
Biometrics , 2025, 81(2), ujaf056 
https://do i.org/10.1093/b iomtc/ujaf056 
Biome tric Me thodology Dis cus sion Pa per 

Dis cus sion on “Con tin uous - spac e oc cupancy models” by 

W ils on J. Wri gh t a nd Mevin B. Hoote n 

Jeffrey W. Dose r * a nd Krishna Pac i fic i 
Depa rtme n t of Forestry and Environmental Resources, North Carolina State University, Raleigh, NC 27606, United St ate s 

* Corresponding author: Jeffrey W. Doser, Depa rtme n t of Forestry and Environmental Resources, North Carolina State University, 2800 Faucette Drive, Raleigh, NC 

27606, United St ate s ( jw doser@ncs u.e du ). 

C  

t  

i  

p  

m  

i  

l  

d  

o  

2  

d  

W  

o  

p  

o  

a  

s  

(  

c
 

d  

(  

c  

p  

a  

(  

H  

i  

d

I  

s  

e  

t  

l

 

w  

t  

T  

n  

s  

N

 

w  

v  

p

 

T  

e  

e  

i  

d

 

A  

v

 

N  

h  

i  

A  

w  

s  

c  

R
©
j

D
ow

nloaded from
 https://academ

ic.oup.com
/biom

etrics/article/81/2/ujaf056/8129531 by N
orth C

arolina State U
niversity Libraries user on 14 M

ay 2025
1 I N T R O D U C T I O N 

ongra tula tions to Wilson J. Wri gh t a nd Mevin B. Hooten for
his insi gh tful con tribution a nd tha nk you to the Biometrics ed -
tors for the opportunity to d isc uss this pa pe r. Spatial occu-
ancy models are an increasingly common framework used to
ode l specie s distributions while ac c ounting for false ne gativ es

n data c olle ction and residual spatial autocorrelation in the e c o-
o gical proces s. Spati al autocorrel ation is typically ac c ommo-
ated within an occ u pancy model ing frame work throu gh the use
f dis cre te c ondition ally autore gressiv e terms ( Johnson et al.,
013 ) or with con tin uous spa tial pr oce sse s (Doser et al., 2022 )
espite the o bs erv e d data being c olle cte d within areal units.
ri gh t a nd Hoote n a rgue th at s uch misali gnme n t betw e en the

 bs erv e d data and modeling of spatial structure in the e c o lo gical
rocess can result in inferior inferences r egar ding the pr oportion
f area occ u pied by a species of in te res t. The authors propose
 n elega n t s o lution to this pro b lem bas e d on a clippe d Gaus-
i an proces s (D e Oliv eira, 2000 ) and ch ange of s upport methods
Cr essie, 1996 ) tha t they imple me n t using a n efficie n t Ma rkov
hain Monte Carlo (MCMC) algorithm. 
In this d isc ussion, we outl ine a n alte rn ativ e approach to ad-

ress the change of support via a point process occ u pancy
 PPO) model ( Koshkin a et al., 2017 ) th at explicitly makes the
 onne ction betw e e n local de nsity of individuals and detection
robability (R oy le and Nichol s, 2003 ). Thi s mode l pre se n ts
 diffe re n t viewpoin t of what is mea n t b y prese nce/abse nce
Gelfa nd, 2022 ). By compa ring this approach to the Wri gh t a nd
ooten model (hereafter WH model), we hope to more explic-

tly consider the interpr eta tion of “occ u pancy” and how it can
iffer across modeling framew orks . 

2 O CC U PA N  C Y  M O D E L I N G  V I A  P O I N T 

P R O C E  S S E  S  

ndividual a nimals ca n be view e d as points distributed across
pac e, which are n aturally re pre se n ted via point process mod-
ls (Hefley a nd Hoote n, 2016 ). Let S = ( s 1 , s 2 , . . . , s n ) denote
he locations of n individuals within some study area A . The like-
e c eiv e d: Ja n ua ry 30, 2025; Revised: Ma rch 3, 2025; Ac c epte d: April 23, 2025 
The Author(s) 2025. Published by Oxford University Press on behalf of The In te

ourn als .permis sion s@oup.com 
ihood for a spatial point process can be written as 

L ( θ;S) = exp 

{ 

−
∫ 

A 
λ( s ; θ) d s 

} 

n ∏ 

i =1 

λ( s i ; θ) , (1)

here λ( s ; θ) is an intensity function determining the distribu-
ion of individuals a cross spa c e th at depe nds on pa ra mete rs θ.
w o c ommon choic e s for mode ling λ( s ; θ) in e c o lo gy are the
onhomo geneous Pois s on proces s (NHPP) and the lo g Gaus-
ian Cox process (LGCP; Illian et al., 2008 ). For the simpler

HPP, the in te nsity function λ( s ; θ) is modeled a ccordin g to 

log ( λ( s ; θ)) = x 

� ( s ) β, (2)

here β re pre se n ts the effects of a set of spatially r efer enc e d c o-
 ari ates x ( s ) . The LGCP addition ally inc orporates a Gaus si an
rocess, w ( s ) into the log in te nsity function ac c ording to 

log ( λ( s ; θ)) = x 

� ( s ) β + w ( s ) . (3)

he most common form of d ata co llection for occ u pa ncy mod -
l s i s where o bs e rve rs survey a s e t of areal units j = 1 , . . . , J,
 ach with are a A j , mult iple t imes over k = 1 , . . . , K j r epea t vis-
ts to the site. The inte grate d in te nsity function over area A j is
efined by 

λ j = 

∫ 

A j 

λ( s ; θ) d s . (4)

pplying r esults fr om point pr oc ess the ory, the n umbe r of indi -
iduals N j within area A j is distributed as 

N j ∼ Pois s on ( λ j ) . (5)

ote that s ta nda rd occ u pa ncy models (MacKe nz ie et al ., 2002 ;
e reafte r STO models) r equir e the “closur e” assumption, which

s equivale n t to saying that the n umbe r of indiv iduals w ithin area
 j m us t re main gr ea te r tha n 0 or at 0 over all K j visits. Here,
 e c onside r the more s tringe n t ass umption th a t N j r em ains c on-
 ta n t ove r each of the K j visits in orde r to d irectly l ink the oc-
 u pancy d ata co llection proces s with the point proc ess . This as-
 rn ation al Biometric Society. All ri gh ts rese rv e d. For permis sion s, p leas e e-mail: 
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sumption is equivale n t to saying that individuals do not move to
a diffe re n t a rea ove r the time spa n of the r epea t visits. 

The occ u pa ncy of a r eal site j, z j , is immedia tely defined fr om
( 5 ) such that z j = 1 if and only if N j > 0 and similarly z j =
0 ⇐⇒ N j = 0 . T he proba bility of the spe cies oc c u pying site
j, ψ j , is defined as 

ψ j = P (z j = 1) = P (N j > 0) = 1 − P (N j = 0) = 1 − e −λ j . 

(6)

By v iew ing occ u pancy as a process explicitly defined from a
point process, it is then straightforward to link the detection
probability of the species to the n umbe r of individuals prese n t
in the areal site (R oy le and Nichol s, 2003 ). L et y j,k denote the
o bs erv e d dete ction (1) or nondetection (0) of the species of in-
te res t at site j during visit k. The o bs erv ation model for y j,k can
be defined by 

y j,k | N j ∼ Bernoulli (p 

∗
j,k ) , (7)

p 

∗
j,k = 1 − (1 − p j,k ) N j , (8)

logit (p j,k ) = v � 

j,k α, (9)

where p 

∗
j,k is the probability of detecting the species, p j,k is

the probability of detecting an individual, and α are effects of
cov ari ates v j,k . This PPO model effe ctiv ely extends the PPO
model of Koshkina et al. ( 2017 ) to explicitly ac c ount for the im-
pacts of local abundance on detection probability (R oy le and
Nichols, 2003 ). The PPO model could be imple me n ted in a
Bay esian fr amework using Mark ov chain Monte Carlo and, sim-
ilar to the WH model, leverage Nea res t Nei ghbor Gaus si an Pro-
ces s es (Da t ta et al., 2016 ) if λ( s ; θ) is modeled using an LGCP. 

3 CO M PA R I S O N TO  T H E  W H  M O D E L  

The WH model distinctly differs from the PPO model. The PPO
model considers occ u pancy as s o lely a dis cre te c onc ept whose
v alue imp l icitly depends u pon the size of the area A j over which
occ u pancy is being defined. As the size of A j increases, ψ j in-
cre ases to ward one. This c onc ept th at oc c u p ancy prob ability is
scale-depe nde n t is c ommonplac e in the e c ological litera tur e (Ef-
ford and Dawson, 2012 ). Unlike the STO model ([1] and [2] in
Wri gh t a nd Hoote n), the PPO model outlined he re allows for oc-
c u pancy to be defined a t differ ent scales via the int egrat ed int en-
sity function and the dete rminis tic r ela tionship betw e en oc cu-
pa ncy a nd the unde rlying poin t proc ess (Koshkin a et al., 2017 ).

The WH model c onsiders oc cupancy as a process in contin-
uous spac e. An alo gous to the dis cus sion in Gelfand and Shirota
( 2019 ), the WH mode l define s occ u pa ncy as a Be rnoulli trial at
a ny give n location s as opposed to the pr obability tha t the num-
ber of individuals within some area around location s is greater
than 0. In this framew ork, “oc c u pancy” of an areal unit A would
correspond to a block average of all locations in A , or equiva-
le n tly, the proportion of the point locations s ∈ A where occu-
pancy is one. This qua n tity is what Wri gh t a nd Hoote n use to re-
l ate de tection pro bability to the con tin uous occ u pancy surface
( i. e., [5] in Wri gh t a nd Hoote n), coge n tly a rguing th at dete ction
probability should increase as this proportion be c omes closer 
to one. This is a n importa n t r ealiza tion to conside r whe n a p-
plying this model and interpreting the resulting occ u pancy sur- 
face, pa rticula rly give n the a r gua bly more common in te rpret a - 
tion of occ u pancy as being defined only for dis cre te units (Lele 
et al., 2013 ). To c onc eptualize this, s uppose the expe cte d abun- 
dance of individuals increases within areal unit A j but the in- 
creases only occur within a subs e t of the unit that is already occu- 
pie d. In this case, oc c u p ancy prob ability as defined by the PPO 

model would increase since occ u p ancy prob ability by definition 

increases with expe cte d abundanc e. How ev er, oc c u p ancy prob a- 
bility as defined by the WH model would remain the same since 
the proportion of area occ u pied does not change. 

Despite the diffe re nces, the a pproaches a re simila r in that they 
both a t t empt t o link det ection–nondet e ction data c olle cte d at 
a n a real unit to a n e c o lo gical proces s occurrin g a cross con tin u-
ous space. Furthermore, the WH model and PPO model both 

exp licitly addres s he tero geneity in detection probability that is 
not ac c ounte d for in the STO model. In the PPO mode l, detec - 
tion probability of the species within a n a real unit increases as the 
abundance of the site increases ( 8 ). Similarly, in the WH model, 
de tection pro bability of the species within an areal unit increases 
as the proportion of the site that is occ u pied increases ( i. e., [5] in 

Wri gh t a nd Hoote n). A key limit ation of the STO mode l is that it 
does not ac c oun t for abunda nce- re lat ed het e roge neity in detec- 
tion probability, which can in certain situations lead to bias (Do- 
razio, 2007 ). Importa n tly, both the WH model and PPO model 
r equir e any cov ari ates on occ u pancy be av ail ab le at each spatial
location s in the study region, which may pose a si gnifica n t limi - 
tation for practitioners int erest ed in implementing these frame- 
works when important habitat features for the species of in te res t 
are not av ail ab le vi a remote s en sing products. 

4 T H E  C L O S U R E A S S U M  P  T I O N  

The STO model r equir es making the assumption that the true 
occ u pa ncy s tate of a n a r eal site r em ains c ons ta n t ove r the time
span of the r epea t s urv eys done at the site (ie, the “closure”
as sumption). G iven that occ u pancy is defined across contin- 
uous space in the WH mode l, doe s the WH model r equir e 
closur e acr oss the e n tire con tin uous domain? In other words, 
for all s ∈ A , does the model r equir e z ( s ) to rem ain c ons ta n t
across the repeated visits? Or rather does the model r equir e 
th at only m ax s ∈A 

z ( s ) rem ain c onstant ov er the r epea ted vis- 
its? To se parate ly e stim ate oc c u pancy and dete ction, w e w ould
expect only the la t t er t o be a neces s ary as sumption . However, 
the reliance of detection probability on the block average oc- 
c u pancy ([5] in Wright and Hooten) across the areal unit in- 
dica tes tha t if this block-lev el av erage w ere to ch an ge o ver the
r epea t visits, bias may be induced in detection probability and 

ultim ately the oc c u pancy s urfac e. Similarly, in the PPO model 
outline d in Se ction 2 , dete ction probabil ity is d ir ectly r ela ted 

to abundance in the areal site, and thus any change in abun- 
da nce (a nd not jus t a cha nge from N j = 0 to N j > 0 or vice
v ersa) w ould likely re nde r bias in the es tim ate d oc c u pancy prob- 
abilities . Note the e c o lo gical imp lication s of this “bi as” may 
simply result in a shift in in te rpretation of the underlying esti- 
mates (Kendall and White, 2009 ). Neverthe le s s, further as s es s- 
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e n t of vio l ation s of the closure as sumption on the WH model
ould be fruitful in helping ide n tify its use and interpr eta tion by
ract it ioners. 

5 CO N  C LU D I N G  R E M A R K S  

he diffe re n t in te rpr eta tions of occ u pancy betw e en the WH
odel and the PPO model outlined here may lead to the ques-

ion of which viewpoint of occ u pancy is “c orre ct”? We do not
elieve this is a useful question and instead argue that both
iewpoin ts ca n provide useful information on species distribu-
ions . The most s uit able frame w ork for a giv e n a ppl ication l ikely
epends on the characteristics of the species of in te res t a nd
 tudy desi gn. For exa mple, the WH mode l provide s a n in tu-
tive way to model pla n t c ov e r (Wri gh t, 2024 ), while the PPO

odel may be helpful in linking in te rpr eta tions of animal oc-
 u pa ncy to a nim al mov e me n t, which a re ofte n described using
oint proces s es (eg, Fieberg e t al., 2021 ). Cruci ally, w e believ e

t is more importa n t for e c o lo gists using different occ u pancy
ode ling frame w orks to clearly define wh at is mea n t b y “oc-

 u pancy” in a given analysis, how the analysis framework influ-
nces this interpr eta tion, and the impacts such a framework and
ts as sumption s have on the underlying inferenc es th at can be
rawn. 
In s umm ary, the c ont inuous spat ial occ u pancy model pre-

e n ted b y Wri gh t a nd Hoote n is a n importa n t s tep forwa rd in
he gr owing litera tur e on spa ti ally-exp lic it spec ies distribution

odels . We again c ongra tula te the authors for their insi gh t-
ul con tribution a nd loo k forw ar d to futur e advances in this
rea. 

F U N D I N G  

one de clare d. 
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one de clare d. 
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