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Modelling Invasive Insect Spread with Citizen Science Data: A Dynamic
Occupancy-Detection Model

Abstract

1. Human-mediated biological invasions are accelerating worldwide, but detecting early
incursions and tracking their spread remains difficult. Opportunistic citizen science
platforms, such as iNaturalist and eBird, generate large volumes of presence-only records,
offering new opportunities to detect and monitor invasive species.

2. However, these data come with uneven sampling effort, strong spatial and taxon biases,
and lack explicit non-detections, complicating efforts to infer species absences. To address
these challenges, we develop a dynamic occupancy-detection model (DODM) that
estimates colonisation, local extinction, and occupancy dynamics for invasive species using
presence-only data.

3. The model infers detection probability as a function of background sampling effort from
related taxa, enabling separation of non-detection from true absence. This detection process,
combined with a temporal correlation structure and spatial dependency, is used to infer
spatiotemporal changes in species occupancy using a hierarchical Bayesian model that
captures uncertainty in how invasions unfold over space and time.

4. Using iNaturalist observations, we apply this model to infer detection probability,
occupancy trajectories, dynamic colonisation and extinction probabilities for eight recently
introduced insect species in eleven locations worldwide. Our results show that a well-
structured DODM can unlock dynamic information from presence-only data, offering a
flexible and generalizable framework for monitoring and risk mapping biological invasions.

Keywords

Presence-only records; Detection probability; Sampling effort; Spatiotemporal dynamics.

1. Introduction

Human activities have substantially reshaped the geographic ranges of many species over
decades to centuries (Boivin et al., 2016; Faurby & Svenning, 2015). Invasive species,
introduced through human-mediated pathways such as trade and travel, impose high economic,
environmental and social costs by impacting primary production, disrupting natural ecosystems,
and spreading diseases (Crowl et al., 2008; Hulme, 2009). Invasive species often spread rapidly
yet unevenly across regions, making their spatiotemporal dynamics difficult to monitor, predict,
and manage (Baker & Bode, 2016; Buchadas et al., 2017). Effective monitoring is therefore
critical for informing timely response and management. (Reaser et al., 2020). Traditional
monitoring relies on planned field surveys and structured visits, which yield high-quality
observations but are costly and logistically demanding at the spatial and temporal scales
required (Holden et al., 2016; Jardine and Sanchirico, 2018). In contrast, citizen science
platforms (e.g., iNaturalist and eBird) have grown dramatically and now generate large
volumes of species occurrence records across broad regions (Kosmala et al., 2016). These data
are increasingly used to complement traditional surveillance and can expand the spatial and
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temporal coverage available for invasive-species monitoring (Hulbert et al., 2023; Pocock et
al., 2024; Roe et al., 2024). However, because they rely on opportunistic observations, citizen
science data exhibit uneven sampling effort and strong spatial, temporal, and taxonomic biases,
and they lack explicit non-detections (Johnston et al., 2018; Mengersen et al., 2017). These
limitations complicate inference about species occupancy and distribution. While a sighting
provides evidence of presence, the absence of a record is ambiguous because it may reflect
either genuine absence or a failure to detect or report the species under uneven sampling effort.
As a result, recent research has focused on extracting reliable distributional information from
opportunistic observations while accounting for imperfect detection (Altwegg & Nichols, 2019;
Guillera-Arroita, 2017; Probert et al., 2022; van Woensel et al., 2025).

Several approaches have been developed to infer species distributions and occupancy from
opportunistic citizen science data, with robust inference depending on how sampling bias and
imperfect detection arising from non-random sampling, observer behaviour, and uneven effort
are handled (Isaac et al., 2014; Isaac & Pocock, 2015; Powney & Isaac, 2015). Recent work
has focused on quantifying how geographic and environmental sampling bias, variable
detectability, and uneven effort distort occupancy and range estimates, including optimized
background sampling, spatial thinning or weighting, explicit effort proxies, and bias-correction
methods (Brizuela-Torres et al., 2024; Coomber et al., 2021; Erickson & Smith, 2021;
Fajgenblat et al., 2025a; Oliveira et al., 2024). However, these approaches address different
components of the observation process. Methods that correct sampling bias can reduce
distortions in estimated distributions but do not necessarily distinguish changes in occupancy
from changes in observation effort or detectability. Process-explicit approaches have therefore
advocated for dynamic phenomena such as biological invasions and range shifts, but their
application can be constrained by demanding data requirements, particularly where repeated
surveys or reliable measures of sampling effort are unavailable (Briscoe et al., 2019). This
problem becomes more acute when reconstructing historical changes in occupancy because
observation intensity and reporting effort often vary substantially through time, while records
are typically sparser in earlier periods. Consequently, an apparent range expansion may reflect
colonisation, increased observation, or sampling effort.

Dynamic occupancy models (DOMs) provide a framework for addressing this problem by
separating the underlying ecological state from the observation process, allowing estimation of
colonisation and local extinction while explicitly modelling imperfect detection. They are
particularly applicable to modelling invasion dynamics because they can incorporate the spatial
and temporal dependencies that arise as invasions unfold across space and time (Bled et al.,
2013). DOMs that model colonisation through local dispersal processes can further capture
spatially structured species spread (Bled et al., 2011; Broms et al., 2016; Rushing et al., 2019).
Some occupancy models have also been developed for large spatial extents and non-standard
survey designs, including settings with alternative forms of replication or single-visit data (Bled
et al., 2013; Sadoti et al., 2013; Peach et al., 2017). When applied to opportunistic citizen
science data, DOMs can recover long-term trends that align with standardized monitoring while
accounting for biases in detection, observation, and reporting (van Strien et al., 2013a;
Molinari-Jobin ef al., 2018). More recently, integrated frameworks combined presence-only
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(PO) and presence-absence (PA) data to estimate temporal change while incorporating
sampling effort and spatial structure (Grattarola et al., 2023). Evidence from community- and
continental-scale syntheses further highlights the feasibility and value of inferring dynamic
processes even when data are biased (Grattarola, et al., 2024; Fajgenblat et al., 2025).
Nevertheless, applying these approaches to reconstruct invasion dynamics from PO citizen
science archives remains challenging because PO records provide no explicit non-detections
and observation effort can vary across space and time.

Addressing this challenge requires a framework that can distinguish changes in occupancy
from changes in observation while simultaneously representing the spatial and temporal
dependence characteristic of invasive spread. To this end, we propose a Dynamic Occupancy-
Detection Model (DODM) designed specifically for PO data. Building on advances in existing
DOMs (Bled et al., 2013; Broms, Hooten, Johnson, et al., 2016; Outhwaite et al., 2018), our
model explicitly represents the observation process to account for imperfect detection and
uneven reporting effort, links occupancy states through time to reconstruct temporal dynamics,
and incorporates neighbourhood-based spatial dependence to represent local spread. We first
describe the modelling framework and outline how it addresses the challenges of reconstructing
invasion dynamics from PO data. We then demonstrate its application by reconstructing the
spread of invasive insect species across multiple locations worldwide using citizen science
observations.
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2. Methods

2.1. A framework for modelling spatiotemporal changes in species occupancy

Our objective is to reconstruct spatiotemporal changes in occupancy for a target species using
PO records containing geographic coordinates and observation dates. We assign each
observation to a grid cell and then estimate the probability that each cell was occupied in each
period, thereby reconstructing how occupancy changes across space and time. Our approach
integrates several elements that have proven effective in previous dynamic occupancy models
(Bled et al., 2013; Broms, Hooten, Johnson, et al., 2016; Outhwaite et al., 2018). Specifically,
in periods where no observations occur in a grid cell — an ambiguous situation in which the
species may be truly absent or present but unrecorded — we estimate colonisation and
occupancy probability using all available information: spatial dependence on neighbouring
cells; temporal dependence on the cell’s previous occupancy states; and a detection function
that gives the probability of recording the species conditional on presence, modelled using
background sampling effort. Spatial and temporal dependencies borrow strength from adjacent
cells across space and time, improving estimates in regions with sparse observations. Together,
these components allow us to infer likely occupancy from PO data, along with colonisation
rates and extinction probabilities, even in the absence of explicit non-detections.

To reconstruct spatiotemporal occupancy patterns from PO data, we used two key inputs: (i)
PO records of the target species, grouped by grid cell and time period, to infer occupancy
dynamics; and (i1) the total number of PO records of phylogenetically related taxa (e.g., species
in the class) in each grid cell and time period, used as a proxy for sampling effort directed
towards the target species. Because PO data do not directly record sampling effort or non-
detection, we use records of other insect taxa from the same citizen science platform as a proxy
for spatiotemporal variation in observer activity. This follows the logic of target-group
background approaches in species distribution models, in which records from taxa sharing
similar observation processes are used to characterise spatial sampling bias (Barber et al., 2022;
Phillips et al., 2009). We assume that visits generating many observations of related taxa reflect
high sampling effort for the target species, whereas locations or periods without such records
indicate limited observer activity. Restricting the sampling effort proxy to related taxa, rather
than all observations on the citizen science platform, provides a measure more closely aligned
with the search behaviour and habitats relevant for detecting the target species. We then
incorporate the total number of PO records of related taxa into a detection function when fitting
the dynamic occupancy model, allowing us to distinguish low occupancy from low detection
arising from uneven citizen science sampling effort.

We first partition the landscape into grid cells, indexed by i = 1,2,3 ... N, and divide time into
periods (e.g., months and years), indexed by t = 1,2,3 ...T. For each grid cell i, we use the PO
data to determine whether the target species was recorded during each period t. This results in
a set of binary observations y;; € {0,1} , where y;; = 1 if the species was recorded in grid cell
i in period t, and y;; = 0 otherwise. An observation of y;; = 1 confirms the species was
present in the grid cell i during period t. However, an observation of y;; = 0 is ambiguous, as
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it can arise in two ways: (i) the species was truly absent from the grid cell during that period,
or (i1) the species was present but went unrecorded.

To account for both possibilities, we model y;; as a Bernoulli distributed random variable with
probability z;:p;;, where z;; € {0,1} is a latent binary variable indicating latent true presence
(1 if present, O if not), and p;; is the detection probability: the probability the species was
recorded given presence:

yie~Bernoulli(z;:p;;). (D

We modelled the probability of detecting the target species, conditional on its presence, as a
function of sampling effort in grid cell i during period t. To quantify sampling effort, we used
the insects recorded in each grid cell and period, using the same broad taxonomic group as an
effort proxy for all target species. This assumes that a greater number of insect records
corresponds to greater observer activity and, consequently, a higher probability of recording
the target species, provided it is present. We refer to the relationship between detection
probability p;; and sampling effort x;; as the detection function. We modelled this function as
a sigmoidal response to the logarithm of the total number of insect records in grid cell i during
period t:

- 2
Pit = 1 B —Bsloglrit D’

(2)

Here, [; represents the upper asymptote of the curve, constrained such that 0 < f8; < 1.
Parameters [, and B3 control the shape and steepness of the curve. This detection function
accommodates scenarios where detection is unlikely at low sampling effort and where detection
remains imperfect even at high sampling effort (f; < 1), as can be the case for cryptic or hard-
to-observe species.

We modelled the latent presence of a target species in grid cell i during period t as a Bernoulli
random variable:

z;.~Bernoulli(y;,), (3)

where Y;; denotes the occupancy probability (i.e., the probability that the species was truly
present in that cell and period). When a cell is known or assumed to be occupied (z;; = 1), Y;;
should be close to 1, but not exactly 1, as occupancy is treated probabilistically in this
framework.

We then modelled occupancy probability on the logit scale using two state components:
logit(i) = ar + S;, (4

where a; captures temporal variation in period t, and S; captures spatial variation among grid
cells. We further decomposed this state process into two stages: an initialisation stage and
subsequent colonisation-extinction dynamics.
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For initialisation (period t = 1), we set a; as a global intercept representing the baseline
probability of occupancy across all grid cells. To allow for spatial variation in occupancy during
this first period, we modelled the spatial effect S; using a conditionally autoregressive (CAR)
prior:

5. ~Normal [ — z 5, % (5)
~Norma Wi Sp, =—— |,
' Xk Wik - e S Wik

reflecting the assumption that occupancy probabilities are spatially correlated. Here, S; denotes
the spatial effect for grid cell i, modelled as conditionally dependent on the spatial effects of
its neighbouring cells k. The weights w;;, are binary indicators taking the value 1 when cell k
is a neighbour of cell i, and 0 otherwise. We defined neighbours as the eight cells immediately
surrounding a target cell based on queen contiguity. Under this CAR prior, the expected value
of S; is the mean of the spatial effects of its neighbouring cells. The variance term ¢ controls
how much S; may deviate from this local mean, scaled by the inverse of the number of
neighbours. This structure captures spatial autocorrelation in occupancy, consistent with the
ecological expectation that initial species distributions tend to be spatially aggregated rather
than randomly dispersed. It also allows the model to borrow strength across neighbouring cells,
smoothing over data gaps and improving baseline estimates of occupancy in areas with sparse
observations.

Having initialized occupancy in period t = 1, we modelled subsequent dynamics (periods t >
1) using colonisation and extinction processes. Following Eq. 3, the occupancy probability was
defined as:

Y = Zi,t—1(1 — &) + (1 - Zi,t—l)yit' (6)

where ¢;; 1s the extinction probability and y;; is the colonisation probability.

Colonisation and extinction probabilities were modelled on the logit scale, with temporal
trends represented by first-order random walk (RW) effects and neighbourhood dependence in
colonisation captured by the proportion of occupied neighbouring cells in the previous period
(Broms, Hooten, Johnson, et al., 2016; Outhwaite et al., 2018). Specifically, we expressed
extinction and colonisation probabilities (&;; and y;;) as:

logit(‘git) = Ol + Ues (7)
logit(yit) = OyNyt + .Bnei,t—l + Uy (8)

The parameters u, and p, are intercepts that represent baseline extinction and colonisation
probabilities. In particular, u, captures the background colonisation rate across all cells. The
terms 7, and 7, are temporal effects that allow extinction and colonisation probabilities to
vary among periods to capture period-to-period changes in spread driven by unmeasured time-
varying processes (e.g., environmental variation, management, or propagule pressure). o, and
o, scale these temporal effects, determining the magnitude and direction of temporal variation,

respectively. Colonisation is further influenced by a neighbourhood occupancy effect through
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Pn0;¢—1, where 0; ._; denotes the occupancy status of neighbouring cells around cell i in the
previous period t — 1. The coefficient S, quantifies how strongly neighbour occupancy
influences colonisation. Positive values of f3,, indicate that empty cells are more likely to be
colonised when more neighbouring cells were occupied in the preceding period, reflecting local
dispersal processes. Together, these parameterisations allow extinction and colonisation rates
to vary through time while incorporating both neighbourhood occupancy effects and a
background rate of colonisation, thereby capturing key features of invasion dynamics.

To allow colonisation and extinction probabilities to vary smoothly over time, we modelled
their temporal effects using first-order RW processes, following the approach in Outhwaite et
al., 2018. RW processes smooth temporal variation by borrowing strength across adjacent
periods, reducing noise and improving the precision of estimated trends. The temporal effects
of colonisation and extinction were defined as:

N2 ~ Normal(0,1), Ny2 ~ Normal(0,1) (t = 2). 9

Net ~ Normal(nglt_l, 1), Nyt ~ Normal(ny,t_l, 1) (t = 3). (10)

To capture local spatial dependence in colonisation (i.e., neighbour-occupancy effects), we
followed Broms et al. (2016) by modelling colonisation probability as an increasing function
of the occupancy status of neighbouring sites. This is useful for modelling invasive spread
because many invasive populations expand primarily via local dispersal, such that colonisation
is more likely when nearby sites are already occupied (Sola et al., 2024; Takahashi & Park,
2020). In our model, we defined the neighbour-occupancy effect 8; ;_; for cell i in the previous

period t — 1 as:

2 WijZj—1
—” d; > 0’
Oit-1 = d; l (11)
0, di = 0

Where 6, ,_, represents the proportion of neighbouring cells that were occupied. The weights
w;; € {0,1} take the value 1 if cells i and j are neighbours and zero otherwise, with
neighbourhoods based on queen-contiguity. Thus, d; = }.; w;; is the number of neighbouring
cells of cell i, irrespective of their occupancy status. In our model, colonisation probability can
increase as 6; .1 becomes larger, reflecting the expectation that empty cells surrounded by
more occupied neighbours are more likely to be colonised.

We fitted two dynamic occupancy-detection models (DODMs) to assess the influence of the
neighbourhood occupancy effect. The first model, DODMI, used the colonisation process
specified in Eq. 8, including the neighbourhood occupancy term f3,,0; 4, the temporal change
in colonisation 0,7, and the background colonisation term u, . The second model, DODM2
omitted the neighbourhood occupancy term f,6; ._;, meaning colonisation was not explicitly
linked to neighbourhood occupancy.
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These two models were otherwise identical, retaining the same parameterization for
colonisation and extinction processes, and adopting the hierarchical modelling structure of the
DOMs. By comparing the fit of these two models to the data, we could assess whether including
the neighbour occupancy term improved model fit and provided evidence for local spatial
dependency in spread.

2.2. Study area and species

To illustrate how our proposed DODM can be applied to opportunistic citizen science data, we
developed a series of case studies focused on invasive insects. Although, like other DOMs, our
DODM is broadly applicable across taxa and ecosystems (Guillera-Arroita, 2017; Outhwaite
et al., 2018), invasive insects offer a particularly informative test case (de Groot et al., 2022).
This is because invasive insects pose substantial biosecurity risks, often undergo rapid range
expansion following introduction (Crowl et al., 2008; Jardine & Sanchirico, 2018), and are
frequently first detected in and around urban areas where introduction pathways and human
activity are concentrated (Branco et al., 2019; Gaertner et al., 2017). Urban environments also
exhibit sharp spatial variation in climate, land use, and habitat structure over short distances
(Gaertner et al., 2017), making them well suited for examining colonisation, extinction, and
neighbourhood occupancy effects. For these reasons, we assembled a dataset of insect
incursions covering multiple continents using iNaturalist records (iNaturalist community, 2025)
through the rinat R package.

Box tree moth

P

Brown marmorated stink bug African big-headed ant European firebug Red imported fire ant

Emerald ash borer

—— &

Figure 1. Species selected for this study and their common names (from iNaturalist). (a)
Hemlock woolly adelgid (Harsi S, 2023); (b) Emerald ash borer (Smith, 2026); (c)
Mediterranean fruit fly (Schulz, 2018); (d) Box tree moth (dbeadle, 2018); (e) Brown
marmorated stink bug (ildikorab, 2024); (f) African big-headed ant (Sergio, 2025); (g)
European firebug (Knapp, 2025); (h) Red imported fire ant (Miller, 2023). Image credits are
listed in the Acknowledgments.

Our dataset comprised sixteen species-location combinations spanning eleven cities and eight
invasive insect species across three continents (North America, Europe, and Australia), using
records collected between July 2018 and July 2025. Species-location combinations were
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selected by first identifying established invasive insect populations from the literature and
official reports, and subsequently screening iNaturalist for candidate locations with that met
prespecified minimum record thresholds over the study period. All observations were sourced
from iNaturalist, and we chose this time window to capture a period of consistently high
iNaturalist activity across the urban areas, avoiding earlier years with sparse reporting. We
prioritized invasive taxa and, where possible, included species found in two continents to
capture variation in climatic and geographic contexts. This design allowed us to assess whether
species exhibited consistent occupancy dynamics across locations. The selected locations
encompassed a wide range of urban forms and climates, ensuring that inferences about
colonisation, extinction, and neighbourhood effects were not restricted to a single
environmental context. Table 1 summarizes information for the eight target species (Figure 1).
We provide the invasion history of each target species in the selected study locations, including
the first recorded or reported year, likely introduction pathway, and supporting references in
Appendix A.1.

Within each location, we examined the spatial distribution of records for each target species
and identified the area of incursion as of July 2025. We placed a rectangular boundary around
the area of incursion, including a buffer, to define the study extent. Each species-location pair
met two criteria: (i) > 100 presence records for the target species during the study period,
ensuring sufficient data for modelling, (i1) > 100,000 total insect records within the same period,
providing a robust proxy for sampling effort to estimate detection functions.

For comparability across locations, we used a consistent sampling framework. After identifying
the rectangular study area based on the area of incursion, we overlaid a 10 x 10 km grid over
the study area, which defined the grid cells used for modelling species occupancy. We then
partitioned the study period (July 2018 to July 2025) into fourteen six-month intervals. For
each cell and period, we used iNaturalist data to (i) determine whether the target species was
recorded, and (i1) calculate the total number of insect records as a proxy for sampling effort.
We used all insect records rather than order- or family-level records because they provide a
broader and less sparse measure of observer activity across space and time. In the Melbourne
(P. apterus) case study, all insect records closely tracked the temporal pattern of family-level
Pyrrhocoridae records, supporting their use as a background measure of sampling effort
(Appendix A.2).

Table 1. Study areas and species observation summary. For each of the eight target invasive
insect species, we identified two locations that had been recently colonised and had sufficient
iNaturalist records for the period 2018-2025. The year indicates the first reported occurrence
of the species in each location, based on published literature or official reports, and is not
restricted to iNaturalist observations. We extracted iNaturalist PO records for each species
within a rectangular study area defined by the longitude and latitude ranges, which
encompassed the extent of spread of each species in each location. The number of target species
records refers to the total number of presence records for the target species within the study
area. The total number of insect records refers to the total number of presence records for all
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insect taxa within the same study area, which defined the background sampling effort. Each
study area was partitioned into 10 km x 10 km grid cells: the total number of grid cells was
those retained after masking to include only terrestrial areas.

Location (Year Number Total Total
. ocation of target number of Longitude Latitude number
Target species of first reported : . .
species insect range range of grid
occurrence)
records records cells
Nova Scotia
Hemlock woolly adelgid 2017 494 44725  [-66.2,-642]  [43.7,45] 182
(Adelges tsugae) Boston
(=19605) 788 573,902 [-71.9,-70.5]  [41.8,43] 153
Toronto
Emerald ash borer 2007) 1,027 1,270,572 [-81.5,-77] [42, 44.5] 617
(Agrilus planipennis) Dallas 237 915,659 [-98,-96.2] [31,33.6] 548
(2022)
Los Angeles
Mediterrancan fruit fly (1979) 725 775,133 [-119,-116.5]  [33,34.5] 278
(Ceratitis capitata) Lisboa 105 133,031 [-9.5, -8.7] [38, 39.5] 103
(~1898)
Toronto
Box tree moth 2018) 1,358 270,572 [-81.5,-77] [42, 44.5] 617
(Cydalima perspectalis) Paris 215 147,684 [1.4,3.2] [48, 49.5] 238
(2008)
Brown marmorated stink L"iz%g%;les 1,005 775,133 [-119,-116.5]  [33,34.5] 278
bug (Halyomorpha Milan
halys) 2013) 831 175,244 8.5, 9.8] [45, 46.3] 136
Brisbane
Aftican big-headed ant (~1912) 315 590,600  [152.2,153.6] [-28.2,-26.3] 256
(Pheidole megacephala) 1(\;1;‘*31131; 235 212,700  [-81.2,-79.9]  [25.3,27.2] 249
Melbourne
European firebug 2018) 325 595,137 [143, 146] [-39, -36.5] 635
(Pyrrhocoris apterus) T(gf)"f;t)o 1,599 1,270,572 [-81.5,-77] [42, 44.5] 617
Brisbane
Red imported fire ant 2001) 368 590,600  [152.2,153.6] [-28.2,-26.3] 256
(Solenopsis invicta) L"il’;g%?'es 199 775,133 [-119,-116.5]  [33,34.5] 278

2.3. Model fitting and evaluation

We fitted DODM1 and DODM2 to each species-location dataset. Comparing the fit of these
two models allowed us to assess whether incorporating neighbourhood occupancy improved
model performance and provided evidence for local spatial dependence in spread.

We used Markov chain Monte Carlo methods for model inference implemented in NIMBLE
(version 1.3.0) (de Valpine et al., 2017) run through R (version 4.5.2). Parameter estimates
were obtained by cyclically sampling from each parameter’s full conditional distribution. For
each species and each model, we ran three Markov chain Monte Carlo chains of 80,000
iterations, discarding the first 20,000 as burn-in and retaining every third sample. We assessed
parameter convergence using the Gelman-Rubin statistic (R-hat, R), which compares within-
chain and between-chain variance (Gelman & Rubin, 1992). We considered convergence
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adequate for Rhat <I.1. Being a Bayesian model, we assigned prior distributions for all
unknown parameters, for which we specified relatively uninformative priors:

B1 ~ Uniform(0,1), 8, ~ Normal(0,3), 83 ~ Normal(0,3)
o, ~ Uniform(0,1), u, ~ Normal(0,2)
o, ~ Uniform(0,1), u,, ~ Normal(0,2)
Bn ~ Normal(0,2)

We evaluated model performance for each species to identify the best fitting model. To assess
how well each model inferred the underlying occupancy process, we used two metrics: the log
score (LS) and success-rate at coverage level 5% (SR@5). The LS, a logarithmic scoring rule
widely used in occupancy model comparisons (Broms, Hooten, & Fitzpatrick, 2016; Broms,
Hooten, Johnson, et al., 2016), quantifies how well posterior predictive probabilities align with
observed presence records. It is computed as the negative log posterior predictive probability,
such that smaller LS values indicate that the model assigns higher predictive probability to
observed presences. For PO data, the model estimates the latent occupancy state z;; and
detection probability p;; for cell i at time t. The LS for PO data is then calculated as:

S
R 1
Vit = Pr(y;; = 1| data) = E[z;p;; | data] = EZ Zi(;)pi(ts) ) (15)
s=1
1 A~
LS = —— Z log Jis. (16)
N, .
(i,t)eP

For PO data, only positive records are available. Accordingly, P denotes the set of true
presences (positive records), N, = |P| is the total number of observed presences, and S is the
number of Markov chain Monte Carlo samples. The quantity y;, is the posterior predictive
probability of observing a presence, which is the expected value of z;p; , integrating
occupancy and detection.

To evaluate model fit in terms of how well it captured spatial patterns, we used SR@?5, a
summary statistic derived from the success-rate curve at a specified coverage level. We defined
the high detection area as the top 5% of grid cells ranked by the posterior predictive probability
of observing a presence (J;;). SR@5 measures the proportion of observed presences that fall
within this top 5% of cells. In plain terms, SR@5 tells us how well the model concentrates
known occurrences into the small set of locations it thinks are most likely to contain the species.

Given the set of observed presences P and the total number of presences N, = |P|, we rank

all grid cells in descending order of their posterior predictive probability y;;. SR@k is then

defined as the proportion of observed presences that fall within the top k% highest-ranked cells:
#{i € P | rank(9;;) < k%}

SR@k = N , (17)
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Here, rank(J;;) is the rank position of the cell i when all cells are sorted in descending order
of y;; and #{. } denotes the number of elements satisfying the condition.

Larger SR@5 values indicate stronger alignment between the model’s estimated presence
surface and the spatial distribution of observed presences. That is, the model assigns higher
probabilities to cells where presences occur. For example, SR@5%=0.8 means that 80% of
observed presences fall within the top 5% of cells with the highest predicted probability of
observing a presence. Metrics of this form have been widely used in species distribution models
and DOMs to assess whether models successfully concentrate high-probability predictions in
the right places (Fleishman et al., 2003; Southwell et al., 2024; Tozer et al., 2020). We also
assessed goodness-of-fit of DODM using posterior predictive checks, as described in Appendix
A3.
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Figure 3. A case study of European firebug incursion in Melbourne, Australia. (a) Total
sampling effort (total number of insect records logl0 transformed) in each 10 x 10 km cell
centred around Melbourne recorded in iNaturalist from July 2018 to July 2025; (b) Variation
in sampling effort over time during the same period in 6 monthly intervals (1H: January-June;
2H: July-December); (c) Estimated detection function for European firebugs. The x-axis is the
sampling effort per grid cell (log-transformed total number of insect records) in each 6-month
period; (d) Change in the total number of occupied cells estimated from the model fit. Points
are the mean of the posterior distribution and bars show the 95% credible intervals (CRIs); (e)
Time-varying changes of model parameters (extinction probability €;¢, colonisation probability
Yit» and neighbour occupancy effect f,,6; ;_1) in the best fitting model. Lines are cell-averaged
posterior means and ribbons are 95% CRIs; (f) Heat map of estimated occupancy probability
during each period. Black dots show the locations of European firebug records in iNaturalist
for each period.

To illustrate the model outcomes, we present one species-location case study in detail, with
details of additional case studies provided in the Supplementary Material. We then compare
key model outputs across species and locations. We chose the European firebug incursion in
Melbourne, Australia, as our detailed case study (Mata et al., 2022). The European firebug is
an invasive insect, native to Europe and western Asia (Kéfer et al., 2023). It is a Palearctic
seed-feeding true bug that commonly forms conspicuous aggregations around host plants,
which are widespread in urban environments and considered a nuisance pest (Mata et al., 2022;
Rojas & Jackson, 2018). Outside its native range, it has established in North America and was
recently detected in Melbourne, Australia, where it subsequently spread quickly (Mata et al.,
2022). Longer-range spread is likely helped by accidental human transport, such as moving
with ornamental plants, soil, or leaf litter (Gippet et al., 2019; Mata et al., 2022).

The European firebug was first recorded in Melbourne’s western suburbs as early as April 2018
by the Australian Government’s Border Surveillance Group, whereas the earliest iNaturalist
record was made on December 2018 in Sunshine, City of Brimbank (Mata et al., 2022). Over
the study period from July 2018 to July 2025, there were a total of 325 records within the study
area centred on the first iNaturalist observation. During the study period, a total of 595,137
other insect observations were recorded in iNaturalist within the study area. Sampling effort
was highly heterogeneous across both space and time. Spatially, effort (measured as logl0
transformed insect records per grid cell) was concentrated in the urban core, with much lower
coverage toward the location fringe and in non-residential areas (Figure 3a). Because record
generation reflects where people live and choose to search, the raw spatial pattern of European
firebug records is likely to be influenced by variation in sampling effort as well as occupancy.
The detection function of the DODM accounts for this variation using all insect records within
each grid cell and period as a proxy for realised observer activity. Temporally, sampling effort
was low and almost flat from 2018 to 2019, increased sharply from 2020, peaked in the second
half of 2024, and declined thereafter (Figure 3b).
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Of the two models, DODMI provided the best fit to the European firebug data (Table 2),
indicating that spread across neighbouring cells was occurring. This interpretation is reinforced
by the strongly positive neighbourhood spread parameter in DODMI1, £,, = 7.92 (95% CRlIs:
6.04-9.79). The SR@5 value was 1 (Table 2), meaning the model perfectly concentrated its
highest predicted probabilities in the locations where firebugs were observed.

Posterior predictive checks (PCCs) further supported the goodness-of-fit of DODMI,
providing an assessment of whether the fitted model reproduced the observed patterns of spread.
The conditional PCCs for the detection function produced a Freeman—Tukey Bayesian
posterior predictive value (BPV) of 0.54, indicating no strong evidence of systematic lack of
fit. Marginal PCCs showed close agreement between observed and replicated spread
summaries, including mean first detection period (BPV=0.424) and turnover between
consecutive periods (BPV=0.345). These results indicate that DODM1 adequately captured
both detection patterns and the temporal dynamics of spread. Full details of these PCCs are
provided in Appendix A.3.

The estimated detection function (Figure 3c) increased with sampling effort (log-transformed)
but reached an asymptote at around 800 records per grid cell per period, implying little to no
further gain in detection probability beyond this level of effort. Notably, the function plateaued
at a detection probability of ~0.7, implying that even under high sampling effort, European
firebugs would be detected only about 70% of the time when they occupied a grid cell.

Inferred occupancy shows a gradual expansion of the European firebug in Melbourne from
July 2018 to July 2025. The estimated number of occupied cells remains essentially constant
between 2H2018 (the second half of 2018) and 1H2019 (the first half of 2019), then increases
from 2H2019 onward, reaching its highest level in 1H2025, where it occupied 58 (95% CRIs:
40-88) grid cells representing 9.1% of the total study area (Figure 3d).

The time-varying colonisation and extinction probabilities from DODMI1 (Figure 3e) help
explain these dynamics. Extinction probability is relatively high during the early and middle
of the study period before declining substantially. This pattern is consistent with colonisation
of sites by small transient populations prone to stochastic extinction during the early stages of
invasion. As a core population establishes and grows, populations arising from subsequent
neighbourhood spread are more likely to persist due to spillover and rescue effects from
neighbouring grid cells. In line with this, both colonisation probability and the neighbour
occupancy effect increase markedly from the middle of the study period onward. Consequently,
local extinction becomes less frequent while colonisation, particularly colonisation from
occupied neighbouring cells, becomes increasingly prominent, driving overall occupancy
upward. Consistent with this interpretation, the posterior occupancy maps (Figure 3f) show
initial high-probability hotspots in the city centre that progressively expand into adjacent cells
and eventually form a south-east oriented high-occupancy belt, suggesting that European
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firebugs spread primarily through short-distance expansion rather than long-distance jumps or
new introductions.

3.2. Comparative analyses of model performance across species and locations

Table 2. Performance comparison of candidate models. Better fitting models have lower
values of log score and higher values of SR@J5. For each species-location combination and for
each measure of model fit, the better performing model is highlighted in bold.

Log score (|) SR@5 (1)

Species Location DODMI  DODM2 | DODMI  DODM2
Hemlock woolly adelgid Boston 0.82 0.88 0.32 0.32
(Adelges tsugae) Nova Scotia 0.53 0.61 0.55 0.55
Emerald ash borer Dallas 1.43 1.45 0.91 0.91
(Agrilus planipennis) Toronto 1.20 1.32 0.64 0.60
Mediterranean fruit fly Lisboa 1.20 1.53 0.76 0.55
(Ceratitis capitata) Los Angeles 0.48 0.69 0.53 0.40
Box tree moth Paris 1.56 1.53 0.62 0.64
(Cydalima perspectalis) Toronto 0.69 0.76 0.84 0.84
Brown marmorated stink bug Los Angeles 0.48 0.71 0.46 0.37
(Halyomorpha halys) Milan 0.91 0.79 0.22 0.23
African big-headed ant Brisbane 0.83 0.91 0.93 0.92
(Pheidole megacephala) Miami 1.31 1.34 0.55 051
European fircbug Melbourne 0.75 1.10 1.00 0.99
(Pyrrhocoris apterus) Toronto 0.31 0.44 0.98 0.98
Red imported fire ant Brisbane 0.58 0.73 0.96 0.94
(Solenopsis invicta) Los Angeles 1.24 1.49 0.77 0.64

For each species-location combination, we fitted two models and identified the best fitting
model based on the two evaluation criteria (Table 2). Across the 16 species-location
combinations, DODMI1 provided the best fit (lower LS and higher SR@J5) in 14 cases (87.5%),
while DODM?2 provided a better fit in one case (Brown marmorated stink bug in Milan). For
the Box tree moth in Paris, the two models had similar performance (identical SR@35 and only
small differences in LS). Overall, these results reveal that explicitly modelling neighbourhood
occupancy generally improves model fit, increasing the probability assigned to observed
presences (lower LS) and generating more concentrated spatial rankings (higher SR@5).
However, the magnitude of this improvement varied across species and locations. The one case
where DODM1 did not outperform DODM?2 (Brown marmorated stink bug in Milan) suggests
that, in this case, dispersal was not strongly driven by neighbourhood occupancy.

The models generally performed well in the spatial ranking of the probability of observing
presences. For most species, the best fit model achieved SR@5 values exceeding 0.5, meaning
that more than 50% of observed presence cells fell within the top 5% of estimated high
detection probability cells. Nevertheless, the low performance in some cases (SR@5 < 0.5)
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indicates that the high detection area is more spatially diffuse, with presences scattered across
many cells rather than concentrated in a few hotspots (e.g., Brown marmorated stink bug).

3.3. Estimated detection function across species
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Figure 2. Estimated detection functions for each species-location combination under the
best model. Lines represent the posterior mean detection probability with 95% CRIs.

Detection probability increased with sampling effort for all species, but both the horizontal
position of the curves (the effort required to reach a given detection probability) and their slopes
(effort sensitivity) varied among locations (shown in Figure 2). For the same species, detection
probability curves were often displaced along the effort axis. For example, the Emerald ash
borer in Toronto becomes moderately detectable (detection probability>0.4) at effort between
100 and 1000 records, whereas the Dallas curve increases more slowly and only approaches
similar probabilities at much greater effort (>1000 records). Hemlock woolly adelgid shows a
similar pattern, with Nova Scotia reaching high detection probabilities at lower effort than
Boston. In Brisbane, the Red imported fire ant, during an active eradication program, attains
moderate detection (detection probability between 0.4 and 0.6) at intermediate effort (100-1000
records), while Los Angeles requires substantially higher effort to achieve comparable
probabilities. These differences indicate that even for the same target species, local citizen
science efforts can vary widely in the sampling effort required to achieve a given detection
probability.
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Within the same location, detection functions also differ among species. In Toronto, the
European firebug becomes moderately detectable at relatively low effort (<100 records),
whereas the Box tree moth requires higher effort before detection probability rises. In Los
Angeles, the detection probabilities of Mediterranean fruit fly, Brown marmorated stink bugs,
and Red imported fire ant differ at a sampling effort of 100 records. These patterns are
consistent with the idea that species-specific traits, such as visibility, host aggregation, and ease
of identification, may affect detectability under otherwise similar urban and observer
conditions, making some species easier to detect than others.

3.4. Comparison of key parameters across species-location combinations
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Figure 4 Posterior parameter estimates for DODMI across species-location combinations.
(a) Forest plot showing individual parameter estimates for each species-location combination.
Points indicate medians, and horizontal lines indicate 95% CRIs. (b) Paired scatter plots
comparing parameter estimates between two locations for the same species. The dashed line
represents the x=y identity line.
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Posterior estimates from the DODMI1 show that the neighbour occupancy parameter S, is
mostly positive across all species-location combinations, and for most species, the 95% CRIs
lie well above zero (Figure 4a). This result reinforces local spatial dependency in spread
dynamics: colonisation probability is typically higher when neighbouring grid cells are
occupied. Neighbour-occupancy effects are particularly strong for Hemlock woolly adelgid,
Emerald ash borer, European firebug, and Red imported fire ant, all of which have higher £,
estimates. In contrast, the Mediterranean fruit fly in Lisboa has a weaker neighbour-occupancy
effect with CRIs extending towards zero. Overall, f5,, estimates were similar between paired
locations for 5 of the 8 species (Figure 4b, 95% CRIs that overlap with the 1:1 identity line
indicates the estimated parameters for the same species are similar across different geographic
locations). This provides some evidence that patterns of neighbourhood spread may be
somewhat predictable and likely a consequence of species-specific dispersal processes.

Baseline extinction and colonisation (i, and u,,), reflecting the initial invasion stages, varied
among species and locations (Figure 4a). The baseline extinction p, ranged from
approximately -4 to +2, with most cases showing values less than 0 or close to 0. For example,
the u, values for the Brown marmorated stink bug in Milan and Los Angeles were negative. In
contrast, Emerald ash borer in Toronto, and Mediterranean fruit fly in Lisboa have p, closer to
zero or slightly positive, indicating higher baseline extinction probabilities. This result is
consistent with the relatively low extinction probability and more persistent neighbour
occupation in the initial stages of species invasion. Baseline colonisation , is negative for
most species-location combinations (between -5 and 0), indicating that colonisation of
previously unoccupied cells is generally infrequent in the absence of occupied neighbours, and
is more likely when occupied neighbours are present. Only a few cases, notably Mediterranean
fruit fly in Lisboa and Box tree moth in Paris, show p, estimates near or above zero, suggesting
a higher background colonisation probability for these species. The comparison across location
pairs (Figure 4b) shows that the location-specific parameter estimates tended to fall within
broadly similar ranges across urban environments, while still showing species- and location-
specific variation.
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4. Discussion

Dynamic occupancy models and species distribution models are widely used to study species
distribution and occupancy and to estimate future changes. However, with the growth of citizen
science data, methods that can directly accommodate presence-only data remain limited. We
developed a dynamic occupancy-detection model that uses background records of the same
taxonomic class species as a proxy for sampling effort in the detection function, and that
incorporates a neighbour-occupancy effect in the colonisation process. Applying this model to
sixteen species-location invasion case studies, we find that explicitly modelling neighbour-
occupancy generally provides a closer match to the observed occupancy dynamics and
improves inference of species temporal trends.

The presence of neighbour-occupancy effects reinforces the observation that many invasive
insects expand primarily through local dispersal, with colonisation probabilities increasing in
adjacent cells of an already occupied area (Bled et al., 2011; Broms, Hooten, Johnson, et al.,
2016). However, cases where the neighbourhood-occupancy effect provided limited
improvement (e.g., Emerald ash borer) suggest that local occupancy processes do not drive all
invasive insect spread. The contrasting neighbour effects and baseline colonisation estimates
for Mediterranean fruit fly and Box tree moth between locations further suggest that the relative
importance of local and non-local colonisation may vary geographically. For taxa dominated
by skip-diffusion or anthropogenic dispersal, first-order neighbourhood terms may fail to
capture spread (Briscoe et al., 2019; Hulme, 2009). Future models could incorporate explicit
long-distance terms, such as distance-weighted kernels or transport network covariates, to
improve reconstruction for non-locally spreading species (Paini & Yemshanov, 2012; Suarez
et al., 2001).

The primary challenge of PO data is the ambiguity of "no record", which may signify either
genuine absence or non-detection (Altwegg & Nichols, 2019; Guillera-Arroita, 2017). We
address this by adopting a target-group background approach, modelling detection probability
as a function of sampling effort (Barber et al., 2022; Phillips et al., 2009). Our model ensures
that "no record" provides stronger evidence against occupancy when estimated sampling effort
is high, while maintaining higher uncertainty in low-effort regions to prevent citizen science
activity fluctuations from being misinterpreted as species expansion or decline (Altwegg &
Nichols, 2019; Isaac et al., 2014). Furthermore, our estimated detection function follows a
saturated growth curve: initial increases in effort significantly boost detectability, whereas
additional sampling in already well-surveyed areas yields diminishing marginal returns
(Callaghan et al., 2022). Explicitly modelling these detection biases is essential to distinguish
observational processes from true ecological dynamics (Dorazio, 2014; Erickson & Smith,
2021; Mengersen et al., 2017).

Detection probabilities in citizen science are inherently heterogeneous across species and
locations. In addition to variation in observer activity, this heterogeneity may reflect species-
specific differences in conspicuousness, identifiability, and seasonal availability, because taxa
with distinctive morphological features or longer observable periods may be more likely to be
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detected and reported by citizen scientists (Caley et al., 2020; Kral-O’Brien et al., 2020; van
Tongeren et al., 2023). Even within the same location, the detection-effort relationship varied
significantly, likely depending on location accessibility, observer behaviour and knowledge,
and species-specific traits (Isaac et al., 2014; Isaac & Pocock, 2015; Johnston et al., 2018;
Kosmala et al., 2016). This spatial and taxonomic heterogeneity requires the use of explicit
effort models, such as accessibility-based predictors or target-group records, to accurately
represent varying detection capabilities (Barber et al., 2022; Ferndndez & Nakamura, 2015;
Phillips et al., 2009). Consequently, detection parameters inferred from one location cannot be
directly transferred to others in most cases. Without accounting for these effort-dependent
dynamics, PO models risk overemphasizing high-effort regions while underestimating low-
effort ones, leading to biased occupancy maps and trend inferences (Altwegg & Nichols, 2019;
Coomber et al., 2021; van Strien et al., 2013). A focus for future research is to investigate how
these detection-effort relationships vary across diverse taxa and geographic contexts.

The choice of background group used to represent sampling effort is an important consideration
when applying DODMs to PO records, because this covariate enters the detection component
and determines how strongly no records are interpreted as non-detections rather than absences
(Altwegg & Nichols, 2019; Guillera-Arroita, 2017). Background records should therefore
approximate the observation process affecting the target species, following target-group
background approaches that use taxa expected to exhibit sampling biases similar to those of
the focal species (Barber et al., 2022; Fithian et al., 2015; Mateo et al., 2010; Phillips et al.,
2009). However, choosing the right background record requires a balance. A narrowly defined
background (e.g., similar species or same genus) may better match taxon-specific observer
behaviour, but sparse records can reduce the stability of effort and model estimates. Conversely,
a broad background provides greater coverage but may include records generated by different
observer communities, habitats, or search behaviour, weakening its value as a bias-correction
covariate (Barber et al., 2022; Fithian et al., 2015). In Melbourne (P. apterus) case study, all
insect records were strongly correlated with family-level Pyrrhocoridae records over time,
suggesting that the broader insect background captured a similar temporal pattern of sampling
effort while being less sparse (Appendix A.2). Although our analysis of the Melbourne (P.
apterus) case study suggests that all insect records provided a suitable effort proxy in this
instance, future work could further evaluate the influence of alternative background definitions,
such as order, family, or genus records, influence estimated detection functions and occupancy
dynamics in DODMs.

Early detection and rapid response are critical for mitigating the ecological and economic
impacts of invasive species (Crowl et al., 2008; Jardine & Sanchirico, 2018; Reaser et al., 2020).
While structured surveys remain the gold standard, their high costs at broad spatiotemporal
scales necessitate complementary monitoring strategies (Holden et al., 2016). Our findings
demonstrate that PO data, when integrated with explicit observational models, may bolster
early detection and rapid response systems by reconstructing dynamic occupancy surfaces,
quantifying uncertainty, and identifying invasion frontiers and hotspots. This is particularly
important in urban environments, which serve as primary hubs for non-native insect
introduction due to high introduction pressure and links to transport networks (Branco et al.,
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2019; Gaertner et al., 2017). Consequently, a strategic priority for citizen science should be the
prioritization of sampling in high-value, under-sampled locations. By identifying areas with
high presence probability but insufficient effort, our model provides a quantitative framework
to guide citizen science activities toward the most informative locations. Optimizing such
engagement will further require social science insights to develop effective participant
interaction strategies (Gibson et al., 2024; Hecker & Taddicken, 2022).

To further enhance the precision and reliability of occupancy dynamic reconstructions, future
research should transition toward integrating multi-source metadata into detection probability
estimation. Incorporating observer activity metrics, checklist data, and species morphological
traits may enhance robustness to interspecific behavioural heterogeneity and variation in
detectability (Callaghan et al., 2022; Isaac & Pocock, 2015; Oliveira et al., 2024; Phillips et al.,
2009). Furthermore, achieving scalable inference is essential for fully exploiting large-scale
citizen science data. While Markov chain Monte Carlo provides coherent uncertainty
propagation, its computational cost scales poorly with increased spatial resolution and study
size. Future work should explore more scalable alternatives (e.g., approximate Bayesian
inference) to maintain efficiency without sacrificing uncertainty quantification (Fajgenblat et
al., 2025b; Fletcher Jr. et al., 2019). Finally, while focused on invasive species, our proposed
model is broadly applicable to occupancy dynamic inference for native and threatened taxa,
providing a robust tool for monitoring biodiversity as opportunistic citizen science data
coverage expands globally.
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Table A.1. Summary of target species and their incursion histories.

Year of first
Target species Location reported Incursion pathway Reference
occurrence
Nova 2017 Likely secondary spread via
Hemlock woolly Scotia infested hemlock nursery stock, . .
. (Ellison et al., 2018; Roscoe et al.,
adelgid (Adelges logs, firewood or other wood
) 2025)
tsugae) Boston ~1960s products; natural dispersal may
also contribute.
Human-assisted movement of
T " 2007 infested ash material, especially (Animal and Plant Health
Emerald ash oronto firewood, logs, branches, nursery Inspection Service, 2026;
borer stock, wood chips and other ash Canadian Food Inspection
(Agrilus wood products; original North Agency, 2007; Herms &
planipennis) American entry likely via solid McCullough, 2014; Texas A&M
Dallas 2022 wood packaging from Asia; Local Forest Service, 2026)
spread by adult flight.
Mediterranean Los 1975 Infested fruit pathway, especially
fruit fly Angeles larvae in smuggled or illegally (Carey, 1991; Malacrida et al.,
(Ceratitis _ imported fruit, fruit cargo, or fruit 1998; Szyniszewska et al., 2016)
capitata) Lisboa ~1898 carried in passenger baggage.
Box tree moth Toronto 2018 Likely ornamental Buxus plant (Bras et al., 2022; Canadian Food
(Cydalima trade / movement of infested box Inspection Agency, 2019; Jean-
perspectalis) Paris 2008 plants within Europe. Francois et al., 2009)
Brown Los 2006
marmorated Angeles Hitchhiker pathway via (Hodges, 2026; Ingels & Varela,
stink bug transported goods, especially 2014; Lupi et al., 2017; Maistrello
(Halyomorpha Milan 2013 containers, vehicles or machinery. | et al., 2014; Roscoe et al., 2025)
halys)
African big Human commerce / tramp-ant
3 Brisb ~1912 i i
headed ant risbane pastohivlva}g tigziel'\{;?ssﬁsgzd mn (D. Hoffmann, 1998; Hoffmann
(Pheidole » botted plants, nursery & Parr, 2008; Smith, 1933)
S material, wood products,
megacephala) Miami 1933 .
packaging, cargo or other goods.
European Melbourn 2018 Likely human-assisted movement
firebug © with imported plant material or (Mata et al., 2022; Rojas &
(Pyrrhocoris Toronto 2017 soil; pqsmble almoﬂ-ass001ated Jackson, 2018)
apterus) introduction route.
Human-assisted movement of
Red imported Brisbane 2001 infested soil, nursery potting (Gutrich et al., 2007: Health
fire ant media, potted plants, sod/turf, )
. . . (PLH) et al., 2023; Nattrass &
(Solenopsis hay, machinery or cargo; possible
o Los . . . Vanderwoude, 2001)
invicta) Angeles 1998 international entry via

contaminated containers/cargo.
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2. Background sampling efforts
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Figure A.1. Temporal trends in iNaturalist records for species Pyrrhocoris apterus, its
family Pyrrhocoridae, and all insect records in Melbourne from July 2018 to July 2025.
The left y-axis shows record counts for the species and family, while the right y-axis shows all
insect records. The time interval is every 6 months (1H: January-June; 2H: July-December).

Table A.2. Correlation coefficients comparing temporal trends in record numbers among
all insect, family Pyrrhocoridae, and species Pyrrhocoris apterus records.

Comparison Pearson correlation Spearman correlation
All records vs. Family records 0.945 0.952
All records vs. Species records 0.580 0.597
Family vs. Species records 0.594 0.681

According to iNaturalist data, all insect records, records of the family Pyrrhocoridae, and
records of the species Pyrrhocoris apterus in the Melbourne area all increased between July
2018 and July 2025 (Figure A.1). Correlation analysis showed a strong positive correlation
between all insect records and Pyrrhocoridae records, with a Pearson correlation coefficient
(PCC) of 0.945 and a Spearman correlation coefficient of 0.952 (Table A.2). Record numbers
for both groups peaked in the second half of 2024 (2H2024). By contrast, records of P. apterus
increased more slowly and showed moderate positive correlations with both all insect records
and Pyrrhocoridae records, with PCC values of 0.580 and 0.594, respectively. Although records
of P. apterus increased briefly in the first half of 2020, sustained growth was not evident until
after 2023. These results indicate that the increase in Pyrrhocoridae records was likely driven
by the broader expansion of insect observations. However, the distinct temporal pattern
observed for P. apterus may reflect species-specific population dynamics, differences in
detectability, or observer preferences.
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In our DODMs, we selected all insect records as the background sampling effort because they
provide a more comprehensive estimate of overall observer effort in the Melbourne area, while
still closely tracking the temporal pattern observed for Pyrrhocoridae records. The strong
correlation between total insect records and Pyrrhocoridae records suggests that these two
measures capture similar temporal variation in observer activity. Therefore, using all insect
records as the background sampling effort in the detection function is unlikely to change the
inferred sampling effort pattern relative to using family records alone.
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3. Posterior predictive checks

3.1. Designing posterior predictive checks for goodness-of-fit

The structure of the dynamic occupancy-detection model (DODM) required posterior
predictive checks (PPCs) that distinguish lack of fit in the detection process from lack of fit in
the latent occupancy dynamics, thereby providing a flexible framework for assessing DODM
goodness-of-fit (Gelman, Meng, and Stern, 1996). In this study, we evaluated DODMI fitting
to European firebug data from Melbourne area as a case study. DODMI1 contains binary latent
occupancy states, binary detection observations, and imperfect detection. Accordingly, we
implemented two PCC approaches. The first approach is conditional PPCs, which condition on
the posterior draws of the latent occupancy states and evaluate the detection function alone.
The second approach is marginal PCCs, which regenerate occupancy histories using the fitted
DODMI and evaluated whether the fitted DODMI could reproduce the observed temporal
patterns of detection.

3.2. Conditional posterior predictive checks: detection function

The first set of PPCs focused on the detection function in DODMI1. Posterior Markov chain

Monte Carlo draws were indexed by m =1,...,M. For each posterior draw, the latent
(m)

occupancy states were held fixed at their sampled posterior values, z;,~, and the detection

probability pi(,T) was calculated from the corresponding posterior draw of the detection

parameters and the observed sampling effort. Replicated detection data y, ep,(m)

i were then

simulated as

rep,(m)

i (m) (m))_

~ Bernoulli(zi,t Dit

By conditioning on latent occupancy states 2™ these checks evaluate whether the detection

it >
function can reproduce the replicated detections yl.rte p(m) given the model’s estimate of where

the species was present, rather than confounding detection error with errors in the occupancy
dynamics.

We used two conditional discrepancy measures. First, we calculated a Freeman—Tukey statistic
(Freeman and Tukey, 1950; Brooks, Catchpole, and Morgan, 2000),

Ter (y, ™) = 2it(Yie — .Ui(,rtn))z,
where ui(ftn) = Zl-(ftn)pi(ftn) is the expected observation probability. This statistic was summed
across all site-period cells and was calculated for both the observations y; ¢, and the posterior

replicated observations yrep'(m)

7P generated from Bernoulli(py” ).

Second, we compared the observed and replicated numbers of detected sites in each period.
Period-specific Bayesian posterior predictive p-values (BPVs) were calculated as the



1050
1051

1052
1053
1054

1055

1056
1057
1058
1059
1060
1061

1062

1063

1064
1065
1066
1067
1068

1069

1070
1071
1072
1073
1074
1075
1076

1077

35

proportion of posterior draws in which the replicated count for that period was greater than to
the observed count.

For each discrepancy measure, we calculated a BPV pjg as the proportion of posterior draws

for which the replicated discrepancy S™¢P(™) was greater than to the observed discrepancy
Sobs,(m),

M
P = l Z [(STeP (M) > gobs(m)y
Mm=1

where () is an indicator function. Values of pp near 0.5 indicate that the model can reproduce
the observed pattern for the statistic being tested, whereas values near 0 or 1 indicate a
systematic mismatch. For scalar count-based summaries, the direction of the BPV indicates
whether the model tends to over- or under-predict the statistic. For period-specific count checks,
BPV was calculated as the proportion of posterior draws in which the replicated count was
greater than to the observed count.

—_—
[
~

(b)

Observed
& Replicated

120
|

p=0.12

p=0.823
p=0.23

100

e
S

p=0.794

80
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p=0.036 p=0.571 p=0.157

F il

50 60 70 80 90 100 110 T o
Period

o

Discrepancy for replicated data
60

Number of detected sites

40

Discrepancy for actual data

Figure A.3.1. Conditional posterior predictive checks for the detection function in
DODML. (a) Scatter plot of Freeman—Tukey discrepancies for observed versus replicated data;
the diagonal line indicates the 1:1 reference line. (b) Observed numbers of detected sites per
period are shown as bars, and posterior predictive means and 95% intervals are shown as points
and error bars, respectively. Individual BPVs are displayed above each period.

Conditional PPC results indicated that the detection function of the DODMI generally
reproduced the observed detection patterns. For the Freeman—Tukey discrepancy, posterior
replicated discrepancies were closely aligned with the observed discrepancies and were
distributed around the reference line with a conditional BPV of 0.54, suggesting no strong
systematic lack of fit in the overall detection process (Figure A.3.1a). This indicates that,
conditional on the sampled latent occupancy states, the fitted detection function was able to
reproduce the aggregate site-period detection structure well.
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The period-specific count checks provided further support for the adequacy of the detection
function, although some temporal discrepancies were evident (Figure A.3.1b). For most periods,
the observed numbers of detected sites fell within the 95% posterior predictive intervals
(0.025<BPV<0.975). This suggests that the model generally captured temporal variation in the
number of detected sites. Overall, these checks suggest that the detection function provided an
adequate representation of the observation process, with only limited period-specific lack of
fit.

3.3. Marginal posterior predictive checks: dynamic occupancy-detection model

The second set of PCCs evaluated the dynamic occupancy process and the detection process
jointly in DODMI. For each posterior draw, we generated a new latent occupancy history under

the fitted DODMI. The initial occupancy state was fixed to the posterior draw for the first

rep,(m) m)

period, z; | = Zl-(1 . For subsequent periods, replicated occupancy states were simulated

as

Zpr'(m)~Bern0ulli(1/1i,t),

z; "™~ Bernoulli (ZZiffm)(l - SET)) + (1 - zir_ff'l(m)) Vi(.;n)):

(m)
it
probability. When neighbourhood occupancy effect was included, the colonisation probability
was updated using the simulated neighbourhood occupancy proportion at the previous time
step.

(m)

where € is the extinction probability between periods and y;,~ is the colonisation

After simulating the replicated occupancy history, we generated replicated observation data as

yir’fp,(m) ~Bernoulli (er : p'(m)pi(,rtn))'

These marginal PPCs therefore assess whether the fitted DODMI, could reproduce the
observed temporal structure of observations while accounting jointly for latent occupancy
dynamics and imperfect detection.

We summarised the temporal detection histories using three statistics. First, we calculated the
first detection period at each site. Second, we calculated the detection trajectory, defined as the
number of detected sites in each period. Third, we calculated turnover, defined as the total
number of observation state switches between consecutive periods across all sites.

For first detection timing, we constructed observed and posterior replicated histograms and
compared their shapes using a paired chi-square-like discrepancy statistic. For each bin, the
expected value was defined as the element-wise average of the observed and replicated counts,
with a small constant added to avoid division by zero. The detection trajectory was summarised
as the number of detected sites in each period, and the observed and replicated trajectory
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vectors were compared using the same paired chi-square-like discrepancy statistic. We also
compared scalar timing summaries, including the mean first detection period, calculated across
sites where the species was detected at least once. Finally, total turnover was calculated as the
total number of observation state switches between consecutive periods across all sites. BPVs
were calculated as the proportion of posterior draws for which the replicated statistic was
greater than to the observed statistic.

(a) (b)

Observed Observed
- Replicated — Replicated

o
n
]
o

Number of sites
o
k=]
Detected sites per period

\

b
@

0.0 a4
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Figure A.3.2. Marginal posterior predictive checks under DODMI1. (a) PPC for the first
detection timing. Observed numbers of initial detections per period are shown as bars and are
compared with posterior predictive medians and 95% posterior predictive intervals generated
under DODMI1. (b) PPC for the detection trajectory. Temporal trend in the total number of
detected sites per period across the study duration. The observed number of detected sites per
period is compared with the posterior predictive median and 95% posterior predictive interval
across the study period. (c) PPC for the turnover. The histogram shows the posterior predictive
distribution of the total number of observation state switches across consecutive periods and
sites, with the vertical line indicating the observed value.

Table A.3. Summary of marginal posterior predictive checks for the DODM. Observed
number are compared with the replicated posterior means, together with BPVs.

PPC Observed Replicate BPV
Mean first detection 8.15 7.95 0.424
Turnover 124.00 113.04 0.345
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Marginal PCCs showed that the DODMI1 generally reproduced the main temporal features of
the observed detection histories (Figure A.3.2 and Table A.3). The distribution of first detection
periods was well captured by the model, with the observed counts falling within the posterior
predictive intervals and a BPV of 0.563. The scalar summary of mean first detection period
also showed good agreement between observed and replicated data, with an observed mean of
8.15, a posterior predictive mean of 7.95, and a BPV of 0.424 (Table A.3).

The model also captured the overall detection trajectory well (Figure A.3.2b). The detection
trajectory was also consistent with the posterior predictive distribution. The detection trajectory
remained within the 95% posterior predictive intervals with a BPV of 0.842, indicating that the
model captured the overall temporal pattern of detections reasonably well. The turnover check
further indicated that the observed number of observation state switches was 124, compared
with a posterior predictive mean of 113.04 and a BPV of 0.345 (Figure A.3.2c and Table A.3).
Overall, the marginal PCCs suggest that the DODM1 reproduced first detection timing, first
detection patterns, and the level of turnover in the observed data well.
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       𝜓  i t =   z  i , t − 1  ( 1 −   𝜀  i t ) +  ( 1 −   z  i , t − 1 )   𝛾  i t , #  ( 6 )


    𝜀  i t


    𝛾  i t


    𝜀  i t


    𝛾  i t


     logit  (   𝜀  i t ) =  σ  𝜀   𝜂  𝜀 t +   𝜇  𝜀 , #  ( 7 )


     logit  (   𝛾  i t ) =  σ  𝛾   𝜂  𝛾 t +   𝛽  n   𝜃  i , t − 1 +   𝜇  𝛾 . #  ( 8 )


     logit  (   𝛾  i t ) =  σ  𝛾   𝜂  𝛾 t +   𝛽  n   𝜃  i , t − 1 +   𝜇  𝛾 . #  ( 8 )


    𝜇  𝜀


    𝜇  𝛾


    𝜇  𝛾


    𝜂  𝜀 t  


    𝜂  𝛾 t


   σ  𝜀  


   σ  𝛾  


    𝛽  n   𝜃  i , t − 1


    𝜃  i , t − 1


  i


  t − 1


    𝛽  n


    𝛽  n


       𝜂  𝜀 , 2 ∼ Normal  ( 0 , 1 ) ,       𝜂  𝛾 , 2 ∼ Normal  ( 0 , 1 )    ( t = 2 ) . #  ( 9 )


       𝜂  𝜀 , t ∼ Normal  (   𝜂  𝜀 , t − 1 , 1 ) ,         𝜂  𝛾 , t ∼ Normal  (   𝜂  𝛾 , t − 1 , 1 )    ( t ≥ 3 ) . #  ( 10 )


       𝜂  𝜀 , t ∼ Normal  (   𝜂  𝜀 , t − 1 , 1 ) ,         𝜂  𝛾 , t ∼ Normal  (   𝜂  𝛾 , t − 1 , 1 )    ( t ≥ 3 ) . #  ( 10 )


    𝜃  i , j − 1


  i


  t − 1


       𝜃  i , t − 1 =  {        ∑  j    w  i j   z  j , t − 1    d  i ,       d  i > 0 ,     0 ,       d  i = 0 . #  ( 11 )


    𝜃  i , t − 1


    w  i j ∈ { 0 , 1 }


    d  i =   ∑  j    w  i j


  i


    𝜃  i , t − 1


    𝛽  n   𝜃  i , t − 1


   σ  𝛾   𝜂  𝛾 t


    𝜇  𝛾


    𝛽  n   𝜃  i , t − 1


  ≈


  ≈


  ≈


    R ^


    𝛽 1 ∼ Uniform  ( 0 , 1 ) ,     𝛽 2 ∼ Normal  ( 0 , 3 ) ,     𝛽 3 ∼ Normal  ( 0 , 3 )


   σ  𝜀 ∼ Uniform  ( 0 , 1 ) ,     𝜇  𝜀 ∼ Normal  ( 0 , 2 )


   σ  𝜀 ∼ Uniform  ( 0 , 1 ) ,     𝜇  𝜀 ∼ Normal  ( 0 , 2 )


   σ  𝛾 ∼ Uniform  ( 0 , 1 ) ,     𝜇  𝛾 ∼ Normal  ( 0 , 2 )


   σ  𝛾 ∼ Uniform  ( 0 , 1 ) ,     𝜇  𝛾 ∼ Normal  ( 0 , 2 )


    𝛽  n ∼ Normal  ( 0 , 2 )


    𝛽  n ∼ Normal  ( 0 , 2 )


    z  i t


    p  i t


  i


  t


         y ^  i t =  Pr ⁡   (   y  i t = 1   |   data ) = 𝔼  [   z  i t   p  i t   |   data ] ≈  1  S   ∑  S = 1  S    z  i t   ( s )   p  i t   ( s ) , #  ( 15 )


     LS = −  1    N +   ∑   ( i , t ) ∈ 𝒫  l o g     y ^  i t . #  ( 16 )


     LS = −  1    N +   ∑   ( i , t ) ∈ 𝒫  l o g     y ^  i t . #  ( 16 )


  𝒫


    N + = | 𝒫 |


  S


      y ^  i t


    z  i t   p  i t


      y ^  i t


  𝒫


    N + = | 𝒫 |


      y ^  i t


     SR@k =   #  { i ∈ 𝒫 ∣ rank  (     y ^  i t ) ≤ k % }    N + , #  ( 17 )


  rank  (     y ^  i t )


  i


      y ^  i t


  # { . }


    𝜀  i t


    𝛾  i t


    𝛽  n   𝜃  i , t − 1


    𝛽  n = 7 . 92
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    𝛽  n


    𝛽  n


    𝜇  𝜀


    𝜇  𝛾


    𝜇  𝜀


    𝜇  𝜀


    𝜇  𝜀


    𝜇  𝛾


    𝜇  𝛾


  ≈


  ≈


  ≈


  m = 1 , … , M


    z  i , t   ( m )


    p  i , t   ( m )


    y  i , t  r e p ,     ( m )


    y  i , t  r e p ,     ( m ) ~ B e r n o u l l i  (   z  i , t   ( m )   p  i , t   ( m ) ) .


    z  i , t   ( m )


    y  i , t  r e p ,     ( m )


    T  F T ( y ,   𝜇  ( m ) ) =   ∑  i , t    (    y  i , t −    𝜇  i , t   ( m ) ) 2


    𝜇  i , t   ( m ) =   z  i , t   ( m )   p  i , t   ( m )


    y  i , t


    y  i , t  r e p ,     ( m )


  B e r n o u l l i  (   𝜇  i , t   ( m ) )


    p  B


    S  r e p , ( m )


    S  o b s , ( m )


    p  B =  1  M   ∑  m = 1  M  I (   S  r e p ,  ( m ) >   S  o b s , ( m ) ) ,


  I ( ∙ )


    p  B


    z  i , 1  r e p , ( m ) =   z  i , 1   ( m )


    z  i , t  r e p ,     ( m ) ~ B e r n o u l l i  (   𝜓  i , t ) ,


    z  i , t  r e p ,     ( m ) ~ B e r n o u l l i  (   z  i , t − 1  r e p ,  ( m )  ( 1 −   𝜀  i , t   ( m ) ) +  ( 1 −   z  i , t − 1  r e p ,  ( m ) )   𝛾  i , t   ( m ) ) ,


    z  i , t  r e p ,     ( m ) ~ B e r n o u l l i  (   z  i , t − 1  r e p ,  ( m )  ( 1 −   𝜀  i , t   ( m ) ) +  ( 1 −   z  i , t − 1  r e p ,  ( m ) )   𝛾  i , t   ( m ) ) ,


    𝜖  i , t   ( m )


    𝛾  i , t   ( m )


    y  i , t  r e p ,     ( m ) ~ B e r n o u l l i  (   z  i , t  r e p ,  ( m )   p  i , t   ( m ) ) .

