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Abstract

Over the recent decades, Europe has experienced a significant decline in common bird
species, particularly farmland species, due to anthropic pressures like agricultural inten-
sification. Protected areas, such as the Ecrins National Park (ENP) in France, can help
mitigate these impacts. We evaluated whether an opportunistic presence-only dataset
collected by trained ENP rangers contains biological signals strong enough to support
robust statistical inference. Using a generalized additive Poisson model with spatial and
spatio-temporal covariates, monthly latent spatio-temporal Gaussian random fields, and
a non-spatial inter-annual effect, we estimated the relative abundance of 76 passerine
species on a regular grid, with occurrences aggregated per spatio-temporal cell used
as a proxy for sampling effort. The model showed good calibration for most species
(AUC > 0.8) and reliably captured habitat preferences and migratory status. Relative-
abundance trends in ENP were compared with relative abundance from three monitor-
ing programs: STOM (ENP), STOC (France), and MHB (Switzerland). For most species
with significant trends, model predictions aligned with survey-based trends. Forest spe-
cialists benefited most from the protected-area status, and farmland species declined
more slowly in ENP than in France. High-elevation specialists generally decreased in
both ENP and Switzerland. Discrepancies mostly arose for common species, likely re-
flecting uncorrected declines in ranger reporting rates. These results demonstrate that
high-resolution opportunistic presence-only data can provide valuable insights into bio-
logical patterns and trends while reducing reliance on external data to estimate sampling
effort.
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Introduction

Over the recent decades, Europe has experienced a significant decline in the populations of
common bird species (Inger et al., 2015), particularly those inhabiting agricultural landscapes
(Donald et al., 2001). This sharp decline in farmland bird species has led to extensive research
across various countries (Heldbjerg et al., 2018; Kamp et al., 2021; Newton, 2004; Reif et al.,
2008b; Sanderson et al., 2013; Traba and Morales, 2019; Wretenberg et al., 2006). The conclu-
sions regarding the health status of forest species in Europe are however less consistent. Gre-
gory et al.,, 2007 estimated a decline of 13% in common forest birds and 18% in specialists
from 1980 to 2003. In contrast, by considering a different indicator over the period 1980-2015,
Gregory et al., 2019 found a relative stability in common European forest bird populations. Mi-
gratory status may explain these differences, with non-migratory birds benefiting from improved
forest management and migratory species declining (Schulze et al., 2019). Habitat preferences
also play a role; species in lowland broad-leaved forests fare better than those in montane and
coniferous forests (Reif et al., 2008a). This has been confirmed by the study of Lehikoinen et
al., 2019 affirming that mountain bird species in Europe have declined by 10% due to climate
and land use changes, pushing distributions towards mountaintops (Flousek et al., 2015; Zamora
and Barea-Azcén, 2015). A recent study by Rigal et al., 2023 identified agricultural intensifica-
tion as the primary factor in the general decline of common bird abundance in Europe, especially
among invertebrate feeders, with varied responses to forest cover, urbanization, and tempera-
ture changes.

Protected areas and conservation efforts therefore play a crucial role in mitigating the de-
cline of bird populations across Europe. According to the IPBES, 2019, conservation investments
from 1996 to 2008 have resulted in an average reduction of 29% in the extinction risk for mam-
mals and birds across 109 countries. Focusing on birds across Europe, the EU’s Natura 2000
protected area network, while not preventing country-wide population declines in some threat-
ened grassland bird species (Silva et al., 2018), has been effective for bird conservation, notably
for threatened species (Duckworth and Altwegg, 2018). Studies by Barnes et al., 2023 also indi-
cate positive associations between protected areas and bird abundance, particularly benefiting
rare and declining species. Timmers et al., 2022 conducted a comprehensive meta-analysis and
demonstrated a strong association between strict protection measures (International Union for
Conservation of Nature [IUCN] categories I-1V) and higher bird occurrence in larger forest frag-
ments.

National Parks in France are part of those protected areas. A National Park is formed of two
geographic zones with different regulatory statuses: the core (regulated area) - the National Park
guarantees the protection of this area, as per its decrees, and manages all human activities car-
ried out there, in line with its management objectives - and the surrounding area (projects) - a
space designed to achieve ecological consistency and solidarity with the National Park core. In
this area, the National Park plays an advisory role and can act as a partner in projects to pre-
serve and promote the natural, historic, cultural, and landscape heritage. The Ecrins National
Park studied in this work is characterized by significant elevation changes, including multiple
peaks exceeding 4000 meters, extensive coniferous forests (particularly larch), and numerous
alpine pastures. The park is responsible for multiple biodiversity monitoring programs within its
territory (Bunz, 2022), which have led to extensive synthesis and research works (Noél et al.,
2023).
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In addition to data from monitoring programs, the Ecrins National Park maintains a large
dataset of presence-only records collected opportunistically by rangers. The primary use of these
datais to ensure ecological surveillance at high spatio-temporal resolution and to serve as a basis
for knowledge-sharing within the context of development projects. Using these data in statis-
tical modeling presents a challenge due to sampling heterogeneity, which concerns the spatial
and temporal dimensions, and between species and observers because of their opportunistic
nature (Van Strien et al., 2013). This sampling heterogeneity translates into biases in species dis-
tribution models that do not account for it. In this study, we propose to harness this extensive
dataset for modeling species habitat preferences, classifying species migratory status, and study-
ing time variations in relative abundance. Here, relative abundance is defined as the ratio of the
abundance of a species divided by the cumulated abundance of a pool of species constituting
the so-called target group of species. Under reasonable assumptions on the sampling behavior
of observers, such relative quantities can be estimated without bias.

Various estimation frameworks and algorithms exist for constructing species distribution
models and calibrating their parameters from presence-only data. Widely used methods include
Maxent, based on the maximum-entropy principle (Phillips et al., 2006), and various statistical
regression modeling frameworks (Valavi et al., 2022). These methods are often based on point-
process representations of data (Renner et al., 2015; Warton and Shepherd, 2010), where each
observed occurrence of a species is viewed as a point in a cloud of points located in space and
time. In this context, models such as Maxent and logistic regression are equivalent to special
cases of the point-process setting (Fithian and Hastie, 2013; Renner and Warton, 2013). Other
methods have been developed to estimate temporal trends from presence-only data. An early
approach by Telfer et al., 2002 uses logit-transformed proportions of occupied grid cells across
two time periods to calculate indices of relative range change. More recently, Kéry et al., 2010
and Van Strien et al., 2013 apply site-occupancy models on presence-only data: the former ne-
cessitates that all observed species are recorded, while the latter assumes to correct for both
observation and reporting biases by correcting detection bias (Van Strien et al., 2013). Several
studies have also focused on correcting sampling effort from opportunistic data, such as the
Frescalo method, which uses the proportion of recorded common species (Hill, 2012), or ap-
proaches based on counts of selected species groups (Botella et al., 2020). While these methods
may still be influenced by variation in recorder activity, Isaac et al., 2014 recommends them over
simpler filtering-based approaches, emphasizing the importance of explicitly accounting for sam-
pling heterogeneity when estimating trends from presence-only data. Due to uncertainty in the
reported positions within the Ecrins National Park dataset, we implement a simplified version of
point-process models by aggregating occurrences into spatio-temporal cells. This leads to the
use of a generalized additive regression model designed to simultaneously infer species’ ecolog-
ical niches and temporal trends using opportunistic presence-only data.

Models including random effects are often used to capture the complex spatio-temporal
structures in data and ecological processes, thus allowing for an accurate assessment of vari-
ous sources of uncertainty. This has led to the widespread adoption of Bayesian inference tech-
niques such as Markov Chain Monte Carlo (MCMC, (Gilks et al., 1995; Link et al., 2002)) or In-
tegrated Nested Laplace Approximations (INLA, lllian et al., 2013). We apply the INLA approach
to perform complex Bayesian spatio-temporal inferences with relatively large datasets by com-
bining generalized additive regression models with the Stochastic Partial Differential Equation

Peer Community Journal, Vol. 6 (2026), article e52 https://doi.org/10.24072/pcjournal 731


https://doi.org/10.24072/pcjournal.731

4 Florian Lasgorceux et al.

(SPDE) approach, the latter used to represent spatial random effects (Lindgren et al., 2011). The
construction and estimation of complex spatio-temporal ecological models are still recent devel-
opments (Belmont et al., 2024; Soriano-Redondo et al., 2019), and as far as we know, our study
represents the first attempt to evaluate management policies of protected areas using solely
opportunistic presence-only data for this type of model.

Materials and methods

Data

Passerines presence-only data. The dataset comprises 102,513 opportunistically reported events
of passerine detections between 1994 and 2021, recorded by rangers of the Ecrins National Park
with professional training in naturalistic expertise. We chose to focus our study on the Passeri-
formes because it is a taxon generally well known by all rangers, ensuring consistent reporting
rates, unlike more specific taxa. Furthermore, we have excluded three species - Common Raven
(Corvus corax), Red-billed Chough (Pyrrhocorax pyrrhocorax), and Alpine Chough (Pyrrhocorax grac-
ulus) - due to the high uncertainty associated with their reported positions compared to the rest
of the passerines. We narrowed the temporal window to the 1994-2021 period to ensure a
minimum of 2000 reported events per year (Appendix A, Lasgorceux et al., 2026c¢).

The data were collected opportunistically, by sight and/or ear, without a predefined survey
methodology. Each row of the dataset contains a position, a date, the name of the reported
species, the ID of the observer(s), and the number of individuals. However, we choose not to
consider the number of individuals because it can vary greatly due to species behavior, particu-
larly in gregarious species, and differences in observers’ methods since some observers report
species abundance, while others only note presence (see the eBird example in Horns et al., 2018).
Thus, we consider one reported event as the presence of at least one reported individual.

Based on interviews with various rangers, we have gained insight that the reported posi-
tion could be i) an approximation of the reported individuals’ position at detection time, ii) the
observer’s position at detection time, or iii) another, different position where the observer gath-
ered several occurrences before adding them jointly to the data records. Though, when multiple
occurrences are gathered at a station position, rangers ensure that the environment is consistent
between the station position and the birds’ individual position at detection time and that the dis-
tance between these two positions does not exceed 250m. This distance of 250m is obtained
by considering at most 100m for the difference between the positions of the detected individ-
ual(s) and the observer by sound recognition (Haupert et al., 2023), plus an additional 150m for
the distance between the position at detection time and the station position. To account for
this uncertainty surrounding the reported position, we aggregated the data by assigning each
reported position to the center of a regular spatial grid with 500m resolution covering the Ecrins
National Park. We excluded boundary cells with an area smaller than 25m?, which corresponds
to the resolution of the environmental covariates we use for characterizing the spatial habitat
preferences. This discretization results in dividing the Ecrins National Park domain into 11,260
spatial cells.

Our objective is not only to infer species habitat preferences but also to analyze temporal
trends in relative abundance. Therefore, we divided the 28 years of data into seven periods of
4 years each to capture long-term changes between such periods. Additionally, in order to take
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into account that some studied species are migratory, we further subdivided the data tempo-
rally by month to investigate intra-annual variations. This spatio-temporal discretization scheme
results in a total of 7x12x11,260 = 945,840 spatio-temporal cells.

Passerine population trends. To compare our results with local and national trends in relative abun-
dance variations from other sources, we used three additional datasets: the French Breeding Bird
Survey (STOC program, 2001-2019) (Fontaine et al., 2020; Jiguet et al., 2012); the Mountain
Bird Monitoring Survey in Ecrins National Park (STOM program, 2015-2024) (Chiffard, 2024);
the Swiss Monitoring of Common Breeding Birds (MHB program, 1990-2024) (Strebel et al.,
2024). The STOC and MHB datasets provide long-term percentage changes in the abundance
of common bird species in France and Switzerland, respectively. For the STOM dataset in Ecrins
National Park, due to the limited sample size, we estimated long-term abundance trends using a
Poisson generalized linear model with a log link and year as the covariate. Comparing trends de-
rived from opportunistic data with standardized survey data can serve various purposes, such as
assessing the consistency of model assumptions, comparing local indicators within a protected
area to regional and national indicators, and providing insights into space-time population trends
for species specialized in mountainous habitats, for which surveys are quite limited in terms of
spatio-temporal coverage.

Environmental Data. The Ecrins National Park is a high-mountain park where the terrain struc-
ture plays a predominant role in the ecosystems. We utilized the Digital Elevation Model data
from RGE (IGN, 2018) to extract the elevation (McVicar and Kérner, 2013) on a 5m regular grid.
Subsequently, we calculated the slope at the same resolution using the ‘terrain’ function from
the R package terra (Hijmans, 2024). Ultimately, we derived two spatial covariates: the mean
elevation and the mean slope values per spatial cell at 500m resolution.

Regarding land cover and land use data, we make use of the OSO dataset (Inglada et al., 2018).
Originally at a resolution of 10/20m, we applied the nearest neighbor strategy to downscale the
values to a 5m resolution, for alignment with the RGE data resolution. To avoid statistical issues
due to uncommon land cover and land use types in the Ecrins National Park, we aggregated
data towards 10 representative categories: Urban, Crops, Meadows, Deciduous forest, Conif-
erous forest, Grasslands, Woody Heaths, Mineral Surfaces, Glaciers and snow, and Water (see
Appendix B in Lasgorceux et al., 2026c for further details). We then calculated the percentage
of coverage of each category in each spatial cell at 500m resolution.

We also used the Historical Monthly Weather Data from WorldClim (CRU-TS 4.06 (Harris
et al., 2020) downscaled with WorldClim 2.1 (Fick and Hijmans, 2017)) at 2.5 minutes spatial
resolution (roughly 5km) between the years 1994 and 2021. The available variables were aver-
age maximum temperature (°C) and total precipitation (mm). We extracted the corresponding
values in each spatial cell, for each month, and each year. Since the inter-annual resolution of
our spatio-temporal cells consists of periods of 4 years, we computed the mean of the extracted
values of the 4 corresponding years for a given spatial cell and a given month.

Preprocessing of model covariates. Elevation shows strong variability in the Ecrins National Park
with certain climate and land cover configurations arising predominantly within specific eleva-
tion ranges. As a result, both land cover and climatic variables are correlated.

Hence, we began by decomposing the climatic variables into their spatial means and spatio-
temporal anomalies with respect to those means. We then performed a Principal Component
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Analysis (PCA, JanZekovi¢ and Novak, 2012) using the R package ade4 (Dray and Dufour, 2007).
The input variables were: the mean elevation, the mean slope, the percentages of coverage com-
puted for each of the ten representative categories derived from the OSO classification, as well
as the spatial means of average maximum temperature and total precipitation. The first six axes
of the PCA, accounting for 75% of the information, allow for useful interpretation and have
therefore been incorporated into the species distribution models (see Appendix C in Lasgorceux
et al., 2026c for details). The first principal component axis explains a significant 31.1% of the
variation in habitat types, primarily driven by high-elevation environments. The second axis is
characterized by vegetation at medium to high elevations, particularly in coniferous forests, es-
pecially in steep areas. The third axis is influenced by grasslands, and the fourth axis is primarily
driven by wetlands and glaciers. However, since we observe a significant predominance of bird
occurrences in “water” habitats within urbanized valleys (Figure 14 in Appendix C, Lasgorceux et
al., 2026c) compared to “glaciers and snow” habitats (751 occurrences versus 80), we interpret
the fourth axis as “urban wetlands”. The interpretation of the fifth axis is also associated with
high-elevation vegetation, as it is primarily driven by dense, low-growing shrubs and small trees;
henceforth, we will refer to these environments as “woody heaths”. The sixth axis is driven by
low-elevation deciduous forests.

This approach results in the implementation of eight covariates in our statistical model: six
spatial covariates from the PCA analysis, and two spatio-temporal covariates defined as the
anomalies of average maximum temperature and anomalies of total precipitation.

Statistical modeling

We used the framework of Bayesian hierarchical models (Wikle, 2003) and applied the same
model structure to each species with more than 100 occurrences over the period from 1994
to 2021, excluding Bombycilla garrulus for which 90% of its 146 occurrences were reported in
2005, due to a brief invasion event of this species within the Ecrins National Park that year. This
resulted in a total of 76 species being analyzed.

Data model. We denote by s a spatial cell, by m a month, and by p a temporal period of 4 years,
with the triplet (s, m, p) representing the corresponding space-time cell. The response variable,
denoted as Y;(s, m, p), is the number of occurrences of species i reported for that cell in the op-
portunistic presence-only dataset. We model Y;(s, m, p) with a hierarchical generalized additive
mixed model (Knape, 2016; Pedersen et al., 2019) using a Poisson response distribution:

(1) Yi(s. m, p) | (s, m, p) ~ Poisson(ui(s. m, p)),

where (s, m, p) is the average number of reported occurrences of species i in the cell (s, m, p).

We assume that p;(s, m, p) is obtained through the combination of two factors: (i) the abun-
dance of species i in the cell (s, m, p), denoted by A;(s, m, p), and (ii) the sampling effort in cell
(s, m, p) for species i, denoted by E;(s, m, p), which we assume to both act in a multiplicative
way on p;(s, m, p) (Giraud et al., 2016). These relationships lead us to formulate the following
equation:

(2) pi(s, m, p) = Ni(s, m, p) x Ej(s, m, p)

Sampling effort. A major challenge is now to quantify or eliminate the term representing the
sampling effort. Within our spatio-temporal discretized framework, the first step is to obtain
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information about where and when no observations occurred. This helps distinguish between
cells with zero occurrences due to the absence of observer presence and those with zero oc-
currences due to the absence of the species. The strategy involves utilizing the extensive op-
portunistic presence-only dataset, using reported occurrences of certain species as indicators
of observer presence, as proposed by Botella et al., 2020. However, we have to assume that,
for any given species, the reporting rate (i.e. the probability of detection and reporting) is con-
stant across observers and does not vary between species. This explains one of our reasons to
primarily restrict our study to passerines (see the subsection Passerine data). Following existing
literature, we refer to this set of chosen species with homogeneous sampling conditions as the
target group (TG) of species. Therefore, we denote the sampling effort term as E instead of E;,
and we write A1¢(s, m, p) for the cumulative abundance of all species in the target group in cell
(s, m, p). We can then reformulate the average number of occurrences in terms of the ratio of
the abundance of species / to the cumulative abundance of the target group, and the product of
the sampling effort with the cumulative abundance of the target group (Equation 4):

3) pi(s, m, p) = Ai(s, m, p) x E(s, m, p)

(4) Ai(s. m, ”)) % A6 (s, m, p)E(s, m, p).

"~ Arg(s,m,p

To statistically identify the first factor that indicates the abundance of species i relative to
the cumulative abundance of the target group of species - hereafter referred to as relative abun-
dance - we need a proxy for the second term Ar¢(s, m, p)E(s, m, p). The most natural approach
is to use the number of target-group reported occurrences, denoted as yr¢(s, m, p). We chose
to include all passerine species in our target group of species. This choice is supported by the
results of the algorithm adapted from Botella et al., 2020, which excluded only four species
that were observed just once. We kept only the cells with at least one target-group occurrence,
reducing the number of studied cells to 32,486.

Relative abundance. Employing a spatio-temporal distribution model enables the implementa-
tion of various spatio-temporally structured latent fixed or random effects within the linear struc-
ture that we will assume for the predictor log(ui(s, m, p)). We opted to use only one generic
model for each of the 76 species to automate model fitting and facilitate inter-species compar-
isons. In Poisson models, it is common practice to represent the Poisson intensity, denoted here
as pi(s, m, p), using a log-link function to ensure that (s, m, p) remains positive. Focusing on
the parameter of interest, the relative abundance %, we constructed our linear regressor
by incorporating the proxy of the sampling effort, y1¢(s, m, p), as a fixed offset (Equation 5).

By studying the abundance of a passerine species compared to all others, we compare species
with different biological characteristics, such as habitats and migratory status, which need to be
taken into account in the linear regression. We therefore allowed for a linear effect of the spatial
covariates X(P¢4)(s) (PCA components) and the spatio-temporal covariates X(2nomalies) (s m, p)
(anomalies of climatic covariates) to estimate habitat preferences of species i, relative to other
passerines. We denoted «; as the intercept. The term Vl/,-(m)(s), m = 1,...,12, represents a
monthly latent spatio-temporal Gaussian field. Concretely, this field aims to model intra-annual
spatial variations not captured by the covariates, typically variations in relative abundance due
to the migration of certain passerines within the territory of the Ecrins National Park. Lastly, we
denote by f;(p) a non-spatialized inter-annual effect, aiming to capture the variations in relative
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abundance across each period p of 4 years.

Ni(s, m,
(5) log(ui(s, m, p)) = log(yrc(s, m, p)) + log (M)
(©) — log(yra(s, m, p)) + i + XA (s)8; 4+ Xmm219) (5, m, p)ry; + W,™(s) + i(p).

Statistical inference. We employed the R-INLA package for the statistical inference of our models
(Rue et al., 2009). INLA is a fast but accurate estimation method based on deterministic Laplace
approximations - by contrast with approaches based on stochastic simulation, such as MCMC -
and requires that the latent layer (log(u;(s, m, p)) in our model) follows a multivariate Gaussian
distribution, possibly in very high dimension, as with our space-time fields. In this setting, INLA
enables the implementation of a wide range of Gaussian random effects, including spatial fields
implemented through the SPDE approach, which provides a numerically convenient representa-
tion of the Matérn covariance function used routinely in spatial statistics (Lindgren et al., 2011),
and of priors for hyperparameters such as variances or correlation ranges. In Appendix D, we
precisely describe the prior distributions of all parts of log(ui(s, m, p)), i.e., the structure of the
model components before updating them with information from observation data to obtain their
posterior distributions (Lasgorceux et al., 2026c).

Model evaluation and post-processing

The model introduced above is quite comprehensive, allowing for a thorough examination and
comparison of its results on a species-by-species basis. In the following sections, we describe
the post-processing approach to synthesizing this information. We address questions pertain-
ing to the model’s evaluation and also delve into the three components of the linear predictor
(Equation 6): those concerning the fixed effects - specifically, habitat preferences compared to
the target group denoted by 3; and ~;; the spatial intra-annual component, characterized by
the month-dependent Gaussian field Wi(m), which is associated with migratory status; and the
inter-annual component, represented by the random i.i.d. Gaussian effect f;(p), which captures
long-term trends in relative abundance.

Computational cost. For each species, the model comprises 32,486 space-time cells with obser-
vations and a total of 7,676 latent variables to estimate across the prediction cells. We conducted
analyses using the R programming language (R Core Team, 2024) and utilized version 24.02.09
of R-INLA (Rue et al., 2009), leveraging the PARDISO 8.2 library to accelerate computations
(Eftekhari et al., 2021; Gaedke-Merzhauser et al., 2023; Pasadakis et al., 2023). This configura-
tion yields computation times averaging around one minute for each model fit on a standard
workstation with 2.80GHz processor.

Model evaluation using AUC. We evaluated whether our model effectively extracted meaning-
ful insights from the opportunistic presence-only data by comparing its predictive performance
against a baseline that considered only the sampling effort proxy, i.e., the target-group occur-
rences as an offset. We focus on the prediction of the binary event of the reported presence or
non-reported presence of a species in a given cell and month and compute the Area-Under-the-
Curve (AUC, Fawcett, 2006; Huang and Ling, 2005) (where the curve is the so-called Receiver
Operating Characteristic curve) to obtain a simple scalar prediction score for each species, where
we compare results for two predictors: (i) only the sampling effort proxy offset, and (ii) the full
linear predictor (Equation 6).
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Next, we assessed the model’s generalization skill for predicting new data using either fully
random k-fold, or spatial, or temporal cross-validation scenarios. In k-fold cross-validation, the
dataset is divided into k equal parts, with one part used for evaluation while the rest is used
for training (Jung, 2018). This approach yields k + 1 AUC scores per species: k scores from pre-
dicting each part separately, and one from predicting the entire dataset. We selected kK = 10 to
ensure comparability with temporal and spatial scenarios, where the training data represented
between 3.9% and 13.7% of the total volume. This choice aimed to maintain consistency in the
qguantity of test data across scenarios, ensuring equitable evaluation conditions. In the spatial
scenario, we assessed model robustness by alternately removing all spatio-temporal cells within
a given municipality of the Ecrins National Park. Seven municipalities were selected based on
geographic zones and data availability, resulting in seven AUC scores per species. For the tem-
poral scenario, we alternately randomly removed half of the data for a given period, resulting in
seven AUC scores per species. Further details on the size of the training datasets are given in
Appendix E in Lasgorceux et al., 2026c.

Model evaluation using reliability plots. While AUC values computed under cross-validation pro-
vide an assessment of model generalization and potential overfitting by comparing only the ranks
of prediction values in comparison to observations, we also compute reliability plots to obtain a
more informative evaluation of predictive performance and potential prediction biases (Brocker
and Smith, 2007). Reliability plots compare the predicted mean intensity with the observed mean
occurrence per cell by using appropriate aggregation schemes to form groups of cells. Ideally,
points should align along the diagonal line in such plots, indicating good calibration. To further
investigate model performance, we stratified the cells according to three factors: (i) elevation,
to assess performance across the altitudinal gradient; (ii) predicted intensity, to evaluate accu-
racy across the full range of low to high predictions; and (iii) the number of species records in
the target group, to examine the influence of sampling effort on predictive accuracy. Cells were
stratified into 10 groups for each factor (elevation, intensity, and sampling effort), using quantiles
or iso-intensity bins as appropriate.

Fixed effects. We estimated the a posteriori distribution of coefficients 3; and ~; separately for
each species i (Equation 6). The posterior mean of each parameter and its sign quantify the im-
portance of the covariates in explaining occurrences of species i relative to the occurrences of
all the passerines taken together. The credibility interval of each parameter helps determine how
strongly the corresponding covariate influences the species in comparison to the whole pool of
species; if the interval does not contain zero, we can consider the covariate as being “signifi-
cant” (by analogy with the frequentist notion of significance). To synthesize the estimated mean
coefficients and assess parameter similarities across species occupying comparable ecological
habitats, we conducted Principal Component Analysis (PCA) on estimated parameters, followed
by species clustering based on the estimated mean effects. This clustering was performed using a
hierarchical agglomerative clustering (HAC) algorithm implemented through the hclust function,
employing the ward.D2 method (Murtagh and Legendre, 2014).

Month-based spatio-temporal Gaussian field. The month-based spatio-temporal Gaussian field
W,-(m) adds flexibility to the model but is challenging to summarize graphically since we have
12 maps per species. Therefore, we opted for reducing dimensionality by spatially averaging
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each field. For each species, this yields a curve of 12 points depicting the intra-annual varia-
tions in occurrences relative to the target group. Instead of plotting all 76 curves on a single
graph, we conducted a Functional Principal Component Analysis (FPCA, Ramsay and Silverman,
2005). In our case, FPCA decomposes the intra-annual mean effect of a given species into (i) the
mean intra-annual effect across all species plus (ii) the remaining signal represented by scores
associated with empirically identified harmonics. In a functional principal component analysis,
harmonics represent the most significant modes of variation in the observed functions. These
harmonics are akin to principal components in traditional PCA but are applied to functions rather
than conventional variables, where the difference is that functions are represented as vectors
with a very large number of components (larger than the sample size of functions), and typically
show correlation for components at near positions within the vector. We utilized the fda package
to conduct these analyses (Ramsay et al., 2009).

Inter-annual effects. We introduced an inter-annual effect f;(p) for each 4-year period p in the
linear predictor (Equation 6) to describe how the relative abundance of species i changes over
time, and to compare these changes with standardized survey trends (STOC, STOM, MHB). Using
INLA, we obtained a posterior distribution for f;(p) in each 4-year period and assumed that the
relative abundance of species i is constant within that period. To recover a temporal trend rate
at the yearly scale from these coarse 4-year estimates, we fitted a linear regression to obtain
predictions f(y) of f;(y), the inter-annual effect for the given year y and species i. Note that we
generated 1000 posterior realizations of f;(p) to propagate uncertainty towards ?,-(y). Because
our temporal effect estimates ?,-(y) measure changes in each species relative to the target group
rather than in absolute terms, they must be interpreted with caution, as they reflect deviations
from the overall community trend and not the species’ standalone population change.

To compare our model-based trends with standardized surveys, we used the species-specific
percentage changes reported by each survey k € {STOC, MHB} between years y; and y», de-
noted t,.(k)(yl, y2) (in %). On the log scale used in our model, this percentage change corresponds

(K)
to Iog(t’%lo'm + 1), which is the change in the log abundance index for species i over the

period [yi, y»] in survey k. Survey reports provide these trends for individual species but not
for the target group as a whole. To obtain an approximate survey-based target-group trend, we
therefore computed a weighted average of the species-specific percentage changes:

(ENP)
tr(y1. v2) ZWJ ), wi= ~TENFY
n

TG

where nj(.ENP) is the number of detections of species j in the Ecrins National Park and n(TEé\'P) is

the total number of detections for the whole target group. On the log scale, the correspond-

A0
M + 1 ). We then express

ing change for the survey target group is approximated by log
survey based trends relative to the survey target group by subtractlng these two log-changes,

)
Iog( (1.2) + 1) — Iog(tmi&’m + 1), and compare this quantity to the corresponding model-

100
based difference 7(y») — fi(y1).

For STOM, we have access to the observation data, and temporal trends t,.(STOM)(2015, 2024)
were estimated on the log scale using a Generalized Linear Model with Poisson response fitted to
annual counts. Then, the target-group trend t(STOM)(2015 2024) was computed using the same
weighting scheme, and we compared t(STOM)(2015 2024) — (STOM)(2015, 2024) with 7(2024) —
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A

f;(2015). A STOM trend was considered significant when the p-value associated with the year
covariate was below 0.05.

Results

Model evaluation using AUC

Figure 1 displays the boxplots of AUC values computed species-by-species as described in sub-
section Materials and methods - Model evaluation and post-processing - Model evaluation using
AUC. There is a clear improvement in AUC when using the full linear predictor compared to using
only the sampling-effort proxy as offset. This confirms that sampling methods do not solely con-
strain opportunistic presence-only data, and valuable information can be extracted from data.

The AUC values of models under cross-validation (with one value for each hold-out dataset)
are typically slightly lower than those without cross-validation. This is expected due to the re-
duction in training data and the more challenging prediction setting with new data not used
during training. Despite this slight decrease, the AUC values generally stay high, with approxi-
mately 75% of values above 0.8 across all scenarios. Consequently, the model demonstrates a
very good fit to the data, except for two species: Cinclus cinclus and Motacilla cinerea, which are
consistent outliers in all scenarios. These two species with poor AUC values relative to others
are stream specialist species, for which covariates do not capture the habitat well, so we have
excluded them from further analysis.

Model evaluation using reliability plots

Figure 2 presents the reliability plot for cells stratified by elevation. Predicted and observed oc-
currences align closely with the diagonal axis for most groups, except at very high elevations
(group 9), where occurrences are often overestimated. This pattern indicates insufficient penal-
ization of the elevation PCA covariate, suggesting that a random or spline effect may be more
appropriate. As group 9 accounts for only 10% of the cells, the model nevertheless remains well
calibrated along most of the altitudinal gradient.

Figures 15 and 16 (Appendix F) show similar reliability analyses. In the iso-intensity stratifica-
tion (Figure 15), points remain near the diagonal axis, but dispersion increases in higher groups
due to smaller sample sizes and greater prediction variance. An analogous effect is observed in
the target-group stratification (Figure 16), where higher-record groups exhibit greater variability.

Fixed effects

The mean estimated effects of each covariate and their significance are detailed in Tables 6-8 in
Appendix G (Lasgorceux et al., 2026c). To summarize the information on spatial covariates, we
provide a classification into three clusters based on Principal Component Analysis conducted on
the estimated mean coefficients for each spatial covariate (see subsection ‘Materials and Methods
- Model evaluation and post-processing - Fixed Effects’). We did not include any species with less
than two significant covariates since we consider that the model does not provide enough infor-
mation on them. These species are generally those with very few occurrences, as 10 out of these
11 species have fewer than 551 occurrences over the 28 years of data, where the value 551 is
below the 25th-percentile of per-species occurrence numbers. The list of removed species is
given in Table 9 in Appendix G (Lasgorceux et al., 2026c). The PCA reveals two principal axes ex-
plaining 62.2% of the classification: the first axis distinguishes vegetated habitat (coniferous and
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Figure 1 - AUC values calculated for various linear-predictor and cross-validation scenar-
ios. Boxplots summarize the set of AUC values for all species, and in the case of cross-
validation for each combination of species and hold-out dataset. Notations are as follows:
“Offset” - model where the linear predictor contains only the offset; “Linear predictor” -
model with full linear predictor; “K-folds” - model fitted by randomly removing 10% of
the cells, ten times; “Concatenation of K-folds” - AUC values computed by concatenating
the predictions of the K-folds scenarios; “Temporal” - model fitted by randomly removing
half of the data in a given time period, for each time period; “Spatial” - model fitted by
removing all of the data which occurred in a given municipality, for seven municipalities.
The species with multiple outlier AUC values in “K-folds”, “Temporal” and “Spatial” sce-
narios are only noted once. Details on the four cross-validation scenarios (where models
always have the full linear predictor) can be found in the Materials and Methods - Model
evaluation and post-processing - Model evaluation using AUC' subsection.

deciduous forests VS urban wetlands), while the second axis highlights an altitudinal gradient.
The three clusters are presented in Figure 3. We interpret them as follows. Cluster 1: Species
mostly found in closed habitats such as coniferous and deciduous forests (19 species-green);
Cluster 2: Species mostly found in high-elevation environments (7 species-orange); Cluster 3:
Species mostly found in open habitats and valleys (37 species-violet). These results are coher-
ent when comparing a map of elevation with a map of clusters with the highest occurrences on a
500m x 500m regular grid in the Ecrins National Park (see Figure 17 in Appendix G in Lasgorceux
et al., 2026¢).

The ellipse associated with forest species represents an altitudinal gradient, with species
found in low-elevation forests (e.g. Pyrrhula pyrrhula), to medium (e.g. Anthus trivialis) and high-
elevation forests (e.g. Turdus torquatus). We also observe this altitudinal gradient in the cluster
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Model evaluation: observed vs. predicted occurrences per elevation cell group
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Figure 2 - Reliability plot stratified by elevation. Each point represents observed vs. pre-
dicted occurrences for a given species within an elevation class. Cells were ranked by
the altitudinal gradient and then grouped into ten groups containing an equal number of
cells.

associated with species from open habitats and valleys, with rocky habitat species such as Ti-
chodroma muraria and Phoenicurus ochruros, at the boundary of the high-elevation species clus-
ter. The cluster associated with species specialized to high-elevation habitats is smaller but well-
defined, with typical species such as Prunella collaris and Montifringilla nivalis.

To compare the contribution of spatio-temporal covariates with spatial ones in the linear pre-
dictor, we computed the percentage of explained variance for each covariate with respect to
the overall variance of the linear part (a; + X(PA) () 8; + X(anomalies) (s 'y p)~;) for each species.
The results are presented in Figure 4. Our analysis revealed that, for most species, PCA Axis 1,
interpreted as being related to high-elevation environments, explains the majority of the vari-
ance (Median=54%). Axis 2 and 3, interpreted as environments with medium to high elevation
vegetation and grasslands, respectively, explain a substantial portion of the variance for about
twenty species (Q3=27% and 15%).

Regarding spatio-temporal covariates, precipitation anomalies had the smallest percentage
of explained variance, with a median below 10~°%. This is further supported by only 12 out of 76
species showing a significant parameter associated with precipitation anomalies. Similarly, the ex-
plained variance for maximum temperature anomalies is low for most species (Median < 1073%);
however, 45 species showed a significant parameter. It notably explained a significant amount
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Figure 3 - Classification of 63 species in three clusters based on the estimated mean ef-
fects of spatial covariates. A Principal Component Analysis was conducted on the species
with at least two credibility intervals that do not include 0. The two main axes explain
62.2% of the variance. Cluster 1: Species mostly found in closed habitats such as conif-
erous and deciduous forests (green); Cluster 2: Species mostly found in high-elevation
environments (orange); Cluster 3: Species mostly found in open habitats and valleys (vi-
olet).

of information for five species: Coccothraustes coccothraustes, Fringilla montifringilla, Lanius col-
lurio, Spinus spinus, and Turdus pilaris. These results align with the ecological characteristics of
these species, confirming that the model effectively correlates temperature anomalies with the
presence of thermophilic and cold-resistant species.

Intra-annual effect

The first two extracted harmonics capture a significant portion of the intra-annual variability,
explaining 83% of the variance. The primary harmonic shows a stronger positive effect in win-
ter months compared to summer months, while the second harmonic has a positive effect in
spring and summer and a negative effect in winter (see Figure 18 in Appendix H in Lasgorceux
et al., 2026c). Thus, species with positive scores on the first harmonic, referred to as the win-
ter harmonic, are predominantly overrepresented in winter. Conversely, species with positive
scores on the second harmonic, now termed the warm months harmonic, are more likely to be
overrepresented in spring and summer, suggesting a potential link with migratory status.
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Figure 4 - Percentage of explained variance of each covariate for 74 species. The co-
variates include six spatial factors derived from PCA analysis and two spatio-temporal
climatic factors. The interpretation of the PCA axes is detailed in the ‘Materials and Meth-
ods - Data - Preprocessing of model covariates’ subsection. Covariate boxplots are ordered
by their median values.

Figure 5 displays the harmonic scores for each species, categorized by migratory status within
the territory of the Ecrins National Park, as provided by experts from the park. This analysis con-
firms that species overrepresented in winter are mainly sedentary, while those overrepresented
in warm months are migratory. Detailed scores for each species are provided in Table 10 in
Appendix H (Lasgorceux et al., 2026c). These harmonics effectively distinguish between seden-
tary and migratory species in the Ecrins National Park, affirming that the month-based spatio-
temporal Gaussian field VV,-('")
not explained by physical covariates across the territory.

accurately accounts for spatial and intra-annual species variations

Illustrations of W,-(m) for each species i and each month m, through PDF and interactive
Leaflet maps, are available in the Data, Scripts, and Code section (Lasgorceux et al., 2026a). An
inspection of these maps reveals several interpretable patterns. For certain species, a clear sea-
sonal signal emerges that reflects migratory behaviour (e.g. Phylloscopus collybita), consistent
with the FPCA results, while for others, the signal appears more related to observation effort
and accessibility. Areas with easier access or better observation conditions tend to stand out
consistently across months, such as the north-eastern part of the Park around the Lautaret road
(e.g. Turdus merula, Erithacus rubecula in October). However, these maps do not clearly capture
the altitudinal movements within the Park for certain species such as Prunella collaris, Monticola
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Figure 5 - Distribution of species scores on the two dominant FPCA harmonics of the
month-based spatio-temporal Gaussian field W,.(’”). The first harmonic (winter compo-
nent) is shown for resident species; the second (warm months component) for breeding
migratory species, based on expert classifications from Ecrins National Park. The two
harmonics account for 83% of the total variance. The red line marks a score of zero.

saxatilis, or Phoenicurus ochruros. Some artefacts are harder to explain, such as anomalies for
species such as Alauda arvensis and Cinclus cinclus.

Inter-annual effect

The estimated percentage variations in relative abundance in the Ecrins National Park between
1994 and 2021, based on 1000 a posteriori samples, are illustrated in Figure 6. Species associ-
ated with the high-elevation habitats cluster (7 species, Figure 3) exhibit an average decline of
—15.1% in relative abundance during 1994-2021. This is mainly due to the strong decrease of
four species: Monticola saxatilis (—51.2%), Anthus spinoletta (—22.5%), Prunella collaris (—16.6%)
and Montifringilla nivalis (—15.7%). Conversely, species affiliated with the forest cluster (19
species) experienced a growth of 8.3% over the same period by removing the outlier trend of
species Regulus ignicapilla (+220%). Figure 6 shows that 8 out of the 19 forest species exhibited
a positive trend while only 2 of them showed a negative trend based on the 90% credibility
interval. Species linked to the valleys cluster (37 species) experienced an average decrease of
—1.2% in relative abundance.
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Figure 6 - lllustration of the estimated median percentage variations in relative abun-
dance and credibility intervals for 74 retained species in the Ecrins National Park span-
ning the period 1994-2021. Trends are derived from 1000 samples of the a posteriori dis-
tribution of the inter-annual effect exp(f;(p)). Details can be found in the ‘Materials and
Methods - Model evaluation and post-processing - Inter-annual effects’ subsection. Credibil-
ity intervals shown in red (respectively blue) correspond to intervals below (respectively
above) zero, while yellow intervals include zero. Species names are color-coded according
to their cluster affiliation in Figure 3. Species with fewer than two significant covariates
were not classified and are shown in black.

Trend comparison with other datasets

To assess the robustness of our modelling approach, we restricted our comparison to species
with significant trends in the different datasets. For STOM, only two species show significant
trends in both STOM-based models and the Ecrins National Park (ENP) opportunistic data:
Phoenicurus ochruros and Prunella collaris. Trends were consistent for P. collaris (decline in both
datasets), whereas P. ochruros increased in ENP but declined in the survey-based datasets; this
particular case is discussed further below.

Table 1 summarizes the sign of significant trends for ENP vs. STOC and ENP vs. MHB,
grouped by main habitat (see also Appendix | for the details of the contingency tables). Overall,
about two-thirds of the species lie on the diagonal (i.e., the same sign of trend in ENP and in the
corresponding survey), indicating a substantial agreement in the direction of change when trends
are significant. Below, we highlight only the main patterns by habitat rather than discussing each
species individually.
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All four alpine species considered in MHB show declining trends in both ENP and MHB, sup-
porting a consistent signal of decline in high-elevation specialists. These species are not moni-
tored by STOC.

For forest birds, agreement between ENP and national surveys is moderate. About half of
the species with significant trends show the same sign in ENP and MHB, and the correlation
between corrected trends is positive. Discrepancies mainly involve very common species (e.g.
Parus major, Turdus merula) that increase in MHB but appear to decline in ENP. Because these
species are widespread and abundant, such mismatches are likely driven by changes in reporting
behaviour in the opportunistic data that are not fully captured by our sampling-effort proxy. For
species with significant trends in both ENP and STOC, most show a more favourable trend in
ENP than in STOC, which is consistent with a protective effect of the national park.

For farmland birds, trends in ENP and in the MHB and STOC surveys generally point in the
same direction: four of the five species with significant trends share the same sign in the surveys.
The only exception is Corvus corone, which increases in MHB but decreases in ENP; as a very
common species, this mismatch is likely explained by a decline in reporting rates in the oppor-
tunistic ENP data rather than by a genuine local decline. The protected-area effect is particularly
clear for Emberiza hortulana, which still occurs but declines in ENP, whereas it is already extinct
as a breeding species in Switzerland; we therefore excluded this species from the correlation
analysis with MHB.

Species associated with settlements were only represented by Passer domesticus, which
shows a clear decline in all datasets, with a steeper decrease in ENP than in STOC or MHB.
The stronger ENP decline is again likely amplified by a reduction in reporting rates over time in
opportunistic data, although all sources agree on the overall negative trend.

Generalists show the highest rate of disagreement between ENP and national surveys. The
most striking case is Phoenicurus ochruros, which increases in ENP but declines in STOC, STOM
and MHB. In the ENP, the mean elevation of records for this species increases over time, espe-
cially during summer months (approximately +250 m over 25 years) compared to winter months
(approximately +100 m over 25 years) (Figure 19, Appendix J), suggesting an upward shift of
its elevational range. However, this alone cannot explain the negative trend observed in STOM,
where sampling is concentrated around 2000 m. A plausible complementary explanation is that
park rangers progressively increased reporting of high-altitude individuals after 2010, leading
to an overestimation of the ENP trend. Other generalist species with mismatched trends (e.g.
Corvus corone, Garrulus glandarius, Parus major, Turdus merula) are again very common birds for
which small changes in reporting behaviour can strongly affect opportunistic indices.

Discussion

In our study, we demonstrated that under the assumption of sampling homogeneity across
species (but where sampling effort is still allowed to vary in space and time), opportunistic
presence-only data could be leveraged to estimate habitat preferences, migratory status, and
relative abundance trends of passerine species. This finding is not novel per se, as numerous
studies have utilized such data to model species distributions or abundance trends (Botella et al.,
2020; Bradter et al., 2018; Kéry et al., 2010; Phillips et al., 2009; Valavi et al., 2022; Van Strien
et al., 2013). However, it is one of only a few approaches achieving this within a unique spatio-
temporal model. To our knowledge, the most similar work has been done by Giraud et al., 2016
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Table 1 - Numbers of species with significant negative (“neg”) or positive (“pos”) trends in
the Ecrins National Park (ENP) and in the national surveys (STOC, MHB), by species group.
Left block: ENP vs STOC comparison; right block: ENP vs MHB comparison. Correlations
are between corrected trends (see ‘Materials and Methods - Model evaluation and post-
processing - Inter-annual effects’).

Comparison with STOC Comparison with MHB

Species group ENP trend STOC trend corr ENP trend MHB trend corr
neg pos neg pos STOC/ENP neg pos neg pos MHB/ENP

Alpine 0 0 0 0 - 4 0 4 0 042
Forest 2 3 3 2 0.85 6 6 3 9 0.40
Farmland 1 0 1 0 - 4 0 3 1 —0.88f
Settlements 0 1 0 1 - 1 0 1 0 -
Generalist 4 1 0 5 0.85 1 1 2 0 1.00
Counts are the numbers of species with significant negative (“neg”) or positive (“pos”) trends in each dataset within
a species group. “~” indicates that a correlation was not computed (e.g. because of too few species).

fCorrelation for farmland-MHB computed after excluding Emberiza hortulana, which no longer breeds in Switzerland.

and Coron et al., 2018, modeling spatial relative abundance (abundance divided by the abun-
dance of an arbitrarily chosen site) of passerines using a Poisson distribution. Their work provides
theoretical results regarding parameter identifiability, as well as scenarios for data simulation and
parameter estimation. However, the use of their models requires access to appropriate survey
data based on a standardized sampling protocol, whereas our study relied solely on a single set
of opportunistic data. We also found the inclusion of the month-based spatio-temporal latent
Gaussian field W,(m) and the use of Functional Principal Component Analysis to be relevant for
assessing phenological effects when modeling relative abundances of species with different mi-
gratory statuses. Another potential application of such Gaussian fields and FPCA could involve
implementing a nonlinear additive predictor component for elevation to study species’ pheno-
logical changes as responses to climate: elevation ascents, migrations, etc.

The comparison between corrected trends from the three survey-based datasets and those
produced by our model demonstrates its overall ability to capture significant trends across
datasets. Most species showing discrepancies are in fact common species, suggesting that our
assumption of homogeneous reporting is overly optimistic and only partially valid. The compari-
son of forest species, as well as the case of Emberiza hortulana, also indicates a generally better
conservation status within the Ecrins National Park, likely due to its protected-area status. Finally,
the inconsistency between the three survey datasets and the ENP trend for Phoenicurus ochruros
raised the possibility of an upward elevational shift for this species in the Ecrins National Park.
A remaining blind spot in our comparison concerns non-significant trends. Some species show
significant trends in ENP but not elsewhere, or vice versa. We chose not to explore these cases
in detail because it would be difficult to disentangle the underlying causes - such as protected-
area effects, temporal variation in reporting prevalence, differences in agricultural practices, or
population shifts into Switzerland. With smaller datasets, there is also less statistical power, such
that certain trends can be statistically non significant even they really exist. In 5 to 10 years, a
new comparison using updated STOM data should be more robust and may provide a valuable
opportunity to reassess these patterns. Such comparisons may even allow for the correction of
reporting-rate biases for certain species using survey-based benchmarks.
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We identify four areas for future improvements in our modeling approach using solely op-
portunistic data:
(i) The assumption of homogeneous sampling of different species, which could be questionable
due to differences in detectability, species commonness/rarity (Snill et al., 2011), or agent iden-
tification skills and reporting prevalence (Bradter et al., 2018), albeit reasonable in practice and
lacking better options. Assessing the robustness of our model to potential violations of this ho-
mogeneity assumption through dedicated simulation scenarios would therefore be a valuable
direction for future research. Another perspective to account for heterogeneities in species sam-
pling comes from Integrated Species Distribution Models (IDM) that can combine massive but
biased opportunistic data with scarce, high-quality standardized data to build more robust biodi-
versity predictions in space and time (Dorazio, 2014; Fithian et al., 2015; Isaac et al., 2020; Miller
et al., 2019). However, this approach is so far challenged by important remaining issues, such
as the imbalance of opportunistic and standardized data, the heterogeneity of spatio-temporal
scales across datasets, and limits in the flexibility, scaling, and interpretation of IDMs (Fletcher
et al,, 2019; Isaac and Pocock, 2015; Renner et al., 2019; Warton et al., 2013). Heterogeneous
detectability remains an issue without data based on standardized sampling protocols and seems
difficult to correct, except for trying to include prior expert knowledge into models. Different re-
porting behavior due to species commonness/rarity can introduce bias in estimated intercept
terms, such as «; in Equation 6, but would not have any impact on the other terms varying
in space and/or time, as long as this bias in reporting behavior is homogeneous across space,
time, and physical predictors. Effects related to agent identification skills and reporting preva-
lence could potentially be identified by including random effects for the rangers in the model.
Another possibility would be to reformulate the p;(s, m, p) in Equation 6 to incorporate the rate
of reporting as follow

ri X Ni(s, m, p)

(7) wi(s, m, p) = > ) X 2’: (E(s, m, p) x ri x N\i(s, m, p)).

i (ri x Ni(s,m, p

However, the model would become less interpretable if we explicitly modeled these rates,
especially when comparing our trends with those derived from standardized datasets since
we would estimate the “target-group reported relative abundance of species i". As a general
recommendation to reduce biases and improve the exploitability of opportunistic presence-only
data, we suggest that when observers report a species, all species of the same taxon should also
be reported for better use of opportunistic presence-only data in species distribution modeling.
(ii) In our case study, very large occurrence numbers were available for the target group, such
that uncertainties about the cumulative abundance of the target group can be expected to be
relatively small. For modeling more precisely the cumulative abundance of the target group, for
example in cases with smaller occurrence numbers or when large areas of the study domain
are only very weakly sampled, we could develop an alternative approach wherein Y1 (s, m, p)
could be initially modeled with a Poisson distribution using a mean parameter u1¢(s, m, p),
fitted to the data to estimate u16(s, m, p). Subsequently, we would use the estimated Poisson
mean as a proxy for Arg(s, m, p)E(s, m, p), rather than the raw count. This modification could
potentially enhance robustness and improve the assessment of uncertainties inherent to our
modeling approach.

(iii) The acquired information is relative to a target group of species since we used the
target-group occurrences as a proxy for the sampling effort (Equation 4). This implies that the
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potential for interpretations of results in terms of absolute abundance and its variation across
covariates, space, and time remains relatively limited, as long as we do not have additional
external information on the absolute abundance of the target group as a whole. For example,
the mathematical developments presented in the “Materials and Methods - Model evaluation
and post-processing - Inter-annual effects” subsection were specifically designed to compare the
relative abundance trends derived from our opportunistic presence-only model with population
trends obtained from standardized surveys. However, this comparison operates on the log scale,
which is less directly interpretable than the percentage variation in population size typically
reported by survey-based monitoring programs.

(iv) There are multiple ways to define this target group, which impacts the interpretation of
abundances relative to it. The composition of this target group primarily relies on available data
sources, ranging from studies covering a single species (Farr et al., 2021) to those encompassing
thousands (Botella et al., 2021). Some studies focus exclusively on species within the same
taxonomic group (Van Strien et al., 2013), while others consider species across different taxa
(Escamilla Molgora et al., 2022). Botella et al., 2020 recommends choosing a set of species that
are consistently abundant across a broad range of environmental sub-regions, which is what we
did in this study.

We have recognized a pressing need for more comprehensive descriptions of what we refer
to as “sampling effort” and “observer bias” when dealing with opportunistic presence-only data,
as well as for methodologies to effectively incorporate it into modeling endeavors. Various
strategies have been proposed to address sampling efforts and observer bias depending on the
studied taxa, the available datasets, and model type. These strategies include the use of random
or target-group pseudo-absences with Maxent (Phillips et al., 2006, 2009), proxy variables
representing site accessibility (Henckel et al., 2020; Moreira et al., 2024; Warton et al., 2013)
and refinements (Chauvier et al., 2021), integration of information from detection/nondetection
data (Dorazio, 2014; Fithian et al., 2015; Giraud et al., 2016), and questionnaires (Bradter et al.,
2018).

Our findings suggest that, despite the statistical challenges arising from taking sampling bi-
ases into account, opportunistic presence-only data often provide unparalleled spatio-temporal
coverage, allowing for the depiction of consistent biological indicators that would be challenging
to obtain using traditional methods. This includes monitoring trends in relative abundance over
extended periods and developing species distribution models across vast geographical areas.
Such information can serve as valuable quantitative indicators for assessing the effectiveness
of conservation policies in protected areas.
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