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Abstract

One of the primary expectations—and observed consequences—of persistent warming temperatures is
range shifts to higher elevations. However, the ability to detect and attribute climate-driven range shifts
has historically been limited to rare locations with sufficient time-series data, which are especially rare
outside temperate regions of the Northern Hemisphere. Leveraging data from participatory science
programs may offer the key to studying elevational range shifts at broader spatial scales and at higher
temporal resolution. With an elevational gradient of almost 4000 m and a high density of checklists from
the platform eBird, we focused on the island of Taiwan and demonstrated the estimation of elevational
range shifts for 69 species of land bird from 2011-2025. Specifically, we used generalized additive
models to estimate species’ peak elevations (where occurrence probability is highest), lower and upper
elevational limits, and elevational range breadths in every year, and then modeled those estimates over
time (while propagating uncertainty) to quantify shift rates. We found that bird species’ peak elevations
have shifted upslope by 13 m/yr, with lower and upper elevational limits shifting upslope by 8 and 21
m/yr, respectively, leading to range expansions averaging 15 m/yr. We also conducted a power analysis
with six hypothetical species to determine the number of presence points necessary to reliably estimate
elevational metrics with participatory science data using our methods. We found that, for a single
species in a single year, even 100 presences was sufficient to result in 95% coverage of elevational metric
estimates 95% of the time. However, accuracy generally decreased for the peak elevations of species
that live close to topographic boundaries (sea level or mountaintops). After demonstrating how
participatory science data can be used to quantify elevational range shifts, we provide a set of best
practices to enable future analyses of elevational ranges and elevational shifts around the world where

sufficient eBird data exist.



Introduction

One of the primary expectations of a warming global climate is upslope range shifts (Parmesan & Yohe,
2003; Sekercioglu et al., 2008), a phenomenon which has now been observed in diverse taxa across the
world (1.-C. Chen et al., 2011; Freeman et al., 2021; Lenoir et al., 2020). While mountains serve as direct
climate refugia under accelerating warming (de la Fuente et al., 2026), they also face mounting threats
such as mountaintop extinctions and extinction debt (Colwell et al., 2008; Freeman, Scholer, et al., 2018).
The literature on observed distribution shifts, however, is marked by substantial geographic and
taxonomic gaps (Lawlor et al., 2024; Lenoir et al., 2020; Rubenstein et al., 2023), and biological
responses to climate change remain highly variable across species and systems (Y.-H. Chen et al., 2025)—
all of which pose significant challenges for conservation. While a relative dearth of tropical studies is a
commonly cited issue across ecology (Feeley et al., 2017; Harris et al., 2011), studies of elevational shifts
are also lacking from subtropical regions, arid regions, and temperate regions in the Southern
Hemisphere (Lawlor et al., 2024). Studying elevational redistributions around the world is important not
just for filling biogeographical gaps, but for understanding and disentangling the diversity of responses to
climate change that can vary from place to place (Freeman et al., 2021; Neate-Clegg et al., 2021; Neate-

Clegg & Tingley, 2023).

Empirical studies of elevational range shifts generally require temporally replicated occurrence
data across an elevational gradient. Particularly in tropical regions, studies of elevational range shifts
have typically relied upon two forms of study design. Perhaps the most common study design is the
resurvey, where researchers revisit and sample sites that were originally surveyed decades prior (I.-C.
Chen et al., 2009; Forero-Medina et al., 2011; Freeman, Scholer, et al., 2018; Morueta-Holmea et al.,
2015; Tingley et al., 2009). However, resurveys rely on the serendipity of the original surveys and also
lack the repeated temporal sampling necessary to understand what happens between two time points.

The other, less common, form of data come in the form of annual or near-annual standardized surveys



across elevational gradients (Cheng et al., 2019; Neate-Clegg et al., 2018). Such studies have the
advantage of allowing researchers to quantify trends over time as well as inter-annual range dynamics
(Neate-Clegg, O’Brien, et al., 2020) but they are often much shorter in duration owing to the cost and
difficulty of maintaining long-term monitoring programs (Caughlan & Oakley, 2001; Estes et al., 2018). To
overcome these limitations, we are in need of a way to fill data gaps in the under-surveyed regions of the
world (Goury et al., 2026); to detect and attribute climate-driven range shifts at large spatial scales and

fine temporal resolution around the world we cannot rely only on standardized monitoring programs.

Data from participatory science programs could offer a new solution to data shortfalls in under-
represented regions. Platforms like eBird (Sullivan et al., 2009) and iNaturalist (www.inaturalist.org) have
seen explosive growth in recent years (Mason et al., 2025; Ocampo-Pefiuela et al., 2025) and data from
these platforms are being used to investigate many aspects of global change ecology, from invasive
species (Dimson et al., 2023) to urbanization (Curti et al., 2024) and phenological shifts (Youngflesh et al.,
2021). The use of eBird, in particular, has seen a recent significant uptick in tropical countries (Ocampo-
Pefiuela et al., 2025), and has previously been used along elevational gradients to understand species
distributions (Linck, 2025) and patterns of diversity (Freeman et al., 2024), to document altitudinal
migration (Somveille et al., 2026; Tsai et al., 2021), and to infer elevational range shifts based on
temporal changes in occurrence probability at single sites (Girish & Srinivasan, 2022). eBird has only
been globally available since 2010 which has limited the nature of the temporal questions that can be
addressed with its data. Yet, after over 15 years and 131 million checklist submissions around the world,

we are entering a time when estimating range shifts with eBird data is now possible.

However, participatory science data are not without their pitfalls, and so caution and
consideration is needed when using these datasets (Goury et al., 2026; Johnston et al., 2021; Kelling et
al., 2019). For one, the participants using the platforms are biased in where they go, often favoring urban

greenspaces or high-biodiversity protected areas (Di Cecco et al., 2021; Geurts et al., 2023; Grady et al.,



2026). It is also critical to account for variation in the effort that goes into the observation process
(Guillera-Arroita et al., 2015; Kelling et al., 2019; Phillips et al., 2009). eBird does offer advantages over
other participatory science programs that can help to minimize these issues (Kelling et al., 2019),
including the classification of “complete” checklists—i.e., whether they list all species detected and
identified—as well as checklist meta-data including distance and duration, which can be accounted for
when modeling distributions (Johnston et al., 2021; Somveille et al., 2026). By leveraging the semi-
structured nature of eBird checklists, it is possible to use presence/absence data to model the spatial
and temporal patterns of bird occurrence (Callaghan et al., 2025; Neate-Clegg et al., 2023; Youngflesh et
al., 2021). Doing so along elevational gradients would allow the widescale characterization of elevational
distributions (Freeman et al., 2022) as well as quantification of range dynamics over time (Somveille et
al., 2026). For researchers, conservation practitioners, and organizations that want to understand and
mitigate the impacts of climate-driven species redistribution but have limited resources for maintaining
long-term monitoring programs, eBird could present an invaluable opportunity, especially in areas of

high eBird usage (Ocampo-Pefiuela et al., 2025).

Taiwan offers an exceptional natural laboratory for studying elevational range shifts with eBird
data. Approximately one-third of the island rises over 1000 m above sea level under near-continuous
natural vegetation (Y. Y. Chen et al., 2019), up to the highest peak at 3952 m (Yu Shan, ELL). Taiwan is
also home to 157 resident bird species including 32 endemic species and 50 endemic subspecies (Lin et
al., 2026; Tsai et al., 2021). Moreover, with over 1.61 million eBird checklists (at the time of writing),
Taiwan is ranked 7 in the world in terms of the number of eBird checklists. This is especially impressive
as Taiwan’s area is only 36,000 km?, making it the highest density of checklists (44.7 per km?) of any
eBird subregion (ebird.org/region/world/subregions). The spatiotemporal completeness of Taiwan's
eBird data has been improving exponentially over the past decade (Tsai & Tuanmu, 2024), supporting

studies of avian altitudinal migration (Tsai et al., 2021) and a comprehensive trait datasets for Taiwan's



avifauna (Fu et al., 2024). This momentum has further culminated in the Taiwan Bird Atlas, a nationwide
breeding bird survey launched in 2023 with the goal of completing comprehensive maps of species
distribution and abundance by 2028 (TBRI & TWBF, 2023). Taiwan is also suitable for studying climate-
driven elevational shifts: long-term observations have shown a sustained and accelerating warming
trend, with temperatures rising at 0.15°C per decade over the period 1900-2022, accelerating to 0.27°C
per decade since the 1990s (NSTC & MOENV, 2024). Being an island, Taiwan is also less likely to see
latitudinal range shifts (Marjakangas et al., 2023), making elevational shifts the most likely spatial
response to climate change (Colwell et al., 2008; A. L. Fredston et al., 2025). Finally, straddling the Tropic

of Cancer, Taiwan offers a good opportunity to study range shifts in the sub-tropical region.

In this study we provide the first demonstration of how participatory data from eBird can be
used to estimate the elevational ranges and shift rates of birds, focusing specifically on 69 species of land
bird on the island of Taiwan from 2011 to 2025. We began by using presence/absence data from eBird
checklists to model the probability of occurrence across elevation for every species in every year.
Specifically, we modeled occurrence using quadratic generalized linear models (GLMs) and generalized
additive models (GAMs) while accounting for variation in checklist effort. From these occurrence
probability curves we estimated (with associated uncertainty) four elevational metrics for every species
in every year: 1) peak occurrence elevation as a measure of central tendency, 2) lower range limit, 3)
upper range limit, and 4) elevational range breadth. We then modeled these estimates in Bayesian
hierarchical models, while propagating uncertainty, in order to quantify range shifts over time. In
addition, to help determine the number of checklists needed to reliably estimate these elevational
metrics, we performed a power analysis where we defined six hypothetical species with known
elevational positions and used simulated presence/absence data to quantify the coverage and accuracy

of metric estimates. Finally, based on our approach, we provide a set of best practices to facilitate future



studies around the world. Our aim is to empower researchers working in different systems to quantify

elevational range shifts over ever-increasing timespans and spatial extents.

Methods

Data gathering

We downloaded the eBird Basic Dataset for January 2026, including both the dataset of all checklists and
the dataset of all bird records. We used the checklist dataset to define suitable checklists for
consideration, applying a series of filters. First, we initially considered checklists from 2010 (the year the
eBird platform became globally available) through 2025. We then followed eBird best practices (Johnston
et al., 2021), filtering down to “complete” checklists that were “traveling” or “stationary” protocol, < 2
km in distance, 5-300 minutes in duration, and had < 10 observers. Rather than the typical best practice
of checklists < 5 km (Johnston et al., 2021), we chose the more stringent distance filter of 2 km (Linck,
2025; Somveille et al., 2026) given how quickly elevation can vary with distance traveled in a
topographically complex landscape. From this filtered list of checklists, we extracted unique checklist
localities. We then used a digital elevation model (DEM) from USGS (GMTED2010) to extract elevations

for each locality, which ranged from -7 to 3878 m asl. We converted elevations below sea level to 0.

Next, we took the full records dataset and filtered down to our selected sites and checklists.
Then, for every checklist, we counted the number of species recorded on the list as an additional
measure of effort. The reasoning behind this is that, for a given locality and amount of effort, a checklist
with twice as many species (often due to higher skill) is more likely to detect a given focal species (Kelling
et al., 2015; Szabo et al., 2010), and this number can be included as an effort covariate when modeling
eBird data (Boersch-Supan et al., 2019; Horns et al., 2018; Neate-Clegg, Horns, et al., 2020). Given that

eBird data span the full annual cycle over which populations are known to vary their elevation with the



seasons (Somveille et al., 2026; Tsai et al., 2021), we chose to focus our study on breeding distributions.
We therefore filtered our data to April through August which encompasses the breeding seasons of
resident species on the island (Tsai et al., 2021). This step resulted in a dataset of 232,708 checklists

across 66,856 sites ranging from sea level to 3878 m (Fig. 1).

We also chose to focus on species not associated with wetland or coastal habitats as such
species would be more constrained in their movements (particularly for coastal birds; Somveille et al.,
2026). To do this, we aligned the eBird taxonomy with AVONET (Tobias et al., 2022), extracting the
primary habitat of each species. We then filtered out species whose primary habitat was “coastal”,
“marine”, or “wetland”. In addition, we filtered out species belonging to largely aquatic clades (i.e.,
Anatidae, Charadriiformes, Pelecaniformes) even if their primary habitat was not water associated. For
example, many shorebirds have a primary habitat of “grassland” despite spending most of the annual
cycle by water. Finally, we excluded introduced species, which were determined via eBird. We then
tabulated the number of records of each species in each year, and considered in our analysis only
species:year combinations with > 100 records and species with = 10 unique years of sufficient data, a
common threshold for longitudinal studies (McCain et al., 2016; White, 2019). The resulting dataset

included 1,470,962 presences of 71 species.

Estimating Annual Elevational Range Metrics

Our analysis consisted of two stages. In the first stage we modeled annual elevational distributions in
order to extract key elevational metrics for each species in a given year. In the second stage we modeled

change over time in those elevational metrics across all species.

For the first stage, we filtered the datasets down to a single year. We then used the

“auk_zerofill” function from the package auk to add Os for every species not present on a given checklist.



This step means that, because we only consider “complete” checklists, every species is either “present”
or “absent” on a given checklist. We chose to focus on presence/absence rather than abundance
because counts within eBird checklists are relatively scarce and unevenly recorded, while occurrence
probability is generally a good proxy for abundance (Gaston et al., 1999; Horns et al., 2018; Walker &

Taylor, 2017).

Next, we filtered down to a single species in order to model its occurrence as a function of
elevation in a given year. We modeled occurrence in two ways, first in a generalized linear model (GLM)
where the effect of elevation is quadratic, and second in a generalized additive model (GAM) with a

smooth function on elevation. We chose both approaches in order to compare outputs.
Occurrence for a given species in a given year was modeled in a GLM,
Occy, ~ Bernoulli(py)

where the presence/absence on checklist k, Occy, is drawn from a Bernoulli distribution with probability

Dr- This probability was then modeled on the logit scale

logit(py) = 6y + 6, - elevy, + 6, - elev,” +
05 - distancey, + 0, - durationy, + 05 - n.obs, + 6, - SRy,

as a function of an intercept, 8, and six slopes, 8, _¢. The slopes 6, _, determine the quadratic effect of
elevation on occurrence probability while 85_ are the effort parameters determining the effects of
checklist distance (km), duration (minutes), number of observers, and number of species recorded.
Number of observers was square-root transformed. For the effort variables, we subtracted 1 from
distance, 60 from duration, 1 from number of observers, and 15 from species richness, such that the
model intercept reflected the probability of occurrence on a checklist 1 km long, 1 hour in duration, with

1 observer who observed 15 species total. The GAMs had a similar structure but replaced the quadratic



effect of elevation with a smoothing function. Because we wanted to constrain how flexible the smooth
function was (e.g., avoiding bimodality), we chose a basis dimension of k = 3 which would lead to no

more than one peak in occurrence probability (Pedersen et al., 2019).

For every species i in every year j, we were interested in four key elevational metrics (Fig. 1): 1)

peak

peak elevation, elevij , i.e., the elevation at which the probability of occurrence was highest; 2) lower

lower

limit, elevl-j , i.e., the lowest elevation at which the probability of occurrence was 10% of the

pe

maximum probability; 3) upper limit, elev;‘jp " i.e., the highest elevation at which the probability of

breadth

occurrence was 10% of the maximum probability; and 4) elevational breadth, elevij , i.e., the

pe

elevational range from elevzljp " - elevil]‘-’wer. We ran a separate GLM and GAM for every species in

every year.

Because the occurrence probability curves were estimated with associated uncertainty, it was
important for that uncertainty to be captured in the elevational metrics and propagated downstream (A.
Fredston, 2024; Linck, 2025). For each model we used a bootstrapping approach where we simulated
1000 sets of coefficients from a multivariate normal distribution based on the model coefficients and
variance-covariance matrix. For each simulated set of coefficients, we estimated the four metrics and,

across the 1000 simulations, we then calculated the standard deviation of each metric, Oclevfy @S a

measure of uncertainty (here, m is a placeholder for any of the four elevational metrics). The result of
this process was point estimates and associated standard deviations for four elevational metrics from a
GLM and GAM for every species in every year. We separated these estimates into four datasets, one for

every elevational metric.

Many species along elevational gradients have truncated ranges due to topographic boundaries
i.e., their elevational ranges end abruptly at sea level or mountaintops. These species present challenges

when analyzing range shifts because of elevational metrics estimated at the topographic boundaries. For



example, for a lowland species, its peak elevation in one year may be estimated to be 0 m with a

standard deviation (Uelevg}l) of 0 because the result of every bootstrap simulation was a peak elevation of

0 m. At the other end of the elevational gradient, the same issue is present for metrics estimated to be
at the elevation of the highest elevation checklist. Having no uncertainty is statistically and ecologically
unrealistic and problematic because we cannot know with total certainty a species’ elevational range (A.
Fredston, 2024; Linck, 2025). For these reasons, we chose to remove from the peak elevation, lower
limit, and upper limit datasets any metrics estimated to be 0 m or at the elevation of the highest
elevation checklist. Similarly, for elevational breadth we filtered out breadths estimated to span the
entire elevational gradient. As these filtering steps reduced the number of annual estimates for many
species, we discarded any species from a particular dataset if it did not have the minimum number of 10
annual estimates in that dataset. Thus, a species occurring close to sea level would be represented in the
upper limit and elevational breadth datasets, but not necessarily in the lower limit or peak elevation
datasets. Finally, to avoid species whose elevational metrics varied too much from year to year—which
could indicate problems in fitting occurrence probability curves—we calculated the standard deviation in
estimates across years and removed species from a dataset if the standard deviation in elevational
metric was > 500 m. These filtering steps resulted in four datasets of unequal size: 1) a peak elevation
dataset of 39 species and 533 species:year combinations; 2) a lower limit dataset of 26 species and 345
species:year combinations; 3) an upper limit dataset of 54 species and 723 species:year combinations;
and 4) a range breadth dataset of 68 species and 906 species:year combinations. For each dataset we

assessed correlation between the GLM-derived estimates and the GAM-derived estimates.



Modeling Elevational Shifts over Time

In the second stage of the analysis, we modeled changes in elevational metrics over time in Bayesian
multi-species hierarchical models, with a separate model for each metric. Our hierarchical models were
designed to propagate uncertainty in range estimates from the first step of the analysis, a strength of
modeling within a Bayesian framework. Thus, mean elevational metrics (where m €

{peak, lower, upper, breadth}) were modeled,

m
elevij ~ Normal(uelevi’]'-l' O-elevirj’-l)

such that the estimated mean metric of species i in year j (taken from the previous stage in the analysis)

is drawn from a normal distribution with latent true mean Hetevl? and estimated standard deviation
O-elevi’;-l' This step allows the uncertainty in the estimates from the first stage to be propagated

throughout the second stage. In turn, this latent mean is drawn from a normal distribution
uuelevg-1 ~ NOT‘Tnal(MYirjn, oym)

with species- and year-specific predicted mean My and standard deviation gym. The predicted

elevational metric is then modeled
_ ,m m
Hym = + B/ - year;

as a function of species-specific intercepts, a;", and linear effect of year, /™. In order to produce more
accurate species-specific estimates that avoided model shrinkage, we treated species as fixed effects,
with each species-specific parameter being drawn from vague priors. We then derived within the model
the overall shift rate across species, ,ugl, as the mean of all B{™. For each model, we used vague priors
and we ran the model for 100,000 iterations over three chains with a burn-in of 10,000 and 90-fold

thinning, resulting in 3000 posteriors. We attributed model convergence when all rhats were < 1.01.



From each model we extracted the mean uZ‘and B{" parameter values and associated 95% Bayesian

credible intervals. We considered shift rates to have “strong evidence” when (Pr(|ugl| > 0) >95%).

Having compared the GLM-derived estimates and the GAM-derived estimates from the first
stage, we chose to focus on the estimates from the GAMs because they a) did not impose symmetrical
peaks in occurrence across elevation (Burner et al., 2019; Freeman & Beehler, 2018; Linck, 2025) and b)
allowed for plateaus in occurrence probability at topographic limits—i.e., sea level or mountaintops. We
therefore report principally on shift rates based on models of the GAM-derived estimates. However, we

also conducted a sensitivity analysis using the GLM-derived estimates (see below).

Sensitivity Analyses

In addition to our models of ranges based on GAM-derived elevational metrics, we also performed the
same models on our GLM-derived estimates from the first stage, comparing the overall (,ugl) and
species-specific shift rates (8{™). We also compared our main results to models based on GAM-derived

elevational metrics where the uncertainty in those metrics was not propagated in the model.

As a further counterpoint, we considered simpler elevational metrics that were not derived from
elevation-based occurrence probability curves. These simple metrics were chosen based on their
common use in other studies of elevational ranges (Brodie et al., 2025; Linck, 2025; Neate-Clegg,
O’Brien, et al., 2020; Rubenstein et al., 2023; Tsai et al., 2021). Specifically, for every species in every year
we took the elevations of all presences and calculated 1) the mean as a proxy for peak elevation, 2) the
2.5 percentile as a proxy for lower limit, 3) the 97.5" percentile as a proxy for the upper limit, and 4)

the 95™ inter-percentile range (97.5" percentile — 2.5 percentile) as a proxy for elevational breadth. We



conducted the same models as above (without error propagation) and compared the shift rate estimates

to our main results.

Power Analyses

In order to estimate elevational metrics and, from these, elevational shift rates, a pertinent question is:
how many checklists or presence points does one need? We therefore undertook a power analysis to
answer this question (Johnson et al., 2015). In this power analysis we ran models as above on simulated
data where we knew the true underlying elevational metrics, and assessed how close estimated metrics

were to the “truth”.

We began by creating six species with pre-defined occurrence probability curves. Species A was
defined to be a common (highest occurrence probability around 0.9) mid-elevation species with a peak
elevation of 1600 m, trailing off to clear upper and lower range limits. Species B was a common lowland
species with a peak elevation of 100 m, and species C was a common highland species with a peak
elevation of 3500 m. To these species we added species D, E, and F, which shared the same peak
elevations as A—C but were much less common (highest occurrence probabilities around 0.1). Next, we
took all the checklists that followed best practices from all months, 2011-2025, filtering out checklists
above 3600 m to create a hard upper bound. These 593,410 checklists represent the uneven spatial
effort in eBird activity across elevations, highly skewed toward the lowlands (Fig. S1), which is to be
expected in most systems. For the simulation process, the checklist locations defined where the
simulated observation process took place and the occurrence probability curves defined the true
probability of observing the focal species. We also defined a list of sample sizes, n, for the number of

presence points to test in the power analysis, ranging from n = 75 to n = 5000.



In every simulation, we began by randomly drawing a 1 or O for every single checklist from a
Bernoulli trial with a probability equal to the predicted probability of occurrence for the focal species at
that elevation. From this simulated dataset, we calculated the proportion of presences, P, and then

randomly drew without replacement a subset of n presences. Because we wanted the subset of
. 1-P
presences and absences to be proportional to the full set, we also randomly drew n * - absences and

combined them with the subset of presences. For example, when P =0.25, a random subset of 100

presences would be combined with a random subset of 300 random.

To the subset of simulated data, we next applied quadratic GLMs as above (given the symmetry
we imposed on the distributions), bootstrapping the model coefficients and extracting the same four
elevational metrics and associated uncertainty. To assess the coverage of an estimate, we determined
whether the 95% confidence interval of the estimate included the “true” elevational metric. To assess
the accuracy of an estimate, we determined the difference between the estimate and the true
elevational metric, which we then binarized to determine whether the estimate was 1) within 50 m of
the true metric, 2) within 25 m, and 3) within 10 m. For every value of n, we performed 100 simulations
and then calculated the percentage of simulations that resulted in positive outcomes (either overlapping
confidence intervals or estimates within the threshold distance). Finally, we plotted how these
percentages varied as a function of n. We considered a sample size to have suitable power above the

typical threshold of 80%.



Results
Range Shifts

Overall, we were able to analyze range shifts across 69 species, although the number of species varied
depending on the elevational metric considered. For the 39 species whose peak occurrence elevations

occurred away from topographic boundaries (Fig. 3a), we found strong evidence that peak elevations

shifted upslope at a rate of 13.2 m/yr (Bayesian credible interval [Crl]: 11.8 to 14.6 m/yr; Pr[,ugeak >0] =

100%). Species-specific shift rates (Fig. 4a) ranged from -0.3 m/yr (Liocichla steerii; Crl: -7.0 to 6.4) to
32.0 m/yr (Alcippe morrisonia; Crl: 25.0 to 38.9), with strong evidence of upslope shifts for 31 species

(79%). For no species was there strong evidence of downslope shifts.

Shifts in peak elevation could result from shifts at either range limit. For the 26 species whose
lower limits generally occurred above sea level (Fig. 3b), there was strong evidence that lower limits
shifted up slope at a rate of 8.0 m/yr (Crl: 5.9 to 10.1 m/yr; Pr[,uf;ower > 0] = 100%). Species-specific shift
rates (Fig. 4b) ranged from -8.4 m/yr (Trochalopteron morrisonianum; Crl: -18.0 to 1.3) to 26.8 m/yr
(Spizixos semitorques; Crl: 14.8 to 39.0), with strong evidence of upslope shifts for 11 species (42%). By
comparison, for the 54 species whose upper limits generally occurred below the mountaintops (Fig. 3c),
there was strong evidence that upper limits shifted up slope at a rate of 20.8 m/yr (Crl: 17.5 to 24.1
m/yr; Pr[,u;pper > 0] = 100%). Species-specific shift rates (Fig. 4c) ranged from -7.9 m/yr (Cyanoderma
ruficeps; Crl: -25.4 t0 9.7) to 67.8 m/yr (Passer montanus; Crl: 49.0 to 86.5), with strong evidence of
upslope shifts for 18 species (33%). With upper limits shifting faster than lower limits, there was strong
evidence across 68 species (Fig. 3d) that elevational range breadths expanded at a rate of 14.9/yr (Crl:
11.7 to 17.9 m/yr; Pr[,u;"g > 0] = 100%). Species-specific changes (Fig. 4d) ranged from -20.6 m/yr

(Horornis fortipes; Crl: -44.7 to 3.0) to 69.4 m/yr (P. montanus; Crl: 47.8 to 90.7), with strong evidence of

range expansions for 17 species (25%).



Sensitivity Analysis

GLM-derived estimates of peak elevation were highly correlated (Fig. S2) with GAM-derived estimates (r
= 1) and fell along the 1:1 line, and the same was true for lower limits (r = 1), upper limits (r = 1), and
range breadths (r = 0.99). The resulting GLM-derived models produced very similar overall shift rate

estimates to the GAM-derived results, with peak elevation shifting by 11.5 m/yr (Crl: 10.0 to 13.1 m/yr;

Pr[ygeak > 0] = 100%), lower limits by 6.8 m/yr (Crl: 4.8 to 8.8 m/yr; Pr[ylﬁower > 0] = 100%), upper limits

upper

by 20.6 m/yr (Crl: 17.4 to 23.7 m/yr; Pr[uﬁ > 0] = 100%), and elevational range breadths expanding

by 15.6 m/yr (Crl: 12.5 to 18.5 m/yr; Pr[ugreadth > 0] = 100%). The species-specific shift rates were also
highly correlated with those from the GAM-derived estimates (Fig. S3) for: peak elevations r = 0.90,
lower limits r = 0.98, upper limits r = 0.96, elevational breadths r = 0.96. GLM- and GAM-derived shift
rates generally fell along the 1:1 line but for peak elevation and lower limit shift rates which were
estimated to be slightly higher based on GAM-derived estimates. These sensitivity analyses suggest

similar shift rate results after modeling occurrence probability with either a GAM or GLM.

In models where uncertainty from the first stage was not propagated, the overall shift rates were

fairly similar to the main results. Peak elevations shifted by 13.7 m/yr (Crl: 12.0 to 15.6 m/yr; Pr[ygeak >

0] = 100%), lower limits by 6.9 m/yr (Crl: 4.7 to 9.2 m/yr; Pr[,u};ower > 0] = 100%), upper limits by 20.9

upper

m/yr (Crl: 17.5 to 24.3 m/yr; Pr[uﬁ > 0] = 100%), and elevational breadths expanded by 15.7 m/yr

(Crl: 12.2 to 19.0 m/yr; Pr[,u/bfe“dth > 0] = 100%). Correlation among species-specific shift rates (Fig. S4)

was high for lower limits (r = 0.96), upper limits (r = 0.98), and elevational breadths (r = 0.98), but was

not high for peak elevations (r = 0.62). Shift-rate estimates also tended to fall along the 1:1 line. These



sensitivity analyses suggest that error propagation is preferable when estimating species-specific shift

rates in peak elevation.

When considering simple elevational metrics that were not derived from elevation-based
occurrence probability curves, correlation was generally high (Fig. S5) between peak elevations and the
mean elevation of presences (r = 0.97), between lower limits and the 2.5" percentile of presences (r =
0.95), between upper limits and the 97.5" percentile of presences (r = 0.95), and between elevational
breadths and the 90™ inter-percentile range (r = 0.90). However, for peak elevations, upper limits, and
elevational breadth, these metrics were biased much lower in elevation than the GAM-derived
estimates, likely owing to the high density of checklists at lower elevations. The downstream models
based on these metrics produced overall shift rate estimates that differed markedly from our main

results. Mean elevation of presences was predicted to have shifted by -0.6 m/yr (Crl: -2.5 to 1.4 m/yr;

Pr[ygeak < 0] = 72%); 2.5 percentiles of presences were predicted to have shifted by -4.5 m/yr (Crl: -8.9

lower

to -0.1 m/yr; Pr[uﬁ < 0] = 98%); 97.5™ percentiles of presences were predicted to have shifted by 7.5

upper

m/yr (Crl: 4.8 to 10.4 m/yr; Pr[uﬁ > 0] = 100%), and 95 inter-percentile range was predicted to have

expanded by 7.9 m/yr (Crl: 4.9 to 10.9 m/yr; Pr[,u/bfe“dth > 0] = 100%). Correlation among species-

specific shift rates was low (Fig. S6) for peak elevations (r = 0.23), lower limits (r = 0.55), upper limits (r =
0.21), elevational breadths (r = -0.04). These sensitivity analyses show that using simple elevational

metrics based only on presences is not suitable for estimating elevational shift rates.

Power Analysis

For the six hypothetical species (Fig. 5), we found that coverage—i.e., the percentage of times that the

95% confidence interval of an estimate overlapped the “true” metric value—was generally very high



(above 95%) across values of n (number of presence points). Thus, the uncertainty around each estimate

tended to include the true value.

In contrast, there was much more variation in accuracy depending on n and the commonness or
elevational position of the hypothetical species. For species A (common mid-elevation species), accuracy
within 50 m of the truth was achieved with 100 presences for peak elevation and lower limit, and 200
presences for upper limit. To be within 10 m of the truth, the threshold was much higher: ranging from
2000 presences for peak elevation to 5000 presences for upper limit. A similar pattern was evident for
species D (scarce mid-elevation species) but with 200 or 300 presences needed for 50 m accuracy for the
lower and upper limits, respectively. For species B (common lowland species) accuracy was generally
much lower than for species A, requiring over 5000 presences for the upper limit to be within 50 m, and
accuracy was even lower for peak elevation. In species E (scarce lowland species) accuracy was actually
higher for peak elevation—requiring 4500 presences for accuracy within 50 m—than for upper limit. For
species C (common highland species), accuracy was generally high for the lower limit, requiring only 200
presences to be within 50 m, and 1000 presences to be within 25 m, but accuracy was much lower for
peak elevation. Finally, for species F (scarce highland species), patterns mirrored species C but with lower

accuracy overall.

Discussion

In an era of climate-driven species redistribution (Lenoir et al., 2020), detecting and quantifying
elevational range shifts at increasing spatial, temporal, and taxonomic scales is critical but has been
historically limited to resurveys, long-term monitoring programs, and opportunistic data which
themselves are geographically biased (Feeley et al., 2017). Participatory science data could offer the key

to upscaling the analysis of elevational range dynamics (Somveille et al., 2026; Tsai et al., 2021). Here, we



demonstrate for the first time the use of occurrence data from eBird to quantify elevational range shifts,
finding upslope range shifts and elevational range expansions across 69 species of land bird in Taiwan
(Fig. 3). Specifically, we found that species shifted their peak elevations by 13 m/yr, their lower limits by
8 m/yr, and their upper limits by 21 m/yr, resulting in range expansions of 15 m/yr. Although these
results are based on slightly different pools of species—e.g., lower limits for highland species, upper
limits for lowland species—the rate of range expansion is almost exactly intermediate between the shift
rates of lower and upper limits, and overlaps the peak elevation shift rate. There was also notable
consistency in shift rates across species (Fig. 4). While, many studies have found high heterogeneity in
shift rates including a substantial proportion of species that have shifted downslope (Neate-Clegg et al.,
2021; Rumpf et al., 2019; Tingley et al., 2012), we found positive shift rates in peak elevations for 97% of

species, in lower limits for 77% of species, and in upper limits for 94% of species.

The consistency of upslope shifts could be indicative of Taiwan’s natural land cover.
Approximately 65% of the island is forested with very little deforestation above 100 m (Y. Y. Chen et al.,
2019), and this continuity in forest cover could allow species to shift at a relatively fast rate. The finding
that upper limits have shifted faster than lower limits is consistent with another study of Asian birds in
New Guinea (Freeman & Class Freeman, 2014) but this pattern is far from universal with meta-analyses
varying in whether they found faster shift rates in species’ lower or upper limits (Freeman, Lee-Yaw, et
al., 2018; Neate-Clegg et al., 2021; Rumpf et al., 2019). One possible explanation is that many lowland
birds are urban associated and their ranges may be expanding with increased human development at
higher elevations (Y. Y. Chen et al., 2019; Greig et al., 2017). For example, the species that shifted its
upper limits the fastest, Eurasian Tree Sparrow (Passer montanus), is very abundant in urban and
suburban habitats and has seen increases in mid-elevation towns (Wu et al., 2012). That species’ lower
limits are not shifting as rapidly could also be due to the preservation of habitats at lower elevation in

Taiwan. Many parts of the world have seen high levels of deforestation in the lowlands (Namkhan et al.,



2021) and this is expected to cause species lower limits to contract upslope (Harris et al., 2014; Ocampo-
Pefiuela & Pimm, 2015). Given that lower (warmer) range limits are also thought to be more limited by
biotic interactions than abiotic factors (Darwin, 1859; Louthan et al., 2015; Paquette & Hargreaves,
2021), the slower shift rates could indicate a lack of natural enemies or competitors (Alexander et al.,

2015; Matysiokova & Remes, 2022; Paxton et al., 2016; Tsai et al., 2021).

Detecting elevational range shifts is particularly important for species of conservation concern
such as range-restricted species or threatened species. Of the 32 endemic birds of Taiwan, 20 had
sufficient data to be represented in our study (Fig. 4). Of these there was strong evidence of upslope
shifts in the peak elevations of 10 out of 14 species, the lower limits of 2 out of 14 species, and the
upper limits of 3 out of 12 species. This resulted in range expansions for 4 out of the 20 species. Our
datasets also included one species listed as vulnerable by the IUCN (Birdlife International, 2025), the
endemic Styan’s Bulbul (Pycnonotus taivanus), which did not show strong evidence of upslope shifts.
Although evidence of range contractions in these species was low, concern should be paid to highland
species whose lower limits are shifting upslope, including the endemic Taiwan Bush Warbler (Locustella
alishanensis) and Taiwan Yuhina (Yuhina brunneiceps). Moreover, there are endemic species, including
the near threatened Swinhoe’s Pheasant (Lophura swinhoii) and Taiwan Rosefinch (Carpodacus
formosanus), for which we lacked sufficient data to include them in the analyses but that could be
experiencing range contractions. Of particular note is Prunella collaris fennelli, an endemic subspecies of
Alpine Accentor which lives in open habitat on only the highest peaks in Taiwan (Wu et al., 2012), where
tree line has expanded upslope (Greenwood et al., 2014) and precipitation has become more variable
(Kuo et al., 2022). In years to come, more checklists may allow us to model the ranges and range shifts of
these scarcer species, and the resulting observations could be incorporated into threat assessments for

Taiwan’s endemic birds.



Being able to quantify elevational shift rates is critical to the conservation of species along
elevational gradients. For mountaintop species it is important to know whether their ranges are
contracting as a precursor to extirpation or extinction (Freeman, Scholer, et al., 2018). For regions where
species are shifting quickly, prioritizing protected areas or restoring habitat along continuous gradients
should be a priority (Elsen et al., 2018; Lawler et al., 2015). And for species that aren’t shifting, we need
to know whether remaining in place is maladaptive or not (A. L. Fredston et al., 2025; Neate-Clegg et al.,
2024). Modeling shift rates themselves requires being able to reliably estimate elevational range metrics
in a given time point. Doing so can be relatively straightforward when data come from standardized
survey effort across elevational gradients, but the availability of such datasets is relatively rare and
geographically biased (Lawlor et al., 2024), due in large part to the funds and logistics needed to
maintain long-term monitoring programs (Caughlan & Oakley, 2001). Participatory science data could
unlock the potential for researches to quantify elevational distributions and range shifts in an increasing
number of mountain ranges (Somveille et al., 2026), filling biogeographical gaps and democratizing the
ability to determine spatiotemporal variation in elevational ranges and evaluate local climate change
responses (Theobald et al., 2015). Moreover, using standardized approaches could facilitate comparisons
both at different time points and among locations, aiding meta-analytical studies (Lawlor et al., 2024;

Linck, 2025).

However, participatory science data present challenges due to biases in effort (Geurts et al.,
2023; Kelling et al., 2019). In particular, where people submit eBird checklists is often spatially biased
including along elevational gradients (Fig. S1). Taking the mean elevation of all presences would
therefore be biased toward where people spend most time birding i.e., lowlands. Indeed, we found that
simple metrics based only on presence data (e.g., mean elevation, 95% percentiles) were biased toward
lower elevations (Fig. S5) and resulted in range shift estimates vastly different from our main results (Fig.

S6). A way to circumvent this issue would be to spatially rarefy the checklists to have equal



representation at each elevational band, but this would involve discarding the vast majority of checklists.
Instead, one of the great advantages of eBird is the existence of “complete checklists” which allows us to
distinguish presences from absences without having to generate pseudo-absences, and to model those
presence/absences as a function of spatial covariates like elevation (Johnston et al., 2021). Moreover,
eBird checklists also vary in distance, duration, and number of observers, which can create bias when
birdwatchers put more effort in within nicer habitat, but these effort covariates can also be accounted
for in the models to reduce the effects of effort bias (Boersch-Supan et al., 2019; Horns et al., 2018;
Johnston et al., 2021; Neate-Clegg, Horns, et al., 2020). Thus, occurrence probability curves can be fit

with presence/absence data that account for variation in effort.

Whether to model occurrence probability with a GAM or quadratic GLM resulted in very similar
estimates of elevational metrics and shift rates (Figs. S1, S2). However, the GAM approach is likely more
suitable because it removes the assumption that species have symmetrical hump-shaped distributions
(Burner et al., 2019; Freeman & Beehler, 2018; Linck, 2025). In addition to the variation in the
observation process, there is also statistical uncertainty when estimating species’ elevational ranges (A.
Fredston, 2024; Linck, 2025). Although occurrence models effectively control for variation in the number
of checklists, uncertainty in occurrence probability can be much higher when there are fewer data points
i.e., at higher elevations (e.g., Fig. 2c). When modeling estimates of range position it is therefore critical
to not treat those data points as known with certainty, but to propagate the uncertainty downstream
(Gilbert et al., 2023; Jenouvrier, 2013; Linck, 2025). Although we generally found high correlation
between range limit shift rates with and without error propagation, this may not be generalizable to
locations with lower sample sizes and higher uncertainty. For example, in our power analyses, we
showed that the accuracy of elevational metric estimates is often quite low (Fig. 5), especially below
1000 presence points. However, we did find that, for almost all situations, the 95% confidence intervals

of estimates overlapped the true values. These results support the use of error propagation when



modeling elevational range shifts. By explicitly incorporating the uncertainty in our estimates of
elevational metrics we are allowing for the possibility that the true value that we cannot know is

somewhere within the range of our estimate.

The power analyses also revealed important general patterns across species and elevational
metrics. First, accuracy of estimates was generally higher for mid-elevation species, whether they were
common or scarce. This finding means that if a species’ whole elevational range is contained within an
elevational gradient (i.e., doesn’t reach either topographic limit), with 100-200 presences its peak
elevation and range limits can be estimated with good coverage and accuracy within 50 m. For lowland
species, accuracy was generally lower and this is likely due to the true peak elevation being close to, but
not actually at a topographic limit (sea level). The peak elevation itself is hard to estimate as many
occurrence probability curves end up being concave (rather than the hump-shaped curves in Fig. 2) with
the highest probability of occurrence at sea level. However, accuracy was generally higher for the upper
limit which occurs much farther from a topographic boundary. For similar reasons, the lower limits of
highland species could be estimated with relatively high accuracy based on 200-600 presences, while the
accuracy was much lower for their peak elevations. Interestingly, the accuracy of peak elevation
estimates was roughly similar for lowland and highland species alike, whether they were common or
scarce, suggesting that the total number of presences mattered more than the relative proportion of
absences (Liu et al., 2019). However, lower limits for highland species had much higher accuracy than
upper limits for lowland species, perhaps due to greater amount of land and higher habitat

heterogeneity at lower elevations (Y. Y. Chen et al., 2019).

We have demonstrated an analytical framework and power analysis to use participatory science
data to detect and quantify elevational range shifts. Having shown its utility with the Taiwan case study,
we make the following recommendations to those wishing to apply this framework in other mountain

ranges:



Rather than taking simple metrics such as the mean elevation of occurrences, model occurrence
probability as a function of elevation.

Include effort variables as covariates when modeling occurrence probability.

Use a GAM including a smooth function on elevation with a basis dimension of 3 (i.e., k= 3) in
order to estimate an occurrence probability curve with a single maximum but without the
constraint of symmetry.

Record uncertainty in estimates of elevational metrics and propagate that uncertainty when
modeling range shifts.

Estimate peak elevations and both range limits for species whose ranges fall entirely within
topographic boundaries, but for lowland species focus on upper limits and for highland species
focus on lower limits.

For 95% confidence intervals with suitable coverage, model occurrence probabilities for species
with a minimum of 100 presences, ideally 200-500. Ignoring uncertainty would require much

larger sample sizes.

While these guidelines are intended for estimating elevational metrics from presence/absence data,

many of these principles would also apply to modeling occurrence across other spatial gradients (e.g.,

latitude or urbanization). They may also apply to presence-only participatory science data for other taxa,

such as from iNaturalist or GBIF. However, with presence-only data, additional caution is needed because

biases in where people observe wildlife can lead to biases in the factors that predict their occurrence

(Guillera-Arroita et al., 2015; Kelling et al., 2019; Phillips et al., 2009). Besides these recommendations

for estimating elevational metrics, we follow other studies in recommending a minimum of 10 years of

estimates when modeling temporal trends (McCain et al., 2016; White, 2019).

In this study, we were able to estimate elevational metrics over ten years for 69 species, with

2011 being the earliest year with sufficient data (100 presences) for the most common species. This feat



is contextualized by the fact that Taiwan has the highest density of checklists (45 checklists per km?) in
the top 20 world subregions (https://ebird.org/region/world/subregions), with the next highest densities
being in Costa Rica (27 checklists per km?) and the UK (11 checklists per km?), followed by the US (8
checklists per km?). We therefore do not expect many countries to yet have the temporal and spatial
resolution to estimate elevational metrics for dozens of species over a ten-year period. However, what
matters is not the per-country density, but the density of checklists over elevational gradients. As the use
of eBird continues to increase, especially in tropical countries (Ocampo-Pefiuela et al., 2025), we can be
hopeful that elevational gradients with heavy birdwatching activity—such as the Manu Road in Peru or
the Sierra Nevada de Santa Marta in Colombia—will soon reach this threshold. As such locations reach
data sufficiency, we hope to see the characterization of elevational ranges and analysis of range shifts for

an increasing number of species in an increasing number of locations.
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Figure 1. Map of Taiwan showing the location of eBird checklist localities. Localities are
colored by elevation from sea level (dark purple) to the highest checklist at 3878 m (yellow).
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Figure 2. Occurrence probability curves across elevation for three bird species in Taiwan. The

three common species provide examples of a lowland species (a, Pycnonotus sinensis), a mid-

elevation species (b, Heterophasia auricularis), and a mountaintop species (c, Tarsiger

johnstoniae). For each species, occurrence probability was modeled as a function of elevation in

either a generalized linear model (GLM) with quadratic effect of elevation, or in a generalized

additive model (GAM) with a smoothing effect of elevation (k = 3). Points show

presence/absences and the curves represent the predicted probability of occurrence. Unbroken
vertical lines indicate the estimated peak elevation while dashed lines indicate the lower and

upper range limit i.e., where the probability of occurrence reaches 10% of the maximum.
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Figure 3. Elevational range shifts across 69 species of resident land birds in Taiwan. Thick black

lines represent mean trends over time in (a) peak elevations, (b) lower limits, (c) upper limits,
and (d) elevational range. Thin lines represent species-specific trends and are gray when the
Bayesian credible interval on the slope estimate overlaps 0. The length of each line is

determined by the number of years of estimates available for a given species.
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Figure 5. Results from power analyses to determine the number of presence points needed to estimate elevational metrics for six
hypothetical species. Each hypothetical species (top row) had a pre-defined curve of occurrence probability (top row) with known
peak elevation (solid vertical line) and lower and upper range limits (dotted lines). Species A—C are common species with mid-
elevation, lowland, and highland distributions, respectively; species D—F have similar distributions to species A—C but are scarce (i.e.,
recorded less frequently). Percentages indicate the mean percentage of checklists on which the species was present. For each
species, presence/absences were simulated based on the occurrence probability curves and filtered down to a defined number of
presence points, n. Quadratic GLMs were then fit to these presence/absences, deriving estimates of elevation and range limits. These
metric estimates were then compared to the “true” known metrics. The second row shows the percentage of simulations for which
the 95% confidence interval of the estimate overlapped the truth. Here, the horizontal dashed line indicates when 95% of
simulations resulted in coverage. Rows three through five show the percentage of simulations resulting in estimates that were within
50 m, 25 m, or 10 m of the truth. For these rows, the horizontal dashed line indicates when 80% of simulations (the typical threshold
for power analyses) resulted in suitable accuracy.
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16  Figure S1. Histogram of the elevational distribution of 593,410 eBird checklists across Taiwan

17 from 2011 to 2025.
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Figure S2. Correlation between GAM-derived and GLM-derived estimates of elevational
metrics for 69 bird species in Taiwan. Each point represents the estimate of an elevational
metric for a particular species and year. Occurrence probability across elevation was modeled in
either a generalized additive model (GAM) as a smooth function of elevation, or in a generalized
linear model (GLM) as a quadratic function of elevation. From these occurrence curves, the
peak elevation (a) is the elevation of the highest occurrence probability, the lower (b) and upper
limits (c) are the elevations at which occurrence probability was 10% of the maximum, and the
elevational breadth (d) is the difference in elevation between the upper and lower limit. Where
range limits were not estimated for a species (due to being at sea level or the highest elevation),
the topographic boundary was used to calculate elevational range instead. Points have 25%
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Figure S3. Correlation between GAM-derived and GLM-derived species-specific estimates of
elevational shift rates for 69 bird species in Taiwan. Each point represents the estimated
shift/change rate for a particular species for four elevational metrics: (a) peak elevation, (b)
lower limit, (c) upper limit, and (d) elevational breadth. These four metrics were derived from
either a generalized additive model (GAM) with a smooth function of elevation, or a generalized
linear model (GLM) with a quadratic function of elevation. The peak elevation (a) is the
elevation of the highest occurrence probability, the lower (b) and upper limits (c) are the
elevations at which occurrence probability was 10% of the maximum, and the elevational
breadth (d) is the difference in elevation between the upper and lower limit. Where range limits
were not estimated for a species (due to being at sea level or the highest elevation), the
topographic boundary was used to calculate elevational range instead. The dashed line indicates
1:1 correspondence.
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Figure S4. Correlation between GAM-derived species-specific estimates of elevational shift
rates with and without error propagation for 69 bird species in Taiwan. Each point represents
the estimated shift/change rate for a particular species for four elevational metrics: (a) peak
elevation, (b) lower limit, (c) upper limit, and (d) elevational breadth. These four metrics were
derived from either a generalized additive model (GAM) where uncertainty in the metric
estimate was incorporated into the model, from a GAM where uncertainty was not
incorporated. The peak elevation (a) is the elevation of the highest occurrence probability, the
lower (b) and upper limits (c) are the elevations at which occurrence probability was 10% of the
maximum, and the elevational breadth (d) is the difference in elevation between the upper and
lower limit. Where range limits were not estimated for a species (due to being at sea level or
the highest elevation), the topographic boundary was used to calculate elevational range
instead. The dashed line indicates 1:1 correspondence.
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Figure S5. Correlation between GAM-derived and simple estimates of elevational metrics for
69 bird species in Taiwan. Each point represents the estimate of an elevational metric for a
particular species and year. For the GAMs (generalized additive models), occurrence probability
was modeled as a smooth function of elevation. From these occurrence curves, the peak
elevation (a) is the elevation of the highest occurrence probability, the lower (b) and upper
limits (c) are the elevations at which occurrence probability was 10% of the maximum, and the
elevational range (d) is the difference in elevation between the upper and lower limit. These
estimates are compared to simple metrics based on the elevations of all presences: the mean
(a), the 2.5 percentile (b), the 97.5% percentile (c), and the 95t inter-percentile range. Where
range limits were not estimated for a species (due to being at sea level or the highest elevation),
the topographic boundary was used to calculate elevational range instead. Points have 25%
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Figure S6. Correlation between GAM-derived and simply derived estimates of elevational shift
rates with and without error propagation for 69 bird species in Taiwan. Each point represents
the estimated shift/change rate for a particular species for four elevational metrics. For the
GAMs (generalized additive models), occurrence probability was modeled as a smooth function
of elevation. From these occurrence curves, the peak elevation (a) is the elevation of the highest
occurrence probability, the lower (b) and upper limits (c) are the elevations at which occurrence
probability was 10% of the maximum, and the elevational breadth (d) is the difference in
elevation between the upper and lower limit. Shift rates from these estimates are compared to
shift rates based on simple metrics calculated from the elevations of all presences: the mean
(a), the 2.5 percentile (b), the 97.5% percentile (c), and the 95t inter-percentile range. Where
range limits were not estimated for a species (due to being at sea level or the highest elevation),
the topographic boundary was used to calculate elevational range instead. The dashed line
indicates 1:1 correspondence.



