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Abstract: Understanding patterns of species occupancy across landscapes and throughout time is a
long-standing objective of ecological research that has inspired the development of numerous
quantitative modelling approaches. However, estimating occupancy can be a challenge, particularly
when contending with issues like imperfect detection and shifting distributions. Dynamic occupancy
models (DOMs) offer a framework for occupancy estimation that explicitly accounts for observation error
while capturing the mechanisms driving occupancy dynamics by estimating colonisation and local
extinction processes. In light of increasing interest in more process-explicit models for understanding
species occurrence, here we examine how DOMs have been applied to field ecological data in the two
decades since their introduction. Following a general introduction to the model, we present the results of
a systematic review exploring where and how DOMSs have been applied. We interrogate how authors
have built their models, with particular emphasis on how covariates are incorporated to describe
variation in occupancy dynamics. Our findings indicate that DOMs are a flexible tool readily applied to
diverse study systems and data types, with their usage expanding in recent years as more studies apply
them to make spatial and temporal predictions of species occupancy. DOMs are also amenable to
extension, further broadening their utility. However, model complexity in DOMs tends to be low; most
studies consider relatively few covariates and these are typically represented as simple linear

relationships. Approaches to covariate selection also vary considerably, and there remains little research



on how these choices may influence model performance. Furthermore, only a fraction of articles report
evaluating DOMs and little guidance exists on how to approach this task. These uncertainties in the
modelling process should be key priorities for future research on DOMs given their increasing use in

applied ecological research.
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Introduction

The description of patterns of species occupancy across landscapes has been a long-
standing subject of ecological research (Humboldt, 1849). Estimates of how
widespread a species is and where it occurs are the foundation of monitoring
programs and important for assessing conservation status while identifying potential
drivers of occurrence can help inform potential management actions (MacKenzie &
Reardon, 2013). Robust knowledge of the occupancy patterns of a species can also
help us to predict where a species is most likely to occur, both under present

conditions and in hypothetical future scenarios (Kéry et al., 2013).

While occupancy is a useful concept, it is also a challenging quantity to describe,
measure, and estimate. The need to understand and quantitatively describe species
occupancy has led to the development of several popular modelling approaches,
including stochastic patch occupancy models commonly applied to study meta-
population dynamics (Gutiérrez-Arellano et al., 2024), and species distribution models
(SDMs) widely used to explore species occurrence at larger scales (Franklin, 2010).
However, several factors can make occupancy difficult to estimate. For instance,
simple presence/absence observations can be biased when species are detected
imperfectly — this is often the case in wildlife field data, where it can be impossible to
determine from a single observation whether a location is truly occupied or whether the
species occurs but was not detected (Gu & Swihart, 2004; Lahoz-Monfort et al., 2014).

Despite the ubiquity of imperfect detection in data collection, many models fit to
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presence/absence data make no adjustment for this source of bias (Kellner & Swihart,
2014). Another challenge for modelling occupancy is the difficulty in describing
populations under non-equilibrium conditions, where a species’ occurrence pattern
and relationship to its environment is in flux (Dormann, 2007; Elith et al., 2010). These
conditions often occur during biological invasions and climate change driven range
shifts, each of which are conservation priorities and increasingly common scenarios in

the Anthropocene (Bertelsmeier et al., 2013; Lenoir & Svenning, 2015).

The site occupancy models first introduced by MacKenzie et al. (2002) set the
foundation for a powerful framework for modelling presence/absence data while
accounting for each of these challenges (Guillera-Arroita, 2017). Drawing on principles
from the mark-recapture literature, occupancy models use multiple resurveys of sites
to estimate detection probabilities and correct for bias in estimates of site occupancy.
Originally a static model, MacKenzie et al. (2003) extended this model for use in
multiple time-steps by explicitly describing the process of changing occupancy via
colonisation and extinction, relaxing assumptions of equilibrium and allowing
description of patterns of site occupancy through time. This dynamic occupancy model
(DOM) balances complexity and feasibility, explicitly describing the key processes
driving occupancy dynamics while requiring reasonably simple-to-collect presence
absence/data instead of the detailed demographic or abundance data required by
more process-explicit models (Briscoe et al., 2019). These features make the DOM an
important tool, with uses including hypothesis testing of relationships between

occupancy and the environment, explorations of the key drivers of occupancy, and
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even prediction of occupancy under future conditions (Briscoe et al., 2021; Kéry et al.,

2013).

In this review we examine how dynamic occupancy models have been used by
ecologists in the two decades since their inception. Following an introduction to the
model’s form and assumptions, we present the results of a systematic review exploring
how researchers have applied DOMs to ecological data, with emphasis on how they
collected their data, selected covariates, and evaluated their models. Based on these
results we highlight the DOM’s flexibility as a tool for understanding species
occurrence, examine approaches to the model building process, and outline key

priorities for future research involving this model class.

Dynamic occupancy model form and assumptions

The DOM structure encompasses two processes: the ecological process of site
occupancy dynamics describing the presence or absence of a species at a site at any
point in time, and the observational process of detection describing whether a species
is observed at a site where it is present (Figure 1). In the latent ecological process of
site occupancy, sites may exist in either an occupied (z = 1) or unoccupied state (z =
0). In the first time-step, occupancy is determined by the probability of initial
occupancy 1, such that z; ~ Bernouilli({s,). In following time steps, occupancy state
can change according to a Markovian process where occupancy is predicated on the
site’s state in the prior time-step and the probabilities of colonisation y and local
extinction €, such that z, ~ Bernoulli({) where ¢ = z,_; (1 — €) + (1 — z,_,)y. Where the

occupancy process is latent, the observation component of the DOM describes the
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probability of recording a detection when a site is occupied, allowing the DOM to
account for imperfect detection. At occupied sites, the detection probability p
describes whether the species is observed (y = 1) during a survey j or whether it is not
(y = 0), according to the formula y,; ~ Bernouilli(z,p). Under the DOM’s original
parameterisation, it is assumed that false-positive detections at unoccupied sites never
occur. In this review we use the term “parameter” to refer to the quantities being
estimated: in most cases, these are the probabilities initial occupancy 4, colonisation
Yy, extinction €, and detection p (see Figure 1). However, some alternative model forms

may directly estimate occupancy Y as a parameter.



Ecological process

Site occupancy state z can change between each season t. In the first
season, z is determined by the probability of Initial Occupancy §.. In
subsequent seasons, z is determined by the site's occupancy state in the
prior season and probabilities of Colonisation y and Local Extinction €.

Season
t=1
z=1

ll) Occupied
1
Initial
occupancy 7-0
Not
occupied

No extinction

t:2 0=
=

Z:1 Z:1
Y
\
€

Z=0 Z:O

BN

Observational process

When a site is surveyed, the observed
occupancy state y is determined by probability
of Detection p, conditioned on true occupancy
state z.

Z=1 Z:O

p Detection T-p De/ecf/o/?l

y=1 y=0
Not
Observed observed

Occupancy in Season 1:
z, ~ Bernoulli(y,)

Occupancy in following seasons:

z, ~ Bernoulliiz, (1-€)+(1-z,.,)y)

Observation during survey J:
Yy ~ Bernouliiz,p)

Figure 1: The form of the dynamic occupancy model as described by MacKenzie et

al. (2003). The ecological process sub-model describes changes in occupancy over

time, while the observational process sub-model describes detectability.
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To disentangle the ecological and observational processes the DOM requires a
hierarchical sampling design as depicted in Figure 2. Under this design, observations
at a site occur during distinct, time-bound seasons within which it is assumed site
occupancy does not change (that is, sites are closed to changes in occupancy). In
each season multiple observations are made, permitting estimation of the probability of
detection conditional on occupancy. Most frequently these repeat observations are
collected by revisiting the site on separate occasions, although they can also be
attained by alternative means: examples include conducting surveys at multiple
locations within a site, using multiple observers during a survey, or recording the time
elapsed until a detection is recorded (Guillera-Arroita, 2017; Guillera-Arroita & Lahoz-
Monfort, 2017). It is important to note that it is not necessary for the same number of

observations to occur in each year or for each site, enabling flexibility in data inputs.



Within seasons, sites are considered closed to changes in occupancy
state. By collecting multiple surveys during a season, we can estimate
detection probability. It is not necessary for all sites or seasons to have
the same number of surveys, and missing data are permitted.

Season | Season | Season I
11110 Ol -0 - =11
Detected
Not detected

Missing survey

Repeat observations can be recorded in several ways:

I
Y [ <
[
= o A, .
O O o O
Temporal Spatial Multiple Time to
revisits replicates observers detection

Figure 2: The sampling design of the standard dynamic occupancy model. During
seasons (also called primary occasions) sites are considered closed to changes in
true occupancy state; occupancy state may only change between seasons. Within
each season, multiple observations (also called surveys or secondary occasions) are
conducted to record the observed presence or absence of the species at each site.
These multiple observations may be recorded in many ways: sites can be revisited
multiple times within a season, surveys can be conducted at multiple points within a

larger site, multiple observers can conduct surveys simultaneously, or the time



elapsed prior to a detection occurring can be recorded. Note that it is not necessary
for each site or season to have the same number of observations, and that missing

data can be accommodated.
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DOMs make several key assumptions requiring careful consideration by model users;

we outline these here as our review interrogates related aspects of model building.

False positive detections do not occur. While this assumption can be safely met
in many studies, it is not necessarily guaranteed when working with more cryptic
species or less reliable survey methods. Previous research has demonstrated
the bias induced when false positives occur and are not accounted for,
highlighting the need to consider how certain detections truly are for any given
study system (McClintock et al., 2010; D. Miller et al., 2015). Importantly, even
genuine detections of a species can be considered ‘false positives’ when they
do not represent the intended definition of occupancy, such as detections of
transient individuals when the intent is to estimate breeding occupancy (Berigan
et al., 2019). Where this assumption cannot reasonably be met, model
extensions designed to account for false positive error should be considered (D.

Miller et al., 2011; D. Miller et al., 2015; Royle & Link, 2006).

. Sites are closed to occupancy between seasons. This requirement, best known

as the ‘closure assumption,’ has also been subject to considerable discussion in
terms of the bias introduced when it is violated (Otto et al., 2013; Rota et al.,
2009). Closure is dependent not only on the life history of the species, but also
on the definition of occupancy used by researchers — short seasons may
capture dynamics more representative of species ‘use,” and it can often be
difficult to distinguish local extinction from temporary emigration (Valente et al.,

2017). Model extensions to relax the closure assumption have been developed,

11



109

110

111

112

113

114

115

116

117

118

119

120

121

122

123

124

125

126

127

128

129

130

including approaches using staggered arrival and departure periods between
sites (Kendall et al., 2013). A more pertinent approach for most studies,
however, is careful consideration of the appropriate definition of occupancy

under the survey design used (Steenweg et al., 2018).

Heterogeneity in occupancy and detection is accounted for. As with any
approach for modelling species occurrence, it is assumed that DOMs
appropriately capture variation in occupancy patterns and species detectability
across the study system. Generally, this is achieved by allowing model
parameters (Y4, y, €, and p) to vary with respect to covariates representing the
environmental factors that may be expected to influence these parameters. An
important element of this assumption is the caveat that the likelihood of
detection of a species can depend not only on the observability of the species,
but also on factors like habitat suitability that influence species abundance and
activity (Guillera-Arroita, 2017). While no model will fully account for the
complexity inherent in patterns of species occupancy and detection, failure to
capture key drivers is likely to introduce bias and confound inference made from
model estimates (Barry & Elith, 2006). Relative to the first two assumptions, this
aspect of DOMs has been less thoroughly discussed and comparatively little is

known about how latent heterogeneity can influence model performance.

Since its original description in MacKenzie et al. (2003), the DOM has been further
developed with numerous model extensions and alternative formulations including the

aforementioned implementations accounting for false positives (D. Miller et al., 2011; D.
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Miller et al., 2015; Royle & Link, 2006), as well as models for multiple states beyond
occupied and unoccupied (Nichols et al., 2007) and jointly estimated multi-species
models (Dorazio et al., 2010). For a comprehensive discussion of common extensions
and their applications see Bailey et al. (2014) and Guillera-Arroita (2017), as well as

Devarajan et al. (2020) for a more detailed review of multi-species occupancy models.

Systematic review methods

To assess how DOMs have been applied in the years since their introduction we
gathered a representative sample of articles that fit DOMs to field ecological data. A
pool of candidate articles was generated using two queries on Web of Science. The
first of these included all articles from 2004-2023 that cited MacKenzie et al. (2003). To
capture any additional relevant articles that did not directly cite MacKenzie et al.
(2003), a second query was generated searching articles in the same time-span
matching the terms “dynamic occupancy model*”, “multi-season occupancy model*”,
OR “occupancy dynamic*”; articles including each of “occupancy”, “colonization”,
“extinction|persistence”, AND “detection”; and articles with the term “occupancy”
located near “dynamic” in the title, key terms, or abstract. These queries resulted in
1469 articles: 897 were retrieved only from the MacKenzie citations, 274 only from the
keywords search, and 298 from both queries. As we were interested in how the use of

DOMs has changed through time, we divided all articles across four-year-long strata

spanning 2004-2007, 2008-2011, 2012-2015, 2016-2019, and 2020-2024. From each

13
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of these strata we randomly selected 20 articles for inclusion in the review. Articles that

did not meet inclusion criteria were replaced from within their own strata.

As our review focuses only on applications of the dynamic multi-season occupancy
model of MacKenzie et al. (2003) and its extensions, we included articles that fit a
model meeting the following criteria: i) used non-simulated, field-collected, presence-
absence data; ii) relied on data from multiple sites that could exist in at least two
states, including an occupied and unoccupied state; iii) had multiple seasons, between
which sites could change states conditional on the prior season’s occupancy state and
transition probabilities such as colonisation and extinction; and iv) contained at least

one parameter describing the detection process.

For each article we recorded key details on authorship, research objectives, study taxa
and system, survey methods, and modelling approach. To examine the reasons why
authors used DOMs, we allocated each article to one or more categories of objective
based on the study’s stated aims. These categories were Estimating trends, where
authors expressed interest in estimates of site occupancy, colonisation, extinction, or
detection probabilities; Testing relationships, where authors explored specific
predefined hypotheses of relationships between covariates and model parameters;
Identifying drivers, where authors attempted to find which covariates influence model
parameters; Predicting temporally, where authors predicted site occupancy under
future conditions, Predicting spatially, where authors predicted site occupancy to
unsurveyed locations, and Developing methods, where authors introduced, tested, or

demonstrated aspects of dynamic occupancy models.

14
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We recorded details on the type of organisms (bird, mammal, etc.) modelled in each
article, and how multiple species were modelled where applicable. Taxa were denoted
as threatened either when they are listed on the IUCN Red List of Species or when
authors indicated that they are threatened. This deference to authors’ representation of
conservation status was to account for sub-species that lack listings or species that
are of more local concern. Study locality and size was documented, the size of the
study area being defined as the intended area of inference containing all sites — this

was measured to the order of magnitude to account for uncertainty in reporting.

We were particularly interested in how authors navigated the modelling process, from
covariate selection through model evaluation. To this end, we recorded all covariates
considered in each study regardless of whether they were or were not included in final
models. Key traits of each covariate were recorded including their general category,
whether they were directly observed or remotely sensed, whether they were static or
varied between seasons, and how they were presented in the model (as a linear term, a
polynomial term, or as part of an interaction with another covariate (James et al.,
2021)). Model selection procedures were also sorted into non-exclusive categories
including A priori, where only one model was considered; candidate suite, where a
predefined set of models was considered; sequential, where covariates were selected
parameter-by-parameter (e.g., fitting detection first, followed by initial occupancy and
so on); and simple precursors, where selection was preceded by another simpler
model implementation. Finally, for each model we documented whether goodness-of-

fit was tested and reported, and whether model performance was assessed by

15



195

196

197

198

199

200

201

validation with either in or out-of-sample data. For the full spreadsheet of data

collected and further details on categorisation, see Supplementary material.

Applications of dynamic occupancy models

A total of 92 articles were included in this review. Based on the acceptance rates within
each stratum and the quantity of unprocessed articles, an estimated 496 of the 1152
unreviewed articles in our sample would have met inclusion criteria, with an apparent

increase over time in the number of articles fitting DOMs (Figure 3).
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Figure 3: Bars indicate the 92 articles included in our review as a proportion of the
estimated number of published articles fitting DOMs, based on the qualification rate
for articles in each stratum. The proportion of articles included from each stratum
were: 12% from 2005-2008; 24% from 2008-2011; 42% from 2012-2015; 35% from

2016-2019; and 57% from 2020-2023.
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The articles included in our review demonstrate considerable diversity in their scope,
scale, and objectives. A selection of attributes of these studies is presented in Figure 4,
and throughout this section we provide notable examples of DOMs to highlight how
this variation appears in practice. Study systems included in our sample are globally
distributed: while a majority of articles use data collected in the United States of
America, representatives are included from all geographic realms and a broad diversity
of ecosystems (Figure 4 A). A particularly notable aspect of these study areas is their
variation in size, which ranges from the hyper-local to the continental scale (Figure 4
B). The smallest study locality included in our sample studied insect occurrence in a
rainforest plot less than one square kilometre, while the largest analysis modelled avian
range shifts across the entire eastern half of the United States (Basset et al., 2023;

Clement et al., 2019).

The temporal scale of studies shows similar variability. The time elapsed between the
first and last survey ranged from under one month to over forty years, with a median
duration of 8 years (Figure 4 F). More meaningful, however, is the period of the primary
occasion, as this represents the temporal scale at which changes in occupancy are
assumed to occur. Most applications describe primary occasions as occurring
annually, although some studies divide years into multiple primary occasions to
describe seasonal variation in occupancy. In the most extreme cases the primary
occasion may be as brief as a week and capture much finer scale changes in
occupancy. These shortened-season occupancy models are most common with

camera trapping or acoustic monitoring data, which can be arbitrarily divided into
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primary and secondary sampling occasions. One example of this is Kleiven et al.
(2020)’s study of rodent and mustelid interactions using camera trap data, which used
primary occasions less than one week in length. On the other end of the spectrum,
some studies modelled primary occasions that were decades apart and represented
generational changes in occupancy - this is illustrated in Couturier et al. (2023)’s study
on long-term otter recovery in France which used data from two primary occasions,

one in 2003 and one in 2012.

DOMs have been used to study a variety of species, although most studies have
focused on vertebrate taxa (Figure 4 C). The DOM has been less frequently applied to
non-animal organisms, perhaps due to a reduced emphasis on imperfect detection
outside of the wildlife modelling community. However, there are exceptions, including
DOMs used to model decadal changes in lichen occupancy or the spread of the prion
chronic wasting disease (Belinchon et al., 2017; Cook et al., 2022). The application to
disease dynamics is not unique, and the DOM has been touted as a valuable tool for
such applications (Bailey et al., 2014). Multiple authors have used DOMs to model
mosquito dynamics, a strongly applied use-case with important human health
implications (Mores et al., 2020; Padilla-Torres et al., 2013). While the vast majority of
studies model terrestrial species, there have been a limited number of DOMs fit to data
from aquatic systems, including invasive salmon, Great Plains stream fishes, and

whales (Falke et al., 2012; Fisher et al., 2014; Pendleton et al., 2022).

Where most studies in our sample fit a model to a single species, 44% fit models to

multiple species either as independent models (34%) or explicitly multi-species
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implementations (12%; some articles attempted multiple approaches). The multi-
species models used various extensions of the conventional DOM, including
hierarchical models that fit hundreds of species in a single implementation with
species-level effects (Dorazio et al., 2010; Hendershot et al., 2020), as well as explicit
interaction models that estimate conditional occupancy, colonisation, extinction, and
detection probabilities (Fidino et al., 2019; Lesmeister et al., 2015). Rather than using
multi-species models, several other authors fit large numbers of independent models
to different species (Otto & Roloff, 2012; Peach et al., 2019). Working with large
numbers of taxa does raise additional challenges, as the degree to which models are

tailored to the taxa is likely to be limited for the sake of practicality.
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Figure 4: A) Locations of the study areas where data was collected for DOMs. B)

Spatial extent of study areas in square kilometres, defined as the area of inference

within all surveyed points were contained. C) Number of articles that fit models to
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each category of taxa. Taxa were considered ‘threatened’ if they are listed on the
IUCN Red List, or if authors indicate that they are otherwise threatened. D)
Explicitly multi-species models include both hierarchical, jointly estimated models
as well as more directly interactive models. Some studies fit both independent and
multi-species models, such that these values do not sum to our sample size. E)
Survey methods used to collect presence/absence data. Note that some articles
employed multiple detection methods, and that some methods (e.qg., citizen bird
counts) may fall into multiple categories. F) Quantity of sites where surveys were
conducted and duration of studies. Study duration is defined as the time elapsed
between the first and last survey. Yellow lines indicate median values for site

quantity (100 sites) and study duration (8.2 years).
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Studies collected the presence/absence data required for DOMs from a breadth of
different sources and detection methods (Figure 4 E). In our sample, 79% of studies
used human observational data, 11% used live-trapping methods, and 14% used
detections from camera traps. 10% of articles also use citizen-science data to build
detection histories, including both long-term volunteer monitoring programs as well as
more ad-hoc surveys of local knowledge (Zuckerberg 2011; Warrier 2020). Using
citizen-science data may require additional consideration of assumptions (particularly
false-positives), as discussed in greater detail by Cruickshank et al. (2019). Within
these broad categories of detection method there is additional diversity, with several
studies using unique survey methods to determine the presence of a species at a
location. For example, in the only application of a DOM for a marine species in our
sample, Pendleton et al. (2022) used aerial transects broken up into grid cells to
observe whale occupancy; in another unique implementation, Marescot et al. (2020) fit
a unique 'multi-species’ model treating poachers as a taxon and using ranger reports

to create detection histories.

Notably, many of these studies use data that were not originally collected in a robust
design framework for occupancy modelling. In these articles, authors formatted their
data into a hierarchical format post-hoc using a variety of methods. Some defined
primary seasons as a discrete time interval, treating all surveys occurring within the
season as secondary occasions; others defined sites as larger grid cells, treating any

survey falling within the grid as a spatial replicate. These manipulations permit authors
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to use data that predate the DOM, as in a study using surveys conducted by Joseph

Grinnell in 1908 to model century-long changes in occupancy (Riddell et al., 2021).

Additionally, not all articles rely on a single source of detection data; some integrate
multiple sources of data to maximise sample size. In one example, Warrier et al. (2020)
modelled tiger occupancy in India using three sources of detections: camera traps,
sign surveys, and citizen science reports. These integrated detection method models
do require additional care and consideration; users must ensure that different detection
methods represent comparable spatial and temporal scales, and that any variation in
perceptibility between detection methods is accounted for (Pitman et al., 2017). A
special case exists when different detection methods are used where one has the
potential for false positive detections; e.g., where less-than-certain citizen science
detections are combined with certain detections from expert field surveys. In this
context, the “certain” detections are used to help account for false-positive detection
probability, as in D. Miller et al. (2011)’s study integrating GPS collars and hunter

reports to estimate wolf occupancy in Montana.

The flexibility in the data used for DOMs, including the model structure and the scale of
observations, is not amenable to a one-size-fits-all definition of occupancy. Users of
DOMs must carefully consider precisely what they are modelling and address
questions on the scale represented by their model (Chave, 2013). The interpretation of
what ‘occupancy’ means and the factors which drive it may differ depending on the
scale of what is considered a site, and how that relates to the ecology of a species.

This is also true for the temporal scale of occupancy: whether a site is occupied within
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a week or within a year leads to vastly different conceptions of occupancy. This idea is
particularly relevant in cases where the selection of season length is to some extent
arbitrary, as with camera-trap or bioacoustic data where continuous recordings can be
broken down into distinct ‘seasons’ of any length. The DOM may be readily applied to
these data types, and the proliferation of autonomous survey techniques provides
novel opportunities for analyses that are simply not possible with human-collected data
(Balantic & Donovan, 2019). This is already apparent in recent camera trap studies that
collapsed their detections into seasons of just a few days, far shorter than is realistic
with conventional survey methods (Kleiven et al., 2020; Mdlle et al., 2022). While these
studies provide interesting insights of occupancy at extremely fine temporal scale,
further research could help provide general guidance on determining appropriate
season and survey durations with respect to research questions and the closure

assumption.

Practices in implementation and model building

Building dynamic occupancy models can be a challenging process, requiring careful
consideration of which environmental factors to incorporate to adequately represent
occupancy and detection in complex natural systems. In this review, we recorded all
covariates considered for each model in our sample, including those not used in final
models. These are summarised in a taxonomy presented in Table 1, which states the
proportion of studies that considered each type of covariate in their models, the means

by which that covariate data was collected, and how covariates responses were
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represented in DOMs. We further delineate their use in the model by classifying
covariates into two groups: environmental covariates, representing plausible ecological
correlates of parameters; and structural covariates, representing aspects of model
form and observation functionally distinct from the environment. Our findings indicate
that DOM users have incorporated a wide diversity of covariates in their models —
while the most common varieties of covariates include aspects of habitat and land
cover, a range of other unique factors were considered by authors in our sample. Many
models also incorporate covariates representing aspects of site geometry and
connectivity (35% of studies). Often these are included as simple covariates, as in
Duggan et al. (2011)’s models using landscape connectivity metrics as covariates on
colonisation and extinction. Alternatively, more complex parameterisations explicitly
model colonisation or extinction as a spatial process, blending attributes of DOMs and
stochastic patch occupancy models (Broms et al., 2016; Risk et al., 2011). Several
studies also include biotic interactions with other species as covariates, particularly
those focused on taxa threatened by invasive species. This is observed frequently in
the Spotted owl literature, where Barred Owl presence is often considered as a
covariate driving Spotted owl occupancy dynamics (Olson et al., 2005; Sovern et al.,
2014; Dugger et al., 2016). The use of these types of covariates effectively incorporates
species interactions in DOMs without requiring the use of more complex explicitly

multi-species models.
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Percentage of articles with covariate  Percentage which Articles representing this
on parameters: are: covariate with:

Interactions
Directly  Non-linear between
Any U1 U] Y € p Dynamic observed relationships covariates

SaehinhiEN Habitat Aspects of habitat and land

. 55% 41% 25% 43% 46% 28% 24% 33% 12% 25%
covariates cover

Spatial Site geometry, connectivity, or

. 35% 22% 31% 33% 30% 11% 30% 39% 22% VASY)
other spatial elements

Phenology Time-varying elements
distinct from sampling occasions

33% 1% 0% 5% 4% 33% 100% 0% 41% 9%

Climate/Weather Climate, weather,

. 33% 13% 12% 18% 18% 24% 77% 35% 32% 26%
and natural disasters

Anthropogenic Relations to human 25% 20% 6% 23% 21% 6%  11% 12% 20%
activity

Other environmental Other
environmental covariate not otherwise | 22l el AR L0 el 71% 78%
listed

Topography Elements of landscape

21% 18% 25% 13% 14% 6% 0% 7% 29% 10%
topography

Biotic interaction Interactions with

. 15% 7% 0% 14% 14% 5% 59% 64% 7% 20%
other (non-plant) species

Hydrology Aspects of hydrology, such ]
as distance to water

Structural Primary occasion Effect of the
covariates primary occasion

4% 8% 25% 14% 11% 4% 37% 33% 29% 21%

65% 1% 44% 39% 38% 61% 99% 0%

Observation Details on the

. 24% 0% 0% 0% 0% 24% 93% 7%
observation process

Secondary occasion Effect of the

; 15% 0% 0% 0% 0% 15% K7 10%
secondary occasion

Site effect Site-level effects 3% 0% 0% 2% 2% 2% 0% 0%

Other structural Other structural

0, 0, 0, 0, 0, 0, 0, 0,
covariate not otherwise listed S W o Wo 2% et Sl

Species effect Species-level effects 2% 2% 0% 2% 2% 1% 0% (0073
All covariates 99% 63% 100% 85% 85% 97% 54% 20% 35% 24%
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Table 1: All covariates considered for inclusion in a study were classified into mutually
exclusive categories. We calculate the percentage of studies that include at least one
covariate of a given category on any parameter, Initial Occupancy (1), Occupancy
(), Colonisation (y), Extinction(g), and Detection (p). We also present the average
percentage of covariates in a study that are dynamic (varying through seasons) and
directly observed for each category, as well as the percentage of studies that model
each category of covariate with a non-linear relationship or as part of an interaction

with another covariate.
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Covariate data for studies in our sample was either collected directly by researchers
(an average of 30% of environmental covariates per study), or derived from pre-
existing remotely sensed datasets (70% of environmental covariates); this of course
varies depending on the category of covariate (Table 1). Directly collected data can
often represent finer-scale factors like prey species occurrence or details of habitat
structure, which can be difficult to measure remotely but can often be more proximal
drivers of occupancy. These species-specific covariates do come with trade-offs, as
they can be expensive to collect and often preclude projection to locations where
these data are unavailable. For studies interested in making such projections,
remotely-sensed covariates are generally more feasible despite their generally more
distal nature (Austin, 2002). An average of 43% percent of environmental factors and
94% of structural factors included in reviewed studies were dynamic covariates that
varied through time — this again varied with the category of covariate in question, with
terms relating to climate or weather most frequently dynamic and topographic

covariates universally static (Table 1).

In the standard DOM, covariates for each parameter are most commonly incorporated
via a logistic regression (i.e., a linear regression through a logit link function)
(MacKenzie et al., 2017). Statistical relationships between model parameters and
covariates (e.g., between initial occupancy and its environmental covariates) are
represented as linear terms unless more complexity is specified. Of course, many
ecological relationships are non-linear and require more complex forms to be

realistically represented in a model. Austin (2007) discusses the importance of
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modelling ecologically realistic responses to covariates, advocating for careful
consideration of the most appropriate statistical form for hypothesised relationships.
Non-linear responses can be easily accommodated in DOMs by using polynomial
transformations and interactions between covariates. Despite this, in our sample only
35% of articles tested one or more non-linear responses to an environmental covariate,
with the majority of studies representing all covariates as simple linear terms (Table 1).
Interactions between covariates were similarly rare, with only 24% of studies
considering at least one interaction between terms (Table 1). The relatively low
emphasis on more complex non-linear responses contrasts with other popular
methods for modelling species occupancy. Many common approaches for SDMs, such
as MAXENT and Boosted Regression Trees, permit considerable flexibility in the shape
of their covariate response curves and use of interactions where supported by the data
(Elith et al., 2008; Merow et al., 2013). This emphasis on more complex responses in
SDMs may be due to their frequent application across relatively large geographic
extents that might encompass the full species niche, where environmental relationships
may be expected to be non-linear. However, as previously indicated DOMs have also
been implemented across large spatial extents where the same assumptions should
exist and similar responses might be expected. Similar concerns exist for the relatively
low level of covariate interactions, given that these relationships are commonly
expected based on ecological theory and that their exclusion can negatively impact

model performance (Guisan et al., 2006).
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In addition to the types of covariates considered for modelling we also recorded the
size of the candidate covariate pool in each reviewed study, tallying the number of
environmental and structural covariates that were available for use on each parameter (
Figure 5). This is an area of considerable variation in modelling practices — the number
of covariates considered for each parameter ranges from 0 (effectively modelling the

parameter as a constant) to over 40 candidates on a single parameter.
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Figure 5: The number of covariates considered for each parameter across all studies
in our sample. ‘Occupancy’ given here represents the alternative parameterisation of
the DOM that jointly estimates Occupancy for every season, Colonisation, and
Detection, where Extinction is a derived parameter; this differs from the more popular
Initial occupancy/Colonisation/Extinction/Detection parameterisation. Here, a
‘covariate’ is defined as each distinct covariate considered for inclusion. Linear and

quadratic representations of the same covariate are counted as one covariate.
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The median number of covariates varies strongly by parameter, with transition
probabilities (colonisation and extinction) more likely to consider a broader range of
environmental covariates compared to initial occupancy and detection. The lack of any
covariates considered for initial occupancy in many cases (38% of studies) is
particularly notable — unless a study is conducted at very small extents or study sites
are truly uniform in their suitability, one would expect some amount of non-random
variation in occupancy probability across any study system that will not be captured
when representing initial occupancy as a constant. Omission of the factors that drive
occupancy is a known source of bias in static SDMs (Barry & Elith, 2006), which the
initial occupancy component of the DOM conceptually resembles. Furthermore, any
bias in occupancy estimation in the first time-step will perpetuate into future seasons
due to the DOM’s Markovian nature, with implications for the reliability of model
outputs. Detection probability is also typically represented with low numbers of
environmental covariates (Table 1). Recall that detectability is dependent on not only
observation factors, but also by drivers of abundance and species use; the low number
of candidate covariates here relative to colonisation and extinction raises additional

questions on whether this variation is always appropriately captured in models.

To this point in our review, we have discussed only the covariates that were considered
for inclusion in DOMs without regard for which terms were actually included in the final
models used by authors to make their inference. Identifying the ‘best’ model from a
range of possible candidates can be a challenging process, especially for hierarchical

models like DOMs (Doherty et al., 2012). Consider that the quantity of candidate
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models involving up to n covariates on p parameters can be given by (2™)P: where a
simple linear regression may have up to 64 possible combinations of 6 covariates, a 4-
parameter dynamic occupancy model would have 16 million combinations of these
same covariates. This explosion of candidate models generally precludes exhaustive
comparisons of possible models and requires some reduction of the models tested.
Models in our sample include both Frequentist (n = 76) and Bayesian (n = 24)
frameworks that differ considerably in their manner of implementation. A summary of
modelling practices in DOMs is given in Table 2. Note that some articles in our sample
included multiple distinct modelling workflows, resulting in a higher total number of

models than articles.
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Table 2: Modelling practices in dynamic occupancy models, subset by frequentist or

Bayesian implementations. The median covariate count presented here represents

the median quantity of covariates considered for each model parameter across the

studies in our review. The model selection methods represented in this table are non-

exclusive and some articles employ multiple approaches. 2 models included in the

‘Overall’ column are neural network based and fall into neither the Frequentist or

Bayesian categories.

Number of studies

Median covariates considered per parameter

Covariate selection methods
Percentage using any model selection approach
Percentage comparing models in a candidate set
Percentage using procedural model selection
Percentage selecting covariates with simpler models
Percentage using model-averaging

Model evaluation conducted
Percentage calculating goodness-of-fit

Percentage assessing predictive performance

Frequentist Bayesian All models

76

95%

45%

37%

8%

47%

20%

4%

24

33%

12%

0%

4%

4%

12%

17%

102

2.75

80%

36%

27%

7%

36%

18%

7%
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The largest differences between the frequentist and Bayesian models in our sample lie
in their approaches to model selection. Where 95% of frequentist models perform
some manner of model selection to determine covariate inclusions for their models,
only 33% of Bayesian models do so, with the majority instead fitting a single model
defined a priori. Methods used for model selection vary considerably both within and
between the two modelling frameworks (Table 2). For frequentist models, the most
popular and conventional approach to model selection (45% of models) involves the
creation of a fully pre-defined model set containing some number of hypothesis
candidate models, where the best model is selected according to the lowest AIC
score. The next most popular method in frequentist studies is to use procedural model
selection methods (37% of models), where the structure for each model parameter is fit
in sequence. For example, this protocol might first identify the best structure for
detection probability while holding the other parameters constant, before moving on to
initial occupancy and so on until all parameters are fixed. The remainder of frequentist
studies (8%) use a variety of approaches, such as fitting simpler models like single
season occupancy models to identify the most informative terms to use in a DOM.
Across all frequentist implementations, 47% of articles summarise a final subset of
models using multi-model inference and model-averaging with AIC weights (Burnham

& Anderson, 2004).

Those Bayesian models which do perform model selection take various approaches,
with largely idiosyncratic methods across these studies. While direct comparison of

model fit is rare in Bayesian methods, it is feasible — Urban et al. (2023) identifies the
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best model from a Bayesian candidate set using the predictive performance on both in
and out-of-sample validation data. Another approach used by Cook et al. (2022) fit a
global model including all covariates before removing each covariate where the 95%
credible interval of the posterior distribution overlapped zero and refitting the model.
Ahumada et al. (2013) takes a hybrid approach, in which model selection is conducted
by a procedural method in the frequentist framework before refitting the best structure

as a Bayesian model.

Limited research has been conducted on the advantages of different methods for
covariate selection in DOMs, and there is unlikely to be a one-size-fits-all approach
that will be appropriate for all possible use-cases. However, it is important to consider
the implications of the different model selection approaches in common usage, and
research from the SDM literature highlights how covariate selection can influence our
interpretation of model outputs (Brodie et al., 2020). Within the occupancy modelling
literature, Stewart et al. (2023)’s article on covariate selection in single-season
occupancy models discusses important attributes of the information-criteria
approaches widely used in frequentist models in our review, noting that these
approaches can lead to inaccurate coefficient estimates that may influence model
inference. Morin et al. (2020)’s work raises other concerns on procedural model
selection methods, demonstrating how the fine details of modelling protocols can
determine whether the best-fitting possible model is identified and which covariates
appear in final models. The literature on performance of Bayesian model selection

methods is more sparse, although Hooten & Hobbs (2015)’s guide to Bayesian model
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selection in ecology is a valuable resource for possible methods of fitting those

models.

Regardless of covariate selection protocol, ‘the selection of a best model does not
guarantee the selection of a good model’ (MacKenzie & Bailey, 2004). Assessment of
the performance of DOMs generally requires additional steps, and the best ways to
achieve this are not yet clear. There is no broadly-accepted goodness-of-fit test for
dynamic occupancy models, although MacKenzie & Bailey (2004)’s approach for
single-season occupancy models using a parametric bootstrap that can been
extended to DOMs; this test is implemented in the AICcModAvg and unmarked R
packages (Mazerolle 2016; Kéry and Chandler, 2016). Kéry & Royle (2021) describe the
test and present an alternative based on separately assessing fit to static and dynamic
components of the model. In Bayesian implementations, posterior predictive checks
offer means to assess model fit (Gelman, 2014). Broms et al. (2016) discusses further
possibilities for model evaluation in the Bayesian context focusing on single-season
multi-species occupancy models, and extensions of their approach may also be
applicable to the DOM. As with other hierarchical models, model evaluation for DOMs
can be difficult and somewhat uncertain compared to other model types, as the
primary response variable of interest (species occupancy) is a latent variable where the
true state is generally not known. Predictive performance evaluation is thus typically
based on observed occupancy data, where a DOM is used to simulate detection

histories to be compared with field survey results.
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Perhaps as a result of these difficulties, assessment of model fit and model
performance was rare amongst the articles in our sample. Only 18% of studies tested
for goodness-of-fit, and just 7% calculated predictive performance. These rates are
considerably lower than those reported for SDMs; for which closer to 50% of articles

were found to test both fit and performances (Araujo et al., 2019).

Modelling objectives

Studies in our sample were classified according to their objectives as stated by authors
to explore the use-cases that the DOM has been applied to (Figure 6). These objective
categories are non-exclusive, with many studies falling into multiple categories. Across
the study period the DOM has been frequently employed to estimate trends in species
occupancy, to explore relationships between environmental factors and occupancy,
and, increasingly often, to make predictions of occupancy spatially to unsurveyed
locations or temporally to hypothetical future conditions. Within each of these broad
categories lies even more variation in objectives, emphasising the DOM’s flexibility as a

tool for making ecological inference in diverse contexts.

36% of articles used the DOM to monitor trends in occupancy state through time
(“Estimate trends” in Figure 6 A), both for single species of high conservation interest
and for broader community assemblages of species (Ahumada et al., 2013; Scott &
Rissler, 2015). These studies offer valuable insights on the state of species across
landscapes and through time, demonstrating the DOM’s suitability for monitoring

oriented projects; including those where multiple species need to be assessed at once.
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Other articles were more focused on examining the factors that influence species
occupancy, either testing pre-specified hypothetical relationships (44% of articles) or
taking a broader tack to identify drivers of occupancy without preconception (35%).
The distinction between the two is important, as it guides which covariates may be
considered and how model selection may be used to fit models. Many of these studies
target core conservation priorities for their focal species, like Olson et al. (2005)’s early
DOM assessing the influence of barred owls on threatened spotted owl. Explorations
of these pivotal relationships are important for guiding management action, and may
also be used to test the effectiveness of these actions (K. E. Miller & Brown, 2023). In
scenarios where less is known about species habitat preference, DOMs may be used
to examine the influence of a wider variety of factors as in Huber et al. (2017)’s study
testing the relative influence of dozens of habitat covariates on Wood warbler
occupancy. In recent years, increasing numbers of articles have used DOMs to
generate predictions of species occupancy; this is a use-case for which DOMs show
considerable promise (Briscoe et al., 2021; Kéry et al., 2013). These predictions often
have strong utility for conservation management. For example, McGowan et al. (2020)
projects future occupancy for wetland birds under alternative management scenarios,
and Pollentier et al. (2021) generates distribution maps resembling those made with

SDMs.
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Figure 6: A) Proportion of articles in each year-strata and across all years that match
each of six non-exclusive objective categories. B) Quantity of covariates considered

per parameter for models that pursued each objective.
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Study objectives strongly inform approaches to model building, particularly with
respect to covariate selection. Figure 6 B presents the quantity of covariates
considered for models applied to each of our objective categories, with apparent
differences between objectives. Not unexpectedly, articles that focused on describing
new methods for DOMs had fewer covariates than those studies focused on more
applied objectives. However, differences persist between those articles observing

trends, identifying trends in occupancy, testing relationships, and making predictions.

Synthesis and key priorities

Approaches to building any type of model will necessarily depend on the possibilities
of the data at hand and on the priorities of the model-builder. This precludes any
prescription of the ‘best’ way to build a model, however, there are still important
discussions to be had on decisions made in the modelling process. One aspect of
fitting DOMs meriting broader discussion centres on ‘model complexity,” and how
much must be incorporated into models to reliably model species occupancy under
different contexts and use cases. Complexity is a broad term encompassing many
aspects of a model (Merow et al., 2014), and opinions on simplicity versus complexity
in ecological models are diverse. Where some advocate for the simplest possible
models, arguing that they are most generalisable; others insist that overly-simple
models cannot adequately represent the most important drivers in a system (Evans et
al., 2013; Lonergan, 2014). By their nature the DOM is somewhat more complex than

simpler models for studying occupancy due to their hierarchical structure, which is
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necessary to control for detectability and to capture occupancy dynamics. Within this
structure, however, further complexity is to some degree up to the modeller: one can
choose how many covariates to consider for inclusion on the various parameters, and
how to represent the nature of the relationship between those covariates and
parameters. Research from SDMs indicates that allowing for more complex
relationships can improve model performance in predicting occupancy (Valavi et al.,
2023), an increasingly popular use-case for the DOM. Within the DOM framework,
there are promising developments on that front: Joseph (2020) presents a novel neural-
network occupancy model that allows for exponentially higher levels of complexity and

may offer improved performance for prediction-oriented studies.

Covariate selection seems to be a particularly important area for further investigations
into building DOMs. In our review, we see little consensus around which approaches
are most applicable for any given use case, and existing work on covariate selection in
DOMs raises concerns on whether common methods always produce the most
suitable models (Morin et al., 2020; Stewart et al., 2023). This is true for both
frequentist and Bayesian implementations, and comparative research on covariate
selection under both frameworks may help to inform model users on which method is
most appropriate for their use-cases. In a similar vein, the low number of articles in our
review that conducted model evaluation or assessed model fit raises different
questions. While the appropriate method of model evaluation may depend on data
availability and research objectives, assessing models by some method is generally

important to understand how reliable model outputs may be (Araujo et al., 2005;
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Guisan & Thuiller, 2005). Existing uncertainties around whether current methods are
suitable for the task likely discourage users from calculating these metrics, and further

research is needed to establish trusted practices for assessing the quality of DOMs.

These priorities are particularly important given the frequent applied objectives of DOM
users, tackling challenges that include assessing critically endangered species, guiding
public health management of disease vectors, and tracking rapidly developing
biological invasions (Carvalho et al., 2023; Moreira et al., 2016; Wood et al., 2020). The
DOM is well suited to these situations, and it is to be expected that as these types of
applications are more commonly attempted understanding the sensitivity of model
outputs to decisions made in the model fitting process becomes increasingly
important. In the two decades since the publication of MacKenzie et al. (2003) the
dynamic occupancy model has become a widely used tool for ecological inference,
with numerous extensions to the modelling framework further broadening the scope of
questions and use-cases for which it may be applied. Given their increasing popularity,
further research and guidelines around issues of model building may help to make
DOMs more accessible to newcomers and support confidence in model interpretation.
Parallels to existing work in the SDM literature on guidelines for reporting and
modelling standards could be valuable contributions in achieving these aims and
provide useful examples in developing methods and guidelines specifically focused on

DOMs (Arauijo et al., 2019; Zurell et al., 2020).
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