolony,ncol = nyears) 

   

  # Initial abundance of each colony 

  N_matrix[,1] <- rlnorm(ncolony, meanlog = log(10000), sdlog = 0.5) %>% sort() 

   

  # Simulate trajectories at each colony 

  for (i in 1:ncolony){ 

    

   env_unshared <- cumsum(rnorm(nyears,0,0.1)) 

    

   # Generate a random trajectory at the colony (random walk) 

   for (t in 2:nyears){ 

    N_matrix[i,t] <- exp(log(N_matrix[i,1]) + env_shared[t] + env_unshared[t] + rnorm(1,0,0.1)) 

   } 

  } 

   

  # Convert to dataframe (to plot with ggplot) 

  N_df <- reshape2::melt(N_matrix) %>%  

   rename(Colony = Var1,Year=Var2,N=value) 

   

  # Plot dynamics (on log10 scale) 

  ggplot()+ 

   geom_line(aes(x = 1:nyears, y = colSums(N_matrix), col = "Regional Sum"),linewidth = 1)+ 

   geom_line(data = N_df, aes(x = Year, y = N, col = factor(Colony)))+ 

   theme_few()+ 

   scale_y_continuous(labels = comma)+ 

   ggtitle("Simulated trajectories at each of 15 colonies")+ 

   ylab("Abundance")+ 

   xlab("Year") 

   

  ggplot()+ 

   geom_line(aes(x = 1:nyears, y = colSums(N_matrix), col = "Regional Sum"),linewidth = 1)+ 

   theme_few()+ 

   scale_y_continuous(labels = comma, trans = "log10")+ 

   ggtitle("Simulated trajectories at each of 9 colonies")+ 

   ylab("Abundance")+ 

   xlab("Year") 

   

  # ---------------------------------------------------------- 

  # Part 2: Simulate intermittent surveys (2-6 surveys at each colony) 

  # ---------------------------------------------------------- 

   

  intercept_SE = -0.95 

  slope_SE = 0.86 

  sd_SE = 0.45 

   

  # Magnitude of observation error varies among surveys 

  N_df$survey_SE <- rlnorm(nrow(N_df),intercept_SE + slope_SE * log(N_df$N),sd_SE) 

  N_df$lambda_obs <- rnorm(nrow(N_df), N_df$N, N_df$survey_SE) 

  N_df$lambda_obs[N_df$lambda_obs <0] <- 0 

   

  # ------------------------------- 

  # Which surveys were actually conducted? 

  # ------------------------------- 

  N_df$SurveyCount <- NA 

   

  for (i in 1:ncolony){ 

    

   # Rows in N_df corresponding to observations at this colony 

   colony_rows <- which(N_df$Colony == i) 

    

   survey_years <- c() 

    

   # Simulate one count in first 10 years of surveys 

   survey_years <- c(survey_years, sample(1:10,1)) 

    

   # Simulate one count in final 10 years of surveys 

   survey_years <- c(survey_years, sample(nyears:(nyears-10),1)) 

    



   # Simulate 2-4 additional surveys 

   survey_years <- c(survey_years, sample(6:(nyears-6),sample(0:4,1))) 

    

   # Poisson observations 

   N_df$SurveyCount[(N_df$Colony == i) &  

             (N_df$Year %in% survey_years)] <- rpois(n = length(survey_years),  

                                 lambda = N_df$lambda_obs[(N_df$Colony == i) & (N_df$Year %in% 

survey_years)]) 

    

  } 

   

  # Omit 35% of standard errors to mimick missing information in empirical data 

  survey_rows <- which(!is.na(N_df$SurveyCount)) 

  SEs_to_drop <- sample(survey_rows,round(length(survey_rows)*0.35)) 

  N_df$survey_SE[SEs_to_drop] <- NA 

   

  # Confidence intervals on counts 

  N_df$SurveyCount_lci <- N_df$SurveyCount - 1.96*N_df$survey_SE 

  N_df$SurveyCount_uci <- N_df$SurveyCount + 1.96*N_df$survey_SE 

   

  # Plot survey counts at each of the colonies 

  ggplot()+ 

   geom_line(data = N_df, aes(x = Year, y = N), col = "gray80")+ 

   geom_errorbar(data = N_df, aes(x = Year, ymin = SurveyCount_lci, ymax = SurveyCount_uci), col 

= "black", width = 0)+ 

   geom_point(data = N_df, aes(x = Year, y = SurveyCount), col = "black")+ 

   geom_point(data = subset(N_df, is.na(survey_SE)), aes(x = Year, y = SurveyCount), col = 

"black", pch = 1, size =5)+ 

    

   theme_few()+ 

   facet_wrap(Colony~.)+ 

   scale_y_continuous(labels = comma, trans = "log10")+ 

   ggtitle("Simulated surveys at colonies") 

  # Print at 8x6 for appendix 

   

  # ---------------------------------------------------------- 

  # Part 3: Fit model to simulated survey data 

  # ---------------------------------------------------------- 

   

  spdat <- N_df %>% subset(!is.na(SurveyCount)) %>% 

dplyr::select(Colony,Year,SurveyCount,survey_SE) 

   

  # Data for import into jags 

  nknots = 12 

  year <- spdat$Year 

  ymax <- nyears 

  colony = spdat$Colony 

  count <- spdat$SurveyCount 

  ncounts = length(count) 

  obs_tau = 1/spdat$log_observation_SE^2 

   

  # Use jagam to prepare basis functions 

  nyearspred = length(1:ymax) 

  preddat = data.frame(yrs = 1:ymax,count = 1) 

  form = as.formula(paste("count ~ s(yrs,k =",nknots,")")) 

  gamprep = jagam(formula = form, 

          data = preddat, 

          file = "tempgam.txt", 

          centred = T) 

   

  # Package data into a list for JAGS 

  jags_data = list(X = gamprep$jags.data$X, 

           S1 = gamprep$jags.data$S1, 

           zero = gamprep$jags.data$zero, 

           colony = colony, 

           ncounts = ncounts, 

           ncolony = ncolony, 

           count = count, 

           nknots = nknots, 

           nyearspred = nyearspred, 

           year = year, 



           survey_count = count, 

           survey_SE = spdat$survey_SE) 

   

  # Fit model using JAGS 

  parameters.to.save = c("intercept_SE","slope_SE","sd_SE","population_index") 

  out <- jags(data = jags_data, 

        parameters.to.save = parameters.to.save, 

        inits = NULL, 

        n.iter = 200000, 

        n.burnin = 100000, 

        n.thin = 50, 

        model.file = "Seabird_Model.jags", 

        n.chains = 3, 

        parallel = TRUE) 

   

  out$mcmc.info$elapsed.mins # ~1.5 mins 

   

  # ---------------------------------------------------------- 

  # Part 4: Summarize predictions and compare to true (i.e., simulated) trajectories 

  # ---------------------------------------------------------- 

   

  # Extract predictions in dataframe format 

  fit_samples = reshape2::melt(out$sims.list$population_index) %>% 

   rename(samp = Var1, Year = Var2, Colony = Var3, N_pred = value) 

   

  N_summary_colony = fit_samples %>%  

   group_by(Colony, Year) %>% 

   summarize(q025 = quantile(N_pred,0.025), 

        q50 = quantile(N_pred,0.500), 

        mean = mean(N_pred), 

        q975 = quantile(N_pred,0.975)) %>% 

    

   # Join with true values 

   full_join(N_df) 

   

  # Plot estimates 

  ggplot()+ 

   geom_ribbon(data = N_summary_colony, aes(x = Year, ymin = q025, ymax = q975), alpha = 0.2, 

fill = "dodgerblue")+ 

   geom_line(data = N_summary_colony, aes(x = Year, y = q50, col = "Estimate"))+ 

    

   geom_line(data = N_df, aes(x = Year, y = N, col = "True Trajectory"))+ 

   geom_errorbar(data = N_df, aes(x = Year, ymin = SurveyCount_lci, ymax = SurveyCount_uci), col 

= "black", width = 0)+ 

   geom_point(data = N_df, aes(x = Year, y = SurveyCount), col = "black")+ 

   geom_point(data = subset(N_df, is.na(survey_SE)), aes(x = Year, y = SurveyCount), col = 

"black", pch = 1, size =5)+ 

    

   theme_few()+ 

   facet_wrap(Colony~.)+ 

   scale_y_continuous(trans="log10", labels = comma)+ 

   ggtitle("Simulated regional trajectory")+ 

   scale_color_manual(values = c("dodgerblue","red"), name = "")+ 

   ylab("Index of abundance") 

   

  # ---------------------------------------------------------- 

  # Part 5: Calculate regional annual indices as sum of individual colony annual indices 

  # ---------------------------------------------------------- 

   

  # True regional annual indices 

  regional_df <- N_df %>% 

   group_by(Year) %>% 

   summarize(N = sum(N)) 

   

  # Fit a GAM through the regional indices.  

  # This is the "true" trajectory we are trying to estimate 

  regional_df$log_N <- log(regional_df$N) 

  gam_true <- gam(log_N~s(Year, k = -1), data = regional_df) 

  regional_df$population_index <- exp(predict(gam_true)) 

   

  # Estimated regional annual indices 



  regional_samples = fit_samples %>%  

   group_by(Year,samp) %>% 

   summarize(N_pred = sum(N_pred))  

   

  # Summary (mean and 95% CI) 

  N_summary_regional <- regional_samples %>% 

   group_by(Year) %>% 

   summarize(q025 = quantile(N_pred,0.025), 

        q50 = quantile(N_pred,0.500), 

        mean = mean(N_pred), 

        q975 = quantile(N_pred,0.975)) %>% 

    

   # Join with true values 

   full_join(regional_df) 

   

  # ---------------------------------------------------------- 

  # 50-year trend estimate 

  # ---------------------------------------------------------- 

   

  baseline_year <- 1 

  trend_true_50yr <- 100*((regional_df$population_index[regional_df$Year == 

nyears]/regional_df$population_index[regional_df$Year == baseline_year])^(1/(nyears-

baseline_year))-1) 

   

  trend_est_50yr <- 100*((regional_samples$N_pred[regional_samples$Year == 

nyears]/regional_samples$N_pred[regional_samples$Year == baseline_year])^(1/(nyears-

baseline_year))-1) 

  trend_est_50yr <- quantile(trend_est_50yr,c(0.025,0.5,0.975)) 

   

  regional_plot_50yr <- ggplot()+ 

   geom_ribbon(data = N_summary_regional, aes(x = Year, ymin = q025, ymax = q975), alpha = 0.2, 

fill = "dodgerblue")+ 

   geom_line(data = N_summary_regional, aes(x = Year, y = q50, col = "Estimate"))+ 

    

   geom_line(data = regional_df, aes(x = Year, y = N, col = "True trajectory"))+ 

   geom_line(data = regional_df,aes(x = Year, y = population_index, col = "True trajectory 

(smoothed)"))+ 

   theme_few()+ 

   scale_y_continuous(labels = comma)+ 

   ggtitle("Regional trajectory")+ 

   scale_color_manual(values = c("dodgerblue","red","black"), name = "")+ 

   ylab("Index of abundance")+ 

   geom_text(aes(x = 0,  

          y = max(c(N_summary_regional$q975,N_summary_regional$N))),  

        label = paste0("True trend = ",round(trend_true_50yr,2),"% per year\nEst trend = 

",round(trend_est_50yr[2],2),"% (",round(trend_est_50yr[1],2)," to 

",round(trend_est_50yr[3],2),")"), hjust=0) 

   

  regional_plot_50yr 

   

  # ---------------------------------------------------------- 

  # 10-year trend estimate 

  # ---------------------------------------------------------- 

   

  baseline_year <- 41 

  trend_true_10yr <- 100*((regional_df$population_index[regional_df$Year == 

nyears]/regional_df$population_index[regional_df$Year == baseline_year])^(1/(nyears-

baseline_year))-1) 

   

  trend_est_10yr <- 100*((regional_samples$N_pred[regional_samples$Year == 

nyears]/regional_samples$N_pred[regional_samples$Year == baseline_year])^(1/(nyears-

baseline_year))-1) 

  trend_est_10yr <- quantile(trend_est_10yr,c(0.025,0.5,0.975)) 

   

  regional_plot_10yr <- ggplot()+ 

   geom_ribbon(data = N_summary_regional, aes(x = Year, ymin = q025, ymax = q975), alpha = 0.2, 

fill = "dodgerblue")+ 

   geom_line(data = N_summary_regional, aes(x = Year, y = q50, col = "Estimate"))+ 

    

   geom_line(data = regional_df, aes(x = Year, y = N, col = "True trajectory"))+ 



   geom_line(data = regional_df,aes(x = Year, y = population_index, col = "True trajectory 

(smoothed)"))+ 

   theme_few()+ 

   scale_y_continuous(labels = comma)+ 

   ggtitle("Regional trajectory")+ 

   scale_color_manual(values = c("dodgerblue","black","red"), name = "")+ 

   ylab("Index of abundance")+ 

   geom_text(aes(x = 0,  

          y = max(c(N_summary_regional$q975,N_summary_regional$N))),  

        label = paste0("True trend = ",round(trend_true_10yr,2),"% per year\nEst trend = 

",round(trend_est_10yr[2],2),"% (",round(trend_est_10yr[1],2)," to 

",round(trend_est_10yr[3],2),")"), hjust=0) 

   

  # ---------------------------------------------------------- 

  # Append results for this simulation run to dataframe 

  # ---------------------------------------------------------- 

  if (file.exists("../output/model_output/simulation_results_new.rds")) simulation_results <- 

readRDS("../output/model_output/simulation_results_new.rds") 

   

  simulation_results <- rbind(simulation_results,data.frame(run = run, 

                               sd_shared = sd_shared, 

                               trend_true_50yr = trend_true_50yr, 

                               trend_est_50yr_q025 = trend_est_50yr[1], 

                               trend_est_50yr_q500 = trend_est_50yr[2], 

                               trend_est_50yr_q975 = trend_est_50yr[3], 

                               cov_50yr = trend_true_50yr > trend_est_50yr[1] & trend_true_50yr < 

trend_est_50yr[3], 

                                

                               trend_true_10yr = trend_true_10yr, 

                               trend_est_10yr_q025 = trend_est_10yr[1], 

                               trend_est_10yr_q500 = trend_est_10yr[2], 

                               trend_est_10yr_q975 = trend_est_10yr[3], 

                               cov_10yr = trend_true_10yr > trend_est_10yr[1] & trend_true_10yr < 

trend_est_10yr[3], 

                                

                               max_Rhat = max(out$Rhat$population_index))) 

   

  saveRDS(simulation_results, file = "../output/model_output/simulation_results_new.rds") 

   

 } # sd_shared 

  

 # ---------------------------------------------------------- 

 # Plot results 

 # ---------------------------------------------------------- 

 simulation_results <- readRDS("../output/model_output/simulation_results_new.rds") 

  

 lim = range(simulation_results[,c("trend_true_50yr","trend_est_50yr_q025","trend_est_50yr_q975", 

                  "trend_true_10yr","trend_est_10yr_q025","trend_est_10yr_q975")]) 

 trend_plot_50yr <- ggplot(data = simulation_results, aes(x = trend_true_50yr, y = 

trend_est_50yr_q500, ymin = trend_est_50yr_q025, ymax = trend_est_50yr_q975,col=cov_50yr))+ 

  geom_abline(intercept=0,slope=1,col="gray85")+ 

  geom_errorbar(width=0)+ 

  geom_point()+ 

  coord_cartesian(ylim=lim,xlim=lim)+ 

  theme_bw()+ 

  xlab("True (simulated) regional 50-year trend")+ 

  ylab("Estimated regional 50-year trend")+ 

  scale_color_manual(values=c("red","dodgerblue"), name = "Coverage")+ 

  ggtitle("50-year trend estimates")+ 

  facet_grid(sd_shared~.) 

  

 trend_plot_10yr <- ggplot(data = simulation_results, aes(x = trend_true_10yr, y = 

trend_est_10yr_q500, ymin = trend_est_10yr_q025, ymax = trend_est_10yr_q975,col=cov_10yr))+ 

  geom_abline(intercept=0,slope=1,col="gray85")+ 

  geom_errorbar(width=0)+ 

  geom_point()+ 

  coord_cartesian(ylim=lim,xlim=lim)+ 

  theme_bw()+ 

  xlab("True (simulated) regional 10-year trend")+ 

  ylab("Estimated regional 10-year trend")+ 

  scale_color_manual(values=c("red","dodgerblue"), name = "Coverage")+ 



  ggtitle("10-year trend estimates")+ 

  facet_grid(sd_shared~.) 

  

 #print(trend_plot_50yr) 

} 

 

# ---------------------------------------------------------- 

# Summarize results across repeated simulations 

# ---------------------------------------------------------- 

 

simulation_results <- readRDS("../output/model_output/simulation_results_new.rds") 

 

# Remove runs that failed to converge 

simulation_results_converged <- subset(simulation_results, max_Rhat <= 1.05) 

 

# ---------------------------------------------------------- 

# Plot results 

# ---------------------------------------------------------- 

 

lim = 

range(simulation_results_converged[,c("trend_true_50yr","trend_est_50yr_q025","trend_est_50yr_q97

5", 

                 "trend_true_10yr","trend_est_10yr_q025","trend_est_10yr_q975")]) 

trend_plot_50yr <- ggplot(data = simulation_results_converged, aes(x = trend_true_50yr, y = 

trend_est_50yr_q500, ymin = trend_est_50yr_q025, ymax = trend_est_50yr_q975,col=cov_50yr))+ 

 geom_abline(intercept=0,slope=1,col="gray85")+ 

 geom_errorbar(width=0)+ 

 geom_point()+ 

 coord_cartesian(ylim=lim,xlim=lim)+ 

 theme_bw()+ 

 xlab("True (simulated) regional 50-year trend")+ 

 ylab("Estimated regional 50-year trend")+ 

 scale_color_manual(values=c("red","dodgerblue"), name = "Coverage")+ 

 ggtitle("50-year trend estimates")+ 

 facet_grid(sd_shared~.) 

 

print(trend_plot_50yr) 

 

trend_plot_10yr <- ggplot(data = simulation_results_converged, aes(x = trend_true_10yr, y = 

trend_est_10yr_q500, ymin = trend_est_10yr_q025, ymax = trend_est_10yr_q975,col=cov_10yr))+ 

 geom_abline(intercept=0,slope=1,col="gray85")+ 

 geom_errorbar(width=0)+ 

 geom_point()+ 

 coord_cartesian(ylim=lim,xlim=lim)+ 

 theme_bw()+ 

 xlab("True (simulated) regional 10-year trend")+ 

 ylab("Estimated regional 10-year trend")+ 

 scale_color_manual(values=c("red","dodgerblue"), name = "Coverage")+ 

 ggtitle("10-year trend estimates")+ 

 facet_grid(sd_shared~.) 

 

print(trend_plot_10yr) 

 

# Summarize accuracy and bias for 50-year trend estimates 

simulation_results_converged %>% 

 group_by(sd_shared) %>% 

 summarize(n = n(), 

      mean_bias = mean(trend_est_50yr_q500 - trend_true_50yr), 

      SE_bias = sd(trend_est_50yr_q500 - trend_true_50yr), 

      coverage = mean(cov_50yr)) 

 

# Summarize accuracy and bias for 10-year trend estimates 

simulation_results_converged %>% 

 group_by(sd_shared) %>% 

 summarize(n = n(), 

      mean_bias = mean(trend_est_10yr_q500 - trend_true_10yr), 

      SE_bias = sd(trend_est_10yr_q500 - trend_true_10yr), 

      coverage = mean(cov_10yr)) 
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