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1 INTRODUCTION

Congratulations to Wilson J. Wright and Mevin B. Hooten for
this insightful contribution and thank you to the Biometrics ed-
itors for the opportunity to discuss this paper. Spatial occu-
pancy models are an increasingly common framework used to
model species distributions while accounting for false negatives
in data collection and residual spatial autocorrelation in the eco-
logical process. Spatial autocorrelation is typically accommo-
dated within an occupancy modeling framework through the use
of discrete conditionally autoregressive terms (Johnson et al,,
2013) or with continuous spatial processes (Doser et al., 2022)
despite the observed data being collected within areal units.
Wright and Hooten argue that such misalignment between the
observed data and modeling of spatial structure in the ecological
process can result in inferior inferences regarding the proportion
of area occupied by a species of interest. The authors propose
an elegant solution to this problem based on a clipped Gaus-
sian process (De Oliveira, 2000) and change of support methods
(Cressie, 1996) that they implement using an efficient Markov
chain Monte Carlo (MCMC) algorithm.

In this discussion, we outline an alternative approach to ad-
dress the change of support via a point process occupancy
(PPO) model (Koshkina et al., 2017) that explicitly makes the
connection between local density of individuals and detection
probability (Royle and Nichols, 2003). This model presents
a different viewpoint of what is meant by presence/absence
(Gelfand, 2022). By comparing this approach to the Wright and
Hooten model (hereafter WH model), we hope to more explic-
itly consider the interpretation of “occupancy” and how it can
differ across modeling frameworks.

2 OCCUPANCY MODELING VIA POINT
PROCESSES

Individual animals can be viewed as points distributed across
space, which are naturally represented via point process mod-
els (Hefleyand Hooten, 2016).LetS = (sy, s,, - - - , 5, ) denote
the locations of n individuals within some study area A. The like-

lihood for a spatial point process can be written as
ﬁmﬁ”=e@{—/K@0M4IIM$0L (1)
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where A (s; @) is an intensity function determining the distribu-
tion of individuals across space that depends on parameters 6.
Two common choices for modeling A(s; @) in ecology are the
nonhomogeneous Poisson process (NHPP) and the log Gaus-
sian Cox process (LGCP; Illian et al., 2008). For the simpler
NHPP, the intensity function A(s; ) is modeled according to

log(A(s; 0)) = x' (s)B, ()

where B represents the effects of a set of spatially referenced co-
variates x(s). The LGCP additionally incorporates a Gaussian
process, w(s) into the log intensity function according to

log(A(s;0)) = x" (s)B + w(s). (3)

The most common form of data collection for occupancy mod-
els is where observers survey a set of areal units j =1, ..., ],
each with area A j, multiple times overk = 1, ..., Kj repeat vis-
its to the site. The integrated intensity function over area A; is

defined by

L:fk@mﬁ 4)
A

Applying results from point process theory, the number of indi-
viduals N; within area A is distributed as

N; ~ Poisson(xj). (5)

Note that standard occupancy models (MacKenzie et al., 2002;
hereafter STO models) require the “closure” assumption, which
is equivalent to saying that the number of individuals within area
A must remain greater than 0 or at 0 over all K; visits. Here,
we consider the more stringent assumption that N; remains con-
stant over each of the K visits in order to directly link the oc-
cupancy data collection process with the point process. This as-

Received: January 30, 2025; Revised: March 3, 2025; Accepted: April 23,2025

© The Author(s) 202S. Published by Oxford University Press on behalf of The International Biometric Society. All rights reserved. For permissions, please e-mail:

journals.permissions@oup.com

G20z AeN 1 U Josn saueiqrT Asioniun ajels euljoied YUON Aq LEG6Z18/9504eN/Z/L8/01MEe/SOLIBWOIq /W09 dNO"D1WapED.//:Sd)lY WOl PapEOjuMOd


https://doi.org/10.1093/biomtc/ujaf056
http://orcid.org/0000-0002-8950-9895
mailto:jwdoser@ncsu.edu
mailto:journals.permissions@oup.com

2 e Biometrics, 2025, Vol. 81, No. 2

sumption is equivalent to saying that individuals do not move to
a different area over the time span of the repeat visits.

The occupancy of areal site j, z;, is immediately defined from
(5) such that z; = 1 if and only if N; > 0 and similarly z; =
0 <= Nj; = 0. The probability of the species occupying site
Jy ¥j, is defined as

Y;=P(z;=1)=P(N; > 0)=1—P(N; =0)=1—¢ V.
(6)

By viewing occupancy as a process explicitly defined from a
point process, it is then straightforward to link the detection
probability of the species to the number of individuals present
in the areal site (Royle and Nichols, 2003). Let y; x denote the
observed detection (1) or nondetection (0) of the species of in-
terest at site j during visit k. The observation model for y; ;. can

be defined by

Yik | Nj~ Bernoulli(p*]f,k), (7)
Pa=1- (1= p N, (8)
logit(p; 1) = v/ e, 9)

where p;k is the probability of detecting the species, p; x is
the probability of detecting an individual, and o are effects of
covariates v; . This PPO model effectively extends the PPO
model of Koshkina et al. (2017) to explicitly account for the im-
pacts of local abundance on detection probability (Royle and
Nichols, 2003). The PPO model could be implemented in a
Bayesian framework using Markov chain Monte Carlo and, sim-
ilar to the WH model, leverage Nearest Neighbor Gaussian Pro-
cesses (Datta et al., 2016) if (s; #) is modeled using an LGCP.

3 COMPARISON TO THE WH MODEL

The WH model distinctly differs from the PPO model. The PPO
model considers occupancy as solely a discrete concept whose
value implicitly depends upon the size of the area A over which
occupancy is being defined. As the size of A; increases, ¥/; in-
creases toward one. This concept that occupancy probability is
scale-dependent is commonplace in the ecological literature (Ef-
ford and Dawson, 2012). Unlike the STO model ([1] and [2] in
Wright and Hooten), the PPO model outlined here allows for oc-
cupancy to be defined at different scales via the integrated inten-
sity function and the deterministic relationship between occu-
pancy and the underlying point process (Koshkina et al., 2017).

The WH model considers occupancy as a process in contin-
uous space. Analogous to the discussion in Gelfand and Shirota
(2019), the WH model defines occupancy as a Bernoulli trial at
any given location s as opposed to the probability that the num-
ber of individuals within some area around location s is greater
than 0. In this framework, “occupancy” of an areal unit .A would
correspond to a block average of all locations in .4, or equiva-
lently, the proportion of the point locations s € A where occu-
pancy is one. This quantity is what Wright and Hooten use to re-
late detection probability to the continuous occupancy surface
(ie., [S]in Wright and Hooten), cogently arguing that detection

probability should increase as this proportion becomes closer
to one. This is an important realization to consider when ap-
plying this model and interpreting the resulting occupancy sur-
face, particularly given the arguably more common interpreta-
tion of occupancy as being defined only for discrete units (Lele
etal, 2013). To conceptualize this, suppose the expected abun-
dance of individuals increases within areal unit .4; but the in-
creases only occur within a subset of the unit that is already occu-
pied. In this case, occupancy probability as defined by the PPO
model would increase since occupancy probability by definition
increases with expected abundance. However, occupancy proba-
bility as defined by the WH model would remain the same since
the proportion of area occupied does not change.

Despite the differences, the approaches are similar in that they
both attempt to link detection-nondetection data collected at
an areal unit to an ecological process occurring across continu-
ous space. Furthermore, the WH model and PPO model both
explicitly address heterogeneity in detection probability that is
not accounted for in the STO model. In the PPO model, detec-
tion probability of the species within an areal unit increases as the
abundance of the site increases (8). Similarly, in the WH model,
detection probability of the species within an areal unit increases
as the proportion of the site that is occupied increases (i.e., [$] in
Wright and Hooten). A key limitation of the STO model s that it
does not account for abundance-related heterogeneity in detec-
tion probability, which can in certain situations lead to bias (Do-
razio, 2007). Importantly, both the WH model and PPO model
require any covariates on occupancy be available at each spatial
location s in the study region, which may pose a significant limi-
tation for practitioners interested in implementing these frame-
works when important habitat features for the species of interest
are not available via remote sensing products.

4 THE CLOSURE ASSUMPTION

The STO model requires making the assumption that the true
occupancy state of an areal site remains constant over the time
span of the repeat surveys done at the site (ie, the “closure”
assumption). Given that occupancy is defined across contin-
uous space in the WH model, does the WH model require
closure across the entire continuous domain? In other words,
for all s € A, does the model require z(s) to remain constant
across the repeated visits? Or rather does the model require
that only max,c 4z(s) remain constant over the repeated vis-
its? To separately estimate occupancy and detection, we would
expect only the latter to be a necessary assumption. However,
the reliance of detection probability on the block average oc-
cupancy ([S] in Wright and Hooten) across the areal unit in-
dicates that if this block-level average were to change over the
repeat visits, bias may be induced in detection probability and
ultimately the occupancy surface. Similarly, in the PPO model
outlined in Section 2, detection probability is directly related
to abundance in the areal site, and thus any change in abun-
dance (and not just a change from N; = 0 to N; > 0 or vice
versa) would likely render bias in the estimated occupancy prob-
abilities. Note the ecological implications of this “bias” may
simply result in a shift in interpretation of the underlying esti-
mates (Kendall and White, 2009). Nevertheless, further assess-
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ment of violations of the closure assumption on the WH model
could be fruitful in helping identify its use and interpretation by
practitioners.

S CONCLUDING REMARKS

The different interpretations of occupancy between the WH
model and the PPO model outlined here may lead to the ques-
tion of which viewpoint of occupancy is “correct”> We do not
believe this is a useful question and instead argue that both
viewpoints can provide useful information on species distribu-
tions. The most suitable framework for a given application likely
depends on the characteristics of the species of interest and
study design. For example, the WH model provides an intu-
itive way to model plant cover (Wright, 2024), while the PPO
model may be helpful in linking interpretations of animal oc-
cupancy to animal movement, which are often described using
point processes (eg, Fieberg et al,, 2021). Crucially, we believe
it is more important for ecologists using different occupancy
modeling frameworks to clearly define what is meant by “oc-
cupancy” in a given analysis, how the analysis framework influ-
ences this interpretation, and the impacts such a framework and
its assumptions have on the underlying inferences that can be
drawn.

In summary, the continuous spatial occupancy model pre-
sented by Wright and Hooten is an important step forward in
the growing literature on spatially-explicit species distribution
models. We again congratulate the authors for their insight-
ful contribution and look forward to future advances in this
area.
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