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

ithin the family of mode ls de signed to estimate species pres-
nce, known as species distribution models (S DMs), oc c u pancy
odels ac c oun t for impe rfe ct dete ction. While the re a re m ulti -
 le av ail ab le option s to perform SDMs in con tin uous space, this

s not the case for occ u pa ncy models. Wri gh t a nd Hoote n ( in
r ess ) pr opose a very inter esting appr oach to fil l this gap. They
ropose a novel approach using a clipped Gaus si an proces s to

nfer specie s pre senc e ov er c ontinuous spac e, instead of the tra-
ition al site-base d oc c u pancy models . Their proposition h as sig -
ifica n t pote n t ial , a nd we exa mine it furthe r from both practical
nd e c o lo gical perspe ctiv es . 

2 M O D E L  F O R M U L AT I O N 

he re a re 2 m a jor e c o lo gical benefits to the a uthors’ appro ach:
he ability to estimate the actual proportion of area occ u pied (as
pposed to the proportion of sites occ u pied) and the potential

o address the issue of cha nge-of-support, whe n the spatial scale
s not aligned between different spatial data sourc es . 

2.1 Co ntin uous - spac e oc cupa ncy infe re nce 
he adva n tage of conside ring occ u pa ncy con tin uously in space,

s the authors hi ghli gh t, lies in the ability to estimate the pro-
ortion of area that is truly occ u pied, rathe r tha n relying on

he proportion of occ u pied sites (dis cre te spati al units that de-
end on the site s amp ling proces s). The l a t te r is inhe re n tly bi -
s ed upw ard, becaus e a site is considered occ u pied if even a
mall part of it is occ u pied. Mo vin g beyond this dis cre t izat ion
llows for a more o bj e ctiv e meas ure me n t of the qua n tity of in-
e res t a nd could, for exa mp le, make it pos sib le to compa re s tud -
es c onducte d a t differ ent spa tial r es o lution s. On a l a rge r scale,
his could help limit ove res t imat ion bi as es in occ u pied ar eas, r e-
ardless of the discr etiza tion s cale us ed (Moat e t al., 2018 ). This
s pa rticula rly importa n t because the a rea of occ u pancy is one
f the cr iter i a us ed b y the In te rn ation al Union for the Con s er-
ation of Nature to e st ablish the Red List of Ecosystems (Ro-
ríguez et al., 2015 ), and thi s li st i s a corne rs tone of ma ny biodi -
 ersity c on s erv at ion act ion s, a key found ation for pr ior it izat ion
 nd comm unication efforts. 
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How ev er, dis cre te-space re pre se n tations a re not always irrel-
va n t. In ma ny cases, discr etiza tion is not a rbitra ry but bio lo g-
cally mea ningful, pa rticula rly due to the structuring of habi-
a ts and popula tions. Thi s i s e specially re leva n t for species that
 re hi ghly spe cialize d in c ertain h abita ts, wher e our e c o lo gi-
al kno wledg e allo ws us to cle a rly ide n tify a nd dis cre tize thes e
 abitats . For example, c olonial nesting birds ar e structur ed as
e tapopul ation s, making spati al dis cre t izat ion not only intuitive

ut also e c ologically justifie d. Colony dyn amics fo llow me tapop-
la tion pr oce sse s, wher e pa tch occ u pancy fluctuat es due t o lo-
al ext inct ion s and (re)co lonization of suitab le habitats (Han ski
 nd Gilpin, 1991 ). Dyna mic site occ u pa ncy models ca n effec-
ive ly capture the s e fluctuation s, and in this context, r epr ese n t-
ng colonies as discr ete spa tial units is both appr opria te and e c o-
og ically meaning ful (Barbraud et al., 2003 ). Another example

her e discr et iz in g spa ce int o sit e s is re leva n t is for amp hibi an
pe cies th a t ar e hi ghly depe nde n t on pe rma ne n t ponds ide n ti -
ed in the l ands cape (eg, Mazerolle et al. ( 2005 )). 

2.2 Cha ng e-of-suppo rt 
n s tatis tical e c o lo gy, addres sing the ch ange-of-s upport pro b lem
s a recurring challenge. This is sue aris es from s cale mis matche s
etw e e n diffe re n t da ta sour ces, which can be a temporal and/or
 spatial mismatch . The propos e d c on tin uous - spac e oc c u pancy
ode l handle s spati al s cale mis matche s: for example, specie s

c currenc es re c orde d as point locations m us t be aligned with
he spatial scale of e nvironme n tal cova riat es, oft en available at
oa rse r resolut ions. Addit ionally, spat i al cov ari a tes fr om differ-
 n t sources may have inconsis te n t resolutions, which m us t also
e ac c ounte d for. We believ e th at ch ange-of-s upport is an impor-

a n t aspect to consider to ensure using reli ab le me thods. 
The se challenge s h av e be c ome mor e pr omine n t with the rise

f int egrat ed models, which combine multip le d a ta str eams and
ntr oduce spa tial a nd te mporal mis matche s (Pac i fic i et al., 2019 ).
n pa rticula r, in t egrat ed SDMs have received con siderab le a t ten-
 ion in stat ist ical e c o lo gy, m aking the ch ange-of-s upport iss ue
ncr easingly r eleva n t in this field. O c c u pancy models, a spec i fic
ype of S DM th at ac c oun ts for impe rfe ct dete ct ion (Kéry et al .,
010 ; Com te a nd Gre noui l le t, 2013 ), face the s a me challe nges,
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meaning s o lution s dev elope d for S DMs m ay als o app ly to occu-
pancy models. 

S e veral types of spatial misali gnme n t ca n occur: 

(1) Ar ea-to-ar ea: Species o bs erv ation s may be r ecor ded a t
a coa rse r or fine r res o lution tha n the unde rlying e c o-
lo gical proces s es or e nvironme n tal cova ria tes, r equir-
ing u pscal ing or down s caling to a common res o lution .
For exa mple, species dis tributions or abundanc es h av e
bee n infe rr ed fr om coarse-r es o lution o bs erv ation d ata
such as fisheries ca tch declara tions or h arv est re c ords
(Al glave, 2022 ; Fe rnández-López et al., 2025 ). Beyond
species o bs erv ation d a ta, ar ea-to-ar ea misma tches also
a rise whe n in tegrating diffe re n t e nvironme n tal cova ri -
ates, as they ofte n va ry in spatial resolution and r equir e
s ta nda r diza tion. 

(2) Ar ea-to-point: Envir onmental da ta often h av e c oa rse r
res o lution s th an spe cies oc currenc es . A c ommon case is
land c ov er da ta fr om r e mote se nsing, use d to m ap h abi-
ta ts a t br o ad scales (Niedb alla et al., 2015 ). The resulting
ras te r s misal i gn with poin t -b ase d spe cies re c ords . This
challenge is an on goin g c onc ern in stat ist ical e c o lo gy,
as shown by Mourguiart et al. ( 2024 ), who c ompare d
methods to address spatial misali gnme n t in S DMs . 

(3) Po int-to-po int: Even when both species and environ-
me n t al dat a a re poin t -b ased , their locat ions may not
align. Thi s i ss ue c onc erns spa tial pr ecision ra the r tha n
scale. While not a ch ange-of-s upport problem, it is a spa-
tial misma tch, mor e closely r ela t ed t o missing observa-
tions. It can be addressed through in te rpolation or im-
put ation technique s (Finley et al., 2014 ). 

The re a re a wide range of s tatis tical methods to integra te da ta
c olle cte d a t differ ent spa ti al s cales (Gotw ay and Young, 2002 ;
Mads en e t al., 2008 ; Ya rali a nd Rivaz, 2020 ). The occ u pancy
model proposed by the authors offers a promising approach
for ha ndling a rea-to-a rea a nd a rea-to-poin t mism atches . Their
method not only makes it pos sib le t o estimat e occ u pancy con-
tinuously in space but also supports the integration of d iver se
spati al cov ari ate d ata formats, as long as they are av ail ab le at ev-
e ry poin t in space. 

For ins ta nc e, it c ould en ab le the us e of v e ctor ge o grap hic infor-
mation sys te m data, ofte n av ail ab le in pub lic l a nd -us e d atabas es,
without requiring spat ial aggregat ion or s umm ar ization metr ics
typically ne e de d to upscale s uch data: If v e ctor d ata of po ly-
gons that re pre se n t the fores t c ov er is av ail ab le, the n this a p-
proach makes it pos sib le to determine whether each given point
falls within a for est, ra ther than relying on aggre gate d metrics
such as the pe rce n t age of fore st c ov er within a site. Conversely,
this method supports the integration of coarse- re solution ras te rs
av ail ab le at large scales . How ev e r, use rs should remain cautious,
as the res o lution of the cov ari at e rast er is likely to influence the
spa tial pr ecision of the res ulting oc c u pa ncy es tim ates, ev en if the
integration is technically and ma thema tically feasible. 

2.3 Fu rth e r explo ratio n a nd p ractic a l c on s iderat ion s 
The authors propose a short simulation study that hi ghli gh ts the
main adva n t age of their mode l: its ability to e stima te the pr opor-
tion of truly occ u pied area without the bias introduc e d b y es ti - 
mating the proportion of occ u pied sites. This is likely the main 

mot ivat ion behind its developme n t. As pote n ti al us ers, w e re c-
ognize the value of this a pproach a nd a re e ag er t o bett e r unde r-
s ta nd the model’s behaviour. We unde rs ta nd tha t addr essing all 
pote n tial ques tions about a ne w mode l in a single publication is 
not feasible and was not the authors’ in te n t. How ev er, w e w ould 

like to see further exploration of the model, for ins ta nce, through 

addit ional simulat ions . Such w ork c ould serv e as a v aluab le com- 
ple me n ta ry publication and would certainly provide useful rec- 
ommend ation s to e c o lo g i sts. 

M o del ass umpt io ns. We would like to bette r unde rs ta nd the as-
sumptions underlying this model and thus its potential appli- 
cation s. We as sume that the mode l incorporate s the cl as sic as- 
sumptions of st atic single-specie s site-occ u pancy models, along 
with additional ones introduced by the equations used to tran- 
sition to con tin uous space. For example, how is the closure as- 
s umption (anim als do not mov e betw e en sites) h andle d in this 
framework? 

Sa mp l i ng design. Complement ary work could improve the 
s amp ling design re c ommend ation s for this model. What spa- 
ti al cov ari at e charact eristics are ne e de d to h av e an appr opria te
occ u pa ncy infe re nce? Wha t spa tial structur e d iver sity is re c om-
mended for a good est imat ion of the spatial cova ria nce function? 
How reli ab le i s thi s model with expe rime n t al de signs with fe wer
o bs erv ation points, which is often the case in practice? 

M o delli ng cho ices. What is re c ommende d in practic e re garding 
the finite n umbe r of locations to h av e a reason able approxim a- 
tion ( s 1 , s 2 , . . . , s D 

), with the appr oxima tion exp l ained by the
authors in equations (6) and (7)? Is it s trai gh tforwa rd to de- 
fine the buffer size for A i ? Should it depend on the species home 
ra nge, or the sa mpling effort? How sensitive are the model out- 
puts to these choices? 

3 I N F E R E N C E  

Baye sian e st imat ion of spat ial models comes with a computa- 
tion al burden th at ge ne rally increases with the n umbe r of o bs er- 
v ation s . This ch allenge be c omes ev en mor e pr onounc e d when
the spatial model includes a hidde n laye r that m us t be in t egrat ed 

out (Kang and Cres sie, 2011 ; Banerj ee and Fuentes, 2012 ). Al- 
though Int egrat ed Nest ed Lap l ace Appr oxima t ions (I NLA) has 
be c ome a widely popular approach for handling spatial random 

effects (Lind gre n a nd Rue, 2015 ), this pa pe r proposes a n alte r- 
n ativ e method. The approach re lie s on approximating certain 

integrals using a dis cre te sum over surr oga te points, selecting a 
prior to ensure partial con ju gac y, and employ ing the Ve c chia ap- 
pr oxima tion, which draws inspira tion fr om Markov proces s es. 
Spec i fically, it appr oxima tes the conditional distribution z d | 
z 1 , . . . , z d−1 b y z d | z c (d) , whe re c (d) ⊂ 1 , . . . , d − 1 . This 
simplification of c ondition al depe nde ncies results in a sparse 
pre cision m atrix, allowing for more efficie n t pos te rior sa mpling. 
Practical imple me n tation i s al so g ive n si gnifica n t a t te n tion b y
ca refully orga ni zing the D po in ts a nd proposing a n update s trat- 
egy for spatial terms th at m argin alizes ov er the r egr ession param- 
eter β. 

It would be in te res ting to see a comparison of this Markov ap- 
pr oxima tion with the INLA approach in term of c omputation al 
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fficiency, but also in terms of impact of the diffe re n t a pproxima-
ions on the pos te rior dis tribution a ccura c y. A s INLA a pproxi -

a tion r e lie s p artly on a Ga us si a n Ra ndom Ma rkov field defined
n a mesh, it mi gh t not be so diffe re n t tha n the a ppr oxima tion of

he c ondition al distribution. 

4 S U G G E ST I O N S  F O R F U T U R E  

D E V E L O P M E N TS  

4.1 Clipp ed o ccupa ncy p rocess 
n assumption in the curre n t form ulation of the model is that

he late n t occ u pancy process is clipped to produce binary pres-
 nce/abse nce es timates. We wonde r whethe r re mo vin g the clip-
ing step in the late n t con tin uous occ u pancy process could be
orth exploring as an adaptation of the authors’ model. Retain-

ng ˜ z (s ) to r epr ese n t the e c ological proc ess, instead of clipping
t to 0 or 1 as z (s ) , could provide a more n ua nc e d meas ure of
 abitat s uitability, offering a c ontinuous gradient of occ u pancy
ote n tial rathe r tha n a s trict prese nce/abse nce classification. Ad -
itionally, this approach might simplify inference, as the inte-
ral 

∫ 
A i 

z (s ) ds would be rep l aced by 
∫ 

A i 
˜ z (s ) ds , which remains

 Gaus si an proces s, pres erving its prope rties a nd pote n tially im-
ro vin g c omputation al efficiency. 

4.2 Co ntin uou s spac e-t im e occupan cy m odeling 

eyond impro vin g the spatial re pre se n tation of occ u p ancy, a nat -
ral pr ogr ession is to extend this continuous approach into the

e mporal dime n sion . The authors clos ed their pa pe r b y su gge st-
ng the possibility of modeling occupancy in continuous space-
ime. Like them, we find this a fascinating research ave n ue; ho w -
v er, w e also re c ognize the s ubs ta n tial complexity of construct-
ng such models and the pote n tial challe n ges in producin g ro-
ust, reli ab le outc omes . 
This pa pe r focuses on the con tin uous - space question in oc-

 u pancy model ing, yet con tin uous-time raises diffe re n t iss ues .
on tin uous-time models in occ u pa ncy ofte n refe r t o time-t o-
rst- detection models (Henry et al., 2020 ; Halstead et al., 2021 ;
aines et al., 2023 ; Priyada rsha ni et al., 2024 ), in which the

pecies o bs erv ation d ata are re pre se n ted as the t ime unt il first
ete ction, henc e a c ontinuous respon s e v ari ab le, rather than as
in ary dete ction/non-dete ct ion data. Another opt ion to expand

he author’s model would be to analyze time-to- each- detection
ata, a n a pproach th at gaine d in te res t in re c e n t yea rs with the ad -
e n t of se nsors such as ca me r a tr a ps (Kellne r et al., 2022 ; Haines
t al., 2023 ; Rushing, 2023 ). How ev e r, in these exa mples the
on tin uous-time compone n t a pp lies only to the de te ction s ub-
ode l of the hie ra rchical occ u pa ncy model a nd doe s not a ffect

he occ u pa ncy s ta te. We found tha t such appr oaches may not im-
rov e oc c u pa ncy es tim ates ov er dis cre te-time models in many
ase s (Pautre l et al., 2024 ). The ch allenges inv olv e d in extending
 con tin uous-time a pproach to the occ u pancy sub- mode l of the
ie ra rchical fra mew ork sh are aspe cts with those w e expe ct when

rying to develop a truly con tin uous spatio-te mporal occ u pancy
odel. 
A prim ary c onc ern arises from animal move me n t. In cl as sical

is cre te-spac e oc cupa ncy models, a n ass umption is th at anim als
o not move between dis cre tized space units. This is typically
chiev e d by choosing sites la rge r tha n the species’ home range.
on tin uous - space models ge ne rally assume that the occ u pancy

tate is constant over time. When both space and time are mod-
led as con tin uous proces s es, thes e as sumption s no longer ho ld
ecause of animal move me n ts in space and time. 
Ther efor e, it s eem s ne c es s ary to ac c ount for mov ement in

 ome w ay. Tw o non-exclusiv e option s are pos sib le. The first,
or e complex appr oach, would be to add a dete rminis tic com-

one n t to the model to exp licitly des cribe move me n t. The sec-
nd, a simpler extension of the prese n te d model, w ould ke ep
ove me n t implicit, while incorporating spatio-temporal v ari a-

ion s in pres e nce. This ali gns with dyna mic occ u pa ncy mod -
ls that incorporate coloni zation- extinction proces s es. Most dy-
 amic oc c u pancy model operate in dis cre te time, and we can en-
ision how the authors ’ mode l could be adapted to a dynamic
cc u pancy model in dis cre te time, for in s ta nce, b y conside ring
 coloni zation- extinction proc ess . How ev e r, for infe re nce to be
os sib le, dynamic models typically rely on the assumption that
ites are dis cre te in space (MacKenzie et al., 2003 ). 

G iven thes e challenges, eco lo g ical diffusion model s offe r a n
 ppealing alte rn ativ e. The se mode ls, which re ly on pa rtial diffe r-
 n t ial equat ions to capture diffusion proces s es, h av e be en use d to
nde rs ta nd phe nome n a s uch as spe cies d isper sal, d is eas e spread,
nd invasion dynamics (Cangelosi and Hooten, 2009 ; Louvrier
t al., 2020 ; Za mbe rlett i et al ., 2022 ). For ins ta nce, Hefley et al.
 2017 ) introduc e d a me ch a nis t ic spat iotemporal model within a
ie ra rchical Bayesia n fra mework as a n alte rn ativ e to re gression-
 ased appro aches lik e SDM s or occ u panc y models w ith cova ri -
tes whose impact on the respon s e v ari ab le (e g, spe cies pres-
 nce) is es tima ted via r egr es sion . Notab ly, such a pproaches be n-
fit from a con tin uous space a nd time framework r egar ding the
mple me n tation efficie ncy (Hefley et al., 2017 ), in con tras t to
l as sical r egr e ssion mode ls, whe re con tin uous a pproaches ca n
mpose a si gnifica n t c omputation al burde n a nd subs ta n tially in-
r ease fit t ing t ime, as o bs erv e d in the authors’ study. 

4.3 Mode l imple me ntatio n a nd avai labi lity 
e w mode ls inevit ably come with trade-offs. For example, in

his case, despite the authors’ opt imizat ions for MCMC infer-
nc e, their propose d mode l t ake s longer to fit than more cl as sical
is cre te-spac e oc cupancy models . How ev er, with fitting times of
ppr oxima tely 3 h for their sim ulation s tudy a nd 6 h for their
vi an d ata app lication, w e fe el th at it should sti l l be m an ag e able
or r esear chers. While these computational costs may be a limit a -
ion, w e person ally think they do not outweigh the importance of
mple me n t ation. Making ne w mode ls av ail ab le in ac c es sib le s oft-

are would allow pract it ioners to explore their pote n tial be nefits
sing their own data and research questions. 
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1 I N T R O D U C T I O N 

Congra tula tions to Wilson J. Wri gh t a nd Mevin B. Hooten for 
this insi gh tful con tribution a nd tha nk you to the Biometrics ed - 
itors for the opportunity to d isc uss this pa pe r. Spatial occu- 
pancy models are an increasingly common framework used to 

mode l specie s distributions while ac c ounting for false ne gativ es 
in data c olle ction and residual spatial autocorrelation in the e c o- 
lo gical proces s. Spati al autocorrel ation is typically ac c ommo- 
dated within an occ u pancy model ing frame work throu gh the use 
of dis cre te c ondition ally autore gressiv e terms ( Johnson et al., 
2013 ) or with con tin uous spa tial pr oce sse s (Doser et al., 2022 ) 
despite the o bs erv e d data being c olle cte d within areal units. 
Wri gh t a nd Hoote n a rgue th at s uch misali gnme n t betw e en the 
o bs erv e d data and modeling of spatial structure in the e c o lo gical 
process can result in inferior inferences r egar ding the pr oportion 

of area occ u pied by a species of in te res t. The authors propose 
a n elega n t s o lution to this pro b lem bas e d on a clippe d Gaus- 
si 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 
chain Monte Carlo (MCMC) algorithm. 

In this d isc ussion, we outl ine a n alte rn ativ e approach to ad- 
dress the change of support via a point process occ u pancy 
( PPO) model ( Koshkin a et al., 2017 ) th at explicitly makes the 
c onne ction betw e e n local de nsity of individuals and detection 

probability (R oy le and Nichol s, 2003 ). Thi s mode l pre se n ts 
a 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 

Hooten model (hereafter WH model), we hope to more explic- 
itly consider the interpr eta tion of “occ u pancy” and how it can 

differ 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  

Individual a nimals ca n be view e d as points distributed across 
spac e, which are n aturally re pre se n ted via point process mod- 
els (Hefley a nd Hoote n, 2016 ). Let S = ( s 1 , s 2 , . . . , s n ) denote 
the locations of n individuals within some study area A . The like- 

lihood 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) 

where λ( s ; θ) is an intensity function determining the distribu- 
tion of individuals a cross spa c e th at depe nds on pa ra mete rs θ. 
Tw o c ommon choic e s for mode ling λ( s ; θ) in e c o lo gy are the 
nonhomo geneous Pois s on proces s (NHPP) and the lo g Gaus- 
sian Cox process (LGCP; Illian et al., 2008 ). For the simpler 
NHPP, the in te nsity function λ( s ; θ) is modeled a ccordin g to 

log ( λ( s ; θ)) = x 

� ( s ) β, (2) 

where β re pre se n ts the effects of a set of spatially r efer enc e d c o- 
v ari ates x ( s ) . The LGCP addition ally inc orporates a Gaus si an 

process, w ( s ) into the log in te nsity function ac c ording to 

log ( λ( s ; θ)) = x 

� ( s ) β + w ( s ) . (3) 

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

λ j = 

∫ 

A j 

λ( s ; θ) d s . (4) 

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

N j ∼ Pois s on ( λ j ) . (5) 

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

is equivale n t to saying that the n umbe r of indiv iduals w ithin area 
A j m us t re main gr ea te r tha n 0 or at 0 over all K j visits. Here, 
w e c onside r the more s tringe n t ass umption th a t N j r em ains c on- 
s ta n t ove r each of the K j visits in orde r to d irectly l ink the oc- 
c u pancy d ata co llection proces s with the point proc ess . This as- 
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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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me n t of vio l ation s of the closure as sumption on the WH model 
could be fruitful in helping ide n tify its use and interpr eta tion by 
pract it ioners. 

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

The diffe re n t in te rpr eta tions of occ u pancy betw e en the WH 

model and the PPO model outlined here may lead to the ques- 
tion of which viewpoint of occ u pancy is “c orre ct”? We do not 
believe this is a useful question and instead argue that both 

viewpoin ts ca n provide useful information on species distribu- 
tions . The most s uit able frame w ork for a giv e n a ppl ication l ikely 
depends on the characteristics of the species of in te res t a nd 

s tudy desi gn. For exa mple, the WH mode l provide s a n in tu- 
itive way to model pla n t c ov e r (Wri gh t, 2024 ), while the PPO 

model may be helpful in linking in te rpr eta tions of animal oc- 
c u pa ncy to a nim al mov e me n t, which a re ofte n described using 
point proces s es (eg, Fieberg e t al., 2021 ). Cruci ally, w e believ e 
it is more importa n t for e c o lo gists using different occ u pancy 
mode ling frame w orks to clearly define wh at is mea n t b y “oc- 
c u pancy” in a given analysis, how the analysis framework influ- 
ences this interpr eta tion, and the impacts such a framework and 

its as sumption s have on the underlying inferenc es th at can be 
drawn. 

In s umm ary, the c ont inuous spat ial occ u pancy model pre- 
se n ted b y Wri gh t a nd Hoote n is a n importa n t s tep forwa rd in 

the gr owing litera tur e on spa ti ally-exp lic it spec ies distribution 

models . We again c ongra tula te the authors for their insi gh t- 
ful con tribution a nd loo k forw ar d to futur e advances in this 
area. 
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A B S T R A C T  

The d isc ussions of our pa pe r conside r some assumptions of con tin uous - space occ u pa ncy models, alte rnative a pproaches, a nd directions for 
futur e r esear ch. In this short rejoinder, we expand on some of these ideas and provide additional comme n ts. 

KEY W OR DS : animal move me n t; cha nge of spatial support; closure assumption; spatial s tatis tic s; spec ies distributions. 

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

O c c u pancy model ing h as be c ome an inv aluab le approach for 
m apping spe cies distributions, while ac c ounting for imper- 
fe ct dete ction. In Wri gh t a nd Hoote n ( 2025 ), w e c onsid- 
ere d spe cies oc c u pa ncy to be a n e c o lo gical proces s with con- 
t inuous spat ial s upport. How ev er, the data for oc c u pancy 
s tudies a re typical ly col lected ove r a real s urv ey units (calle d 

“sites”). Our approach ac c ounts for this disc onne ct by directly 
mode ling the corre spondin g chan ge of support (eg, Cressie, 
1996 ; Gelfand et al., 2001 ; Gotway and Young, 2002 ) be- 
tw e en the spe cies oc c u pa ncy process a nd o bs erv e d data. We 
show e d how ignoring the change of support can bias infer- 
ences for the proportion of con tin uous a rea occ u pied by the 
spe cies . 

We thank the d isc ussa n ts for rea din g our a rticle a nd provid - 
ing insi gh tful comme n ts, ques tions, a nd su gge stions. In this re- 
j oinder, we el abora te on points br ought u p in the d isc ussion 

pa pe rs a nd conside r add itional d irections for future res earch . 
We begin by summarizing the 2 d isc ussion pa pe rs: We refe r 
to Dose r a nd Pac i fic i ( 2025 ) as DP and Pautrel et al. ( 2025 ) 
as PEG throughout this rej oinder. DP des cribe an altern ativ e 
change of support model that connects species occ u pancy at 
areal s urv ey units to a n unde rlying poin t proc ess in c on tin u- 
ous space. They also d isc uss how their approach compares to 

the con tin uous - space occ u pancy model we proposed. PEG dis- 
cuss m any aspe cts of our propose d model and s u gge s t a va ri - 
e ty of direction s for futur e r esear ch. Their su gge stions include 
altern ativ e model imp lementation s that could be considered 

as well as ideas for con tin uous space-time occ u pancy models. 
We again wa n t to thank all of the d isc ussa n ts—we a ppr ecia te 
their contributions to this importa n t topic in spatial occ u pancy 
models. 

2 S P E C I E S  O CC U PA  N C Y  A  N D  I N D I V I D UA  L  

M OV E M E N T  

Both DP and PEG make the point that move me n t of individ- 
ual animals is r ela t ed t o spe cies oc c u pa ncy a nd ca n impact in- 
fe re nces from s tatis tical models. In pa rticula r, a nim al mov e me n t 
is directly tied to the closure assumption in cl as sical occ u pancy 
models (see Section 3 ). The s tatis tical a nalysis of animal move- 
me n t data has risen in popula rity (Hoote n et al., 2017 ) and it 
is natural to consider these proce sse s whe n a n alyzing e c o lo gi- 
cal data in space (eg, Glennie et al., 2021 ; McClintock et al., 
2022 ). The c onne ction to individual anim al mov ement m akes it 
mor e r ealistic to define spe cies oc c u pa ncy in con tin uous space. 
An individual’s home range is typically defined as the spatial area 
wher e tha t ind ividual l ive s and use s to carry out its normal ac- 
t ivit ies over a defined period of time (Burt, 1943 ). This idea 
is well -s tudied in the field of eco lo gy a nd the re a re a va riety of 
methods t o estimat e individual home ran ges usin g animal mo ve- 
me n t data (eg, Christ et al., 2008 ; Wilson et al., 2010 , Silva et al., 
2022 ). While occ u pa ncy s tudies c olle ct spe cies-lev el data and 

not individual-level data, we can directly connect the home range 
idea to spe cies-lev el oc c u pancy. 

Consider a study region S that contains M total individuals 
and s uppose w e kno w the home rang e R m 

⊆ S for all individ- 
uals m = 1 , . . . , M. We conside r a poin t location occ u pied if it 
is within the home range of any individual. Ther efor e, the total 
area within the study region that is occ u pied by a species is sim- 
ply the union of the individual home rang es ∪R m 

. This ide a de- 
fine s specie s occ u pa ncy for a ny poin t location s ∈ S s uch th at 
z (s ) = 1 if s ∈ ∪R m 

a nd is 0 othe rwi se. Thi s c onne ction to 

anim al mov ement r einfor ce s why it is import a n t to define oc- 
c u pa ncy in con tin uous spac e. With th at s aid, dis cre te-space oc- 
c u pa ncy models a re als o us eful and PEG provide examples of 
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wher e discr ete-spac e oc c u pancy models may be pr eferr ed. Ho w - 
eve r, the re a re ma ny cases where it is more realistic to model oc- 
c u pancy in continuous space than in dis cre te survey units. 

H efley and H oot en ( 2016 ) present e d spe cies distribution pro- 
ces s es and d ata in a hie ra rchical fra me work. They de scribed 

species dis tributions a nd their va rious forms of data (including 
occ u pancy data) in a natural spatio-temporal s e tting and show e d 

how they can be modeled using point proces s es (a mong othe r 
te chniques). The point proc ess model described by DP also con- 
ne cts oc c u pancy to the locations of individual animals and falls 
into the cl as s of models described by Hefley and Hooten ( 2016 ). 
The DP approach t ake s a “s n apshot” perspe ctiv e of spe cie s oc - 
c u pancy in the s en s e that it assumes individuals do not move 
betw e e n a real s urv ey units for the duration of the study. Con- 
seque n tly, their poin t proce ss mode l define s specie s occ u pancy 
a t ar eal units but not a t each point loca tion s . These differ- 
e nces hi ghli gh t a nothe r importa n t cha racte ris tic of our proposed 

con tin uous - space occ u pancy mode l. Our mode l define s specie s 
occ u pancy in such a way that it does not depend on the sites or 
how s urv eys are c onducte d . Instead , it is s o lely bas ed on the un- 
derlying e c o lo gical proces s des cribing how individuals us e space 
in the study region. We agree with PEG that defining occ u pancy 
so that it is indepe nde n t of the survey units is beneficial and 

could be useful for compa ring infe re nces from studies with dif- 
fe re n t sa mpling desi gns. 

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

In cl as sical occ u pancy mode ls, the site s are ass ume d to be close d 

a nd the re a re ma ny pa pe r s that d isc uss this topic (eg, MacKen- 
z ie et al ., 2002 , 2017 ; Ke ndall a nd White, 2009 ; DiRe nzo et al., 
2022 ; Vale n te et al., 2024 ). Both DP and PEG raised questions 
about how this assumption should be in te rprete d in c on tin uous- 
spac e models . The c onne ction s be tw e en spe cies oc c u pa ncy a nd 

individual move me n t a re als o us eful for con sidering thes e ques- 
tions . First, how ev er, it is important to note that when mapping 
distributions of mobile specie s, st andard occ u pancy models are 
typically in te rpreted as pro vidin g infe re nce about species “use”
of sites (MacKenzie e t al., 2004 ; Nicho ls e t al., 2008 ; Vale n te 
et al., 2024 ). This reflects the fact that the species may not be 
located within a site at every moment in time and ther efor e not 
av ail ab le for de tection . Th us, the te rms “occ u pa ncy” a nd “use”
a re ofte n used in te rcha ng e ably. 

How infe re nces a re affe cte d by vio l ation s of the closure as- 
sumption due to the move me n t of individuals can depend upon 

the duration of s urv eys, timing of s urv eys, size of home ranges, 
a nd move me n t spe e d. For ins ta nce, Vale n te et al. ( 2024 ) sim u- 
late d tra je ctories of individuals and the corresponding s ta nda rd 

occ u pancy da ta. Their r es ults show e d th at spa cin g the r epea t sur- 
veys far apart r ela tive to the move me n t cha racte ris tics of indi- 
viduals led to unbi as ed infe re nces for s eas onal occ u pancy (use). 
Thi s i s ge ne rally consis te n t with othe r resea rch focusing on sce- 
na rios whe n the spe cies m ay be un av ail ab le at a sit e due t o in- 
dividual move me n t (eg, Ke ndall a nd White, 2009 ). Spec i fically, 
if av ail ability at a site is indepe nde n t across the repeated visits, 
av ail ability be c omes a c ompone n t of the dete ction proc ess and 

does not ne c es s arily bi as infe re nc es for oc c u pa ncy (Ke ndall a nd 

White, 2009 ; DiRenzo et al., 2022 ). If the probability of being 
av ail ab le within a site is ve ry low, the n effe ctiv e dete ction prob- 

abilities are low and this can lead to bi as ed infe re nces (DiRe nzo 

et al., 2022 ). 
We expect these con sideration s for standard occ u pancy mod- 

els to be helpful whe n conside ring closure in our con tin uous- 
sp ace appro ach . Fo llowing our definition of occ u pancy in Sec- 
tion 2 , for mobile spe cies, w e are int erest ed in the collective use 
∪R m 

within a study region. For our con tin uous - space model, 
w e ass ume th at spe cies oc c u pa ncy does not cha nge which corre- 
sponds to static home ranges for the duration of the study. Dur- 
ing some s urv eys of oc c u pie d sites, the spe cies wi l l be unavai l- 
ab le for de t ection due t o all individuals being outside the site 
boundary. As in standard occ u pancy models, we expect the avail- 
ability to be ac c ommodate d by the detection process assuming 
that visits are spac e d s u ffic ie n tly fa r a ppa re n t tha t the loca tions 
of individuals are appr oxima te ly inde pendent among different 
visits. In fact, our propos ed de tection model r ela t ed det ection 

probabilities to the within-site occ u pancy proport ion. A posit ive 
r ela tionship betw e en dete ct ion probabilit ies and within-site oc- 
c u pancy proportions could be int erpret ed in the context of in- 
dividual av ail abil ity—an ind ividual is more l i kely to be avai lable 
for detection if a la rge r portion of its home range R m 

is included 

within the site area A i . This is a similar c onc ept to the r ela tion- 
ship betw e en dete cta bility and a bundanc e describe d b y Ro yle 
and Nichols ( 2003 ). 

A s w ith s ta nda rd occ u pancy models, the clos ure c onsidera- 
tions depend on the characteristics of individual home ranges as 
well as s tudy desi gn conside r ations lik e timing of s urv eys, dura- 
tion of s urv eys, and size of sites . We e cho PEG th at it w ould be 
be neficial to furthe r exp lore how thes e con sideration s affect in- 
fe re nc es for c on tin uous - spac e models . Such studies c ould spe c i f- 
ically explore the impacts of individual move me n t using analo- 
gous simul ation s to thos e pe rformed b y Vale n te et al. ( 2024 ). 
An additional consideration is the functional form of the detec- 
tion model in our a pproach. The re could be alternative spec- 
ifica tions tha t bet te r ca ptur e the r ela tionship betw e en dete c- 
tion and within-site occ u pancy proportions. Add itionally, there 
could be other sources of he tero geneity in detection probabil- 
ities, such as within-site a bundance. T he point process model 
proposed b y DP hi ghli gh ts thi s idea (see al so R oy le and Nichols, 
2003 ). In ge ne ral, as s es sme n ts of model fit should be c onducte d 

a nd ca n he lp guide how mode ls should be modified t o bett er 
mee t as sumption s. Goodnes s- of- fit tes ts (MacKe nzie a nd Bai - 
ley, 2004 ; Wri gh t et al., 2016 ) and residual diagnostics (Warton 

et al., 2017 ; Wri gh t et al., 2019 ) exis t for s ta nda rd occ u pancy 
mode ls—the se approache s c ould be adapte d for c on tin uous- 
spac e models . In pa rticula r, including spatial variability in detec- 
t ion probabilit ies may be a nothe r way to ac c oun t for hete roge ne- 
ity in detection probabilities (Wri gh t et al., 2019 ). This may be 
ne e de d to capture additional v ari ability in de tection pro babili- 
ties that could be r ela t ed t o abund ance, for in s ta nce. 

4 CO N C LU S I O N 

It is an exciting time for r esear ch in spatial e c ology. Ne w dat a 
types and a broa denin g s e t of s tatis tical modeling a pproaches a re 
being explored and developed that help us learn about the natu- 
ral world. As models increase in complexity to achieve more re- 
alism using la rge r a nd more va ried d ata s e ts, our c omputation al 
ne e ds incr ease. We ar e als o s eeing a shift aw ay fr om automa ted 
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b l ack-box s oftw are tow a rd comm unity-sourc e d open s oftw are 
for imple me n ting s uch models . Rese arch te am s in spati al e c ol- 
ogy are be c oming more d iver se and now often include stat ist i- 
ci an s and data scie n tis ts who are adept at developing code for 
fit ting sta ti stical model s in a way th at lev e rages pa rallel e nviron- 
me n ts a nd cloud computing r esour ces, while using fas te r a nd 

more stable programming languages. 
We’v e notic e d a se ries of expa nd -con tract p has es as s oci ated 

with me thodo lo gical developme n ts in e c o lo g ical stati stics over 
the years. For examp le, we s ought to develop int egrat ed l ikel i- 
hoods to fit early forms of e c olog ical model s but then as com- 
puting po wer incre ased a nd hie ra r chical modeling r ose in pr omi- 
nenc e, w e saw a wide variety of new model forms proposed 

that take adva n tage of MCMC computing, for exa mple. Afte r 
a decade of that, many r esear chers h av e starte d se eking more 
c ompact inte grate d l ikel ihood forms again so they could s tabi - 
lize computing and take adva n tage of new er te chniques s uch as 
Ha miltonia n Mon te Ca rlo. 

We see con tin uous - space occ u pancy models as part of an “ex- 
pand p has e” in the field. Admittedly, in their curre n t form, these 
ne wer mode ls r equir e mor e computing r esour ces than their pre- 
de c es s ors, as both DP and PEG pointed out. We are enc ourage d 

b y newe r c omputation al te chniques and ways to tr ea t the im- 
ple me n tation in a se quenc e of computing st age s, for example, 
that wi l l faci lit ate the adoption of the se mode ls and allow e c ol- 
og i sts to take adva n tage of this newer techno lo gy to a nswe r im- 
porta n t spatial e c ological questions (e g, Hooten et al., 2021 ; Mc- 
Caslin et al., 2021 ). For example, such methods are already being 
applied to accelerate the implementation of captur e-r ecaptur e 
models (Hooten et al., 2023 ; 2024 ) and may also be helpful for 
fit ting spa tial occ u pancy models in the future. 

F U N D I N G  

None de clare d. 

CO N F L I C T  O F  I N T E R E ST  
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A B S T R A C T  

O c c u pancy models are used to infer species distributions over large spatial extents while ac c ounting for imperfe ct dete ction. Curre n t a pproaches, 
how ev e r, a re unable to model spe cies oc currenc e ov er c ont inuous spat i al domain s while ac c ounting for the dis cre te spati al domain of the o bs erv e d 

dat a. We deve lop a ne w cl as s of spati al occ u pa ncy models that e mbe ds a ch ange of spatial s upport betw e en the o bs erv e d data and oc currenc e 
proc ess . We use a clipped Gaussian process to r epr ese n t species oc currenc e in continuous space, which can provide inferences at a finer res o lution 

than the o bs erv e d oc c u pancy da ta. Our appr oach is beneficial because it allows for more reali stic model s of species oc currenc e, can ac c ount for 
spe cies oc curring in only a portion of a s urv eye d site, and can r ela t e det ect ion probabilit ies to these within-site oc currenc e proportions . We 
sho w ho w our model can be fit usin g B ayesi an me thods and dev elop a c omputation ally efficie n t MCMC al gorithm. In pa rticula r, we rely on 

a Ve c chia approxim ation to imple me n t the sp atial Ga us si an proces s des cribing spe cies oc currenc e and dev elop a s urr oga te da ta appr oach for 
j ointly upd a ting the spa ti al term s and spati al cov ari ance parame ters. We demon strate our model using simul ated d ata and compare our approach 

t o alt ern ativ e spatial oc c u pancy model s. We al s o us e our model to an alyze ov enbird oc currenc e data c olle cte d in New Hampshire, U SA. 

KEY W OR DS : Bayesia n s tatis tics; cha nge of spatial support; hie ra rchical model; nea res t nei ghbor Gaus si an proces s; spati al s tatis tic s; spec ies 
distributions. 

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

Mapping the distributions of wi ld li fe spec ies is a funda me n tal 
compone n t of ma ny eco lo gical studies and wi ld life monitoring 
pro gram s . O c c u pancy models (Hoeting et al ., 2000 ; MacKenz ie 
et al., 2002 ; 2018 ) h av e be c ome an invaluable approach for mod- 
e ling specie s distribution s becaus e they ac c ount for dete ction er- 
r ors tha t ar e pr evale n t in ma ny eco lo g ical surveys. Thi s i s imper- 
ative for obtaining unbiased infe re nces about species occurrence 
and how it r ela t es t o predict or v ari ab les of in te res t. Additionally, 
occ u pa ncy models a re widely a pplie d be cause they can be used 

to analyze data from multiple types of s urv eys, are app licab le to 

a v arie ty of diffe re n t taxa, a nd a re pa rticula rly useful whe n moni - 
torin g species o ve r la rge spatial exte n ts (MacKe nz ie et al ., 2002 ; 
Noon et al., 2012 ). 

Species distributions are the result of inhe re n tly spatial pro- 
ces s es, a nd the re a re m ultiple a pproache s for mode ling spa - 
tial depe nde nc e in oc c u pancy dat a (Ge lfa nd a nd Shirota, 2019 ; 
Hefley and Hoote n, 2016 ; Latime r et al., 2006 ). For ins ta nce, 
spatial depe nde nc e in site-lev el oc c u p ancy prob abilities can be 
modeled using conditionally autor egr es sive term s (in dis cre te 
space; Jo hn s on e t al., 2013 ; Brom s e t al., 2014 ) or with spa- 
ti al term s (in con tin uous spac e) modele d as a Gaus si an proces s 
(O vask aine n et al., 2016 ; Wri gh t et al., 2021 ; Doser et al., 2023 ). 
These altern ativ e approaches m ake diffe re n t as sumption s about 
the spatial support of the process of in te res t—hi ghli gh ting a 
challenge for modeling the spatial structure in occ u pancy data. 

While spe cies oc c u panc y is typically v iew e d as arising from a 
con tin uous spatial process (Hooten et al., 2003 ; Efford and Daw- 
son, 2012 ), the observ e d da ta ar e c olle cte d during s urv eys of 
a real units (MacKe nz ie et al ., 2002 , 2018 ). Curre n t spatial oc- 
c u pancy models are unable to account for the change of spatial 
s upport betw e en the oc c u pa ncy a nd o bs erv a tion pr oces s es. 

Change of support methods provide a way to make infe re nces 
for spatial units that h av e a s upport th at d iffer s fr om tha t of the 
o bs erv e d da ta (Cr es sie, 1996 ; Gelfand e t al., 2001 ; Gotw ay and 

Young, 2002 ). Thes e me thods ar e curr e n tly av ail ab le for con- 
tinuous data (Cre ssie, 1996 ; Ge lfa nd et al., 2001 ), coun t data 
(Bradley et al., 2016 ), a nd bina ry da ta tha t have been aggr ega ted 

to areal units (Walker et al., 2021 ; 2020 ). Ignoring a change in 

spatial support can result in bi as ed prediction s (Cres sie, 1996 ) 
and bi as e d inferenc es for re gression c oefficie n ts (Walke r et al., 
2020 ). Previous studies h av e use d Pois s on point proces s es to 

h andle ch anges of s u pport when model ing species d istributions 
(Koshkina et al., 2017 ; Pac i fic i et al., 2019 ). How ev er, these 
methods focus on in tegrating diffe re n t types of data, which are 
o bs erv e d at areal units of different sizes (Koshkina et al., 2017 ; 
Pac i fic i et al., 2019 ), rather than explicitly modeling species oc- 
c u pancy in continuous space. We develop a new framework that 
tr ea ts occ u pa ncy as a bina ry process in con tin uous space and 

learn about this process using data observ e d at areal s urv ey units . 
This provides an approach for modeling a change in spatial sup- 
port for a new type of data c ompare d to previous spatial models. 
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Our con tin uous - space occ u pa ncy fra mework is beneficial be- 
cause it allows for more realistic spatial models of species oc- 
currence while sti l l properly ac c ounting for the dis cre te spati al 
support of the o bs erved d a ta. This pr o vides multiple a dva n t age s 
c ompare d to pre viously de v elope d spatial occ u pancy models. 
For example, our approach allows infer ences fr om ar eal da ta to 

be down s cale d, ac c ounting for the fact tha t ar eal survey units 
may only be partially occ u pied by a species. The o bs erv ation 

compone n t of our model can r ela te the se within- unit occ u pancy 
proportions to the probability of detecting a species during sur- 
v eys . Thi s i s not pos sib le using s ta nda rd occ u pancy models be- 
cause occ u pancy is defined as a binary random v ari ab le at the 
level of the survey unit. Another benefit of our model is that it 
allows for improv e d infe re nces about the proportion of area oc- 
c u pied by a species. While this qua n tity is ofte n of in te res t, the 
p hras e “pr oportion of ar ea occ u pied” can be mislea din g because 
mode ling specie s oc currenc e at the site-lev e l, as done in st andard 

a pproaches, only pe rmits infe re nces about the proportion of sites 
occ u pied (Efford and Dawson, 2012 ). Our con tin uous - space oc- 
c u pa ncy fra mew ork dire ctly addres s es this limitation and pro- 
vides infe re nces for the proportion of area occ u pied in con tin u- 
ous space. 

We imple me n t our model usin g B ayesi an me thods and de- 
v elop a c omputation ally efficie n t Ma rkov chain Mon te Ca rlo 

(MCMC) algorithm for fitting our model. We assume that the 
binary spatial process for occ u pa ncy a ris es from clipping a l ate n t 
con tin uous field that is modeled using a Gaus si an proces s (De 
Oliv eira, 2000 , 2020 ). To improv e the c omputation al efficiency 
of fitting this model over potentially large spatial exte n ts a nd at 
ma ny poin t locations, we a ppr oxima te the la te n t Gaus si an pro- 
cess using a nea res t nei ghbor Gaus si an proces s (NNGP; Da t ta 
et al., 2016 ). The NNGP appr oxima tion makes imple me n tation 

of spatial models for extremely large d atas e ts pos sib le and helps 
fa cilitate B ayesian computation because the neces s ary calcul a- 
tion s as s oci a ted with the spa ti al term s a re m uch fas te r (Da t ta 
et al., 2016 ; Finley et al., 2019 ). How ev e r, MCMC ca n s ti l l be 
slow to mix for the spatial terms (Finley et al., 2019 ) and spa- 
ti al cov ari ance parame ters (Murray and Ad am s, 2010 ). To ad- 
dre ss the se challenge s, we deve loped an ell iptical sl ice s amp ler 
(Murray et al., 2010 ) to update the spati al term s after m argin al- 
izin g o v er the re gression c oefficie n ts . The c onv e n t ional ellipt ical 
slice s amp ler as s umes th a t the spa ti al cov ari ance parame ters are 
fixed. We relax this assumption by modifying the surr oga te da ta 
slice s amp ler propos ed by Murray and Ad am s ( 2010 ) to be more 
c ompatible with NNGPs . The s urr oga te da ta slice sa mple r up- 
da tes the spa tial terms and spatial cova ria nce pa ra mete rs join tly. 
This approach is su ffic ie n tly ge ne ral th at it c ould be applie d to 

other spatial models with late n t NNGPs. 
The re mainde r is orga nize d as follows . In Se ction 2 , w e de- 

scribe occ u pa ncy data a nd the s ta nda rd models used to a nalyze 
thes e d ata. Our new model for occ u pa ncy in con tin uous space is 
prese n ted in Section 3 , and the details of the MCMC algorithm 

w e use d to fit this model a ppea r in S ection 4 . In S e ction 5 , w e 
i l lustrate our approach using a simulated example and perform a 
sim ulation s tudy to compa re our con tin uous - space occ u pancy 
model t o alt ern ativ e spatial oc c u pancy models . In Se ction 6 , 
w e an alyze ov enbird oc currenc e data c olle cte d in the Hubbard 

Brook Expe rime n t al Fore st, Ne w Hampshire, USA. Section 7 

d isc usses future dire ctions th at build upon this res earch . Addi- 
tional details about our MCMC algorithm, NNGP calcul ation s, 
a nd alte rn ativ e spatial oc c u pa ncy models a r e pr ovided in the 
Web Appendices , which are av ail ab le in the online Supple me n- 
ta ry Mate rial. 

2 O CC U PA N C Y  DATA  A N D  STA N DA R D  

A  N A  LY  S  E S  

We begin with an overview of the typical data available for con- 
ve n tional occ u pa ncy a nalys es (s ee als o MacKenzie e t al., 2002 , 
2018 ). Data on species occ u pa ncy a re collected at areal s urv ey 
units called “sites.” We let A i ⊆ S for S ⊂ R 

2 denote the region 

defining site i for i = 1 , . . . , n . B ina ry de tection/non-de tection 

da ta ar e c olle cte d at each site i during visits j for j = 1 , . . . , J i 
whe re J i de not es the t otal n umbe r of visits to site i . In s ta nda rd 

occ u pancy models, the binary data y i j are modeled as 

y i j ∼
{

I (y i j = 0) , z i = 0 

Bernoulli (p i j ) , z i = 1 

, (1) 

where z i denotes a partially observ e d bin ary random v ari ab le for 
whether the species is prese n t (1) or not (0) at site i , and p i j is 
the probability of detecting the species during visit j t o sit e i . The 
de tection pro babilities can be modeled as a function of predictor 
v ari ab les using a gener aliz ed linear model framework. When the 
species is not prese n t at a site (ie, z i = 0 ), w e ass ume th a t ther e 
are no false positive detections and y i j = 0 for all j with proba- 
bility 1. How ev er, this ass umption can be relaxe d, a nd the re a re 
approache s for mode ling false positive dete ctions (e g, Ch a mbe rt 
et al., 2015 ; Ruiz-Gutierrez et al., 2016 ). 

Sta nda rd a pproaches also model the occ u pancy process at the 
site-level a nd the r efor e as sume a dis cre te spati al domain . That is, 
occ u pancy at each site is modeled as 

z i ∼ Bernoulli (ψ i ) , (2) 

where ψ i denotes the probability of occupancy at site i , which 

is modeled as a function of spatial predictor variables. A site is 
c onsidere d oc c u pie d if the spe cies oc c ur s any w here within the 
site a rea A i , a nd we address this in our con tin uous - space model 
in Sect ion 3 . Spat ial occ u pancy models allow ψ i to h av e addi- 
t ional spat ial structur e. This spa tial structur e can be included 

using a c ondition al autore gressiv e term ( Johnson et al., 2013 ; 
Brom s e t al., 2014 ) or with spatial effe cts modele d using a c on- 
tinuous Gaus si an proces s bas ed on the locations of the site cen- 
troids (O vask ainen et al., 2016 ; Wri gh t et al., 2021 ; Doser et al., 
2023 ). 

The dis cre t izat ion of the spatial domain imposed by defin- 
ing sites is ge ne rally a rbitra ry a nd does not ne c es s arily h av e an 

e c o lo gical in te rpr eta t ion. Addit ion ally, oc cupancy is a process 
in con tin uous space (Efford a nd Dawson, 2012 ), a nd it is pos- 
sible for a species to occur in only a portion of a site (eg, Fig- 
ure 1 ). How well s ta nda rd models ca n a ppr oxima te the under- 
lying spatial occ u pancy proce ss de pends on the res o lution of 
the dis cre t izat ion defined by the sites. However, the proportion 

of site s occ u pied wi l l always be hi ghe r tha n the proportion of 
the stud y a rea th at is oc c u pie d when c on sidering o bs erv ation s 
over a regular grid (eg, Figure 1 ; see also Efford and Dawson, 
2012 ). We define a n alte rn ativ e approach for analyzing species 
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FIG URE 1 Hypothe tical examp le wher e a r egular grid define s site s throu ghout the s tudy region a nd spe cies oc currenc e is shown by the sh ade d 

re gions . The occ u pancy process is defined for con tin uous space even though the detection data are c olle cte d at areal sites that dis cre tize the 
spati al domain . In this examp le, 72.3% of the study reg ion i s occ u pied, but the species occ ur s in 87.5% of the sites. 

occ u pancy da ta tha t models the occ u pancy process on a con tin u- 
ous spati al domain . The prim ary ch allenge for this new approach 

is that the o bs erv ation d ata a re s ti l l meas ure d at areal sites and 

we m us t accoun t for the resultin g chan ge of support (eg, Cressie, 
1996 ; Gelfand et al., 2001 ; Gotway and Young, 2002 ) betw e en 

the occ u pa ncy process a nd the o bs erv e d data. 

3 M O D E L  

We mode l specie s oc currenc e for spa tial loca tions s ∈ S ⊆ R 

2 

as a clipped Gaus si an proces s (De Oliveira, 2000 , 2020 ) defined 

ov er c ontinuous spac e. We let z (s ) denote the binary spatial pro- 
ces s for whe ther the spe cies oc c ur s (1) at location s or not (0). 
Note th at w e define spe cies oc currenc e z (s ) for any point loca- 
tion s , which d iffer s from the site-lev el oc c u pancy z i that is used 

in s ta nda rd occ u pa ncy models ( 1 ) a nd ( 2 ). We assume that this 
binary spatial process z (s ) arises from clipping a late n t con tin u- 
ous process ̃  z (s ) such that z (s ) = I ( ̃  z (s ) ≥ 0) and 

˜ z (s ) = x(s ) ′ β + η(s ) , (3) 

where x(s ) is a v e ctor of spatially indexe d pre dictor v ari ab les 
with c orresponding c oefficie n ts β and η(s ) is a spatial Gaus si an 

process with mean zero and spatial cova ria nce function K η . We 
assume the spatial predictor variables x(s ) are available at any 
point location s ∈ S , although, if not, they c ould be modele d as 
a separate Gaus si an proces s. 

The de tection/non-de tection d a ta y i j ar e r e c orde d at sites i = 

1 , . . . , n and visits j = 1 , . . . , J i . We sti l l assume there are no 

fals e positive de tection s, a nd th us the species can only be de- 
t ect ed if it occ u pies at least a portion of the site. Ther efor e, we 
model the detection data y i j as 

y i j ∼
{

I (y i j = 0) , max s ∈A i z (s ) = 0 

Bernoulli (p i j ) , max s ∈A i z (s ) = 1 , 
(4) 

�−1 (p i j ) = w 

′ 
i j α + γ |A i | −1 

∫ 

A i 

z (s ) ds , (5) 

wher e the pr obit link function �(·) denotes the cumulative 
distribut ion funct ion for a s ta nda rd normal ra ndom va riable, 

w i j is a v e ctor of predictor v ari ab le s re lat ed t o det ection, and 

|A i | −1 
∫ 
A i 

z (s ) ds is the proportion of the site area where the 
spe cies oc c ur s . The oc c u panc y proportion w ithin a site is r ela ted 

to the probability of detection with corresponding pa ra mete r γ . 
In ge ne ral , detect ion probabilit ies should increase as the propor- 
tion of the site that is occ u pied increases. The o bs erv a tion pr o- 
cess of our model is similar to that of the standard occ u pancy 
model defined in Section 2 except that we explicitly define site- 
lev el oc c u pa ncy as a function of the con tin uous occ u pancy pro- 
c ess, and w e allow the dete ction probability to depend on the 
proportion of the site that is occ u pied. This o bs erv a tion pr ocess 
also pr ovides mor e flexibility tha n s ta nda rd models because we 
do not ne e d to ass ume th a t the site r egions A i ar e mutually dis- 
joint (eg, see Section 6 ). 

Our model ac c ounts for the change of support between the ob- 
s erv ation and occ u pancy proces s es. Thi s allow s for infe re nces 
about occ u pancy to be down s cale d to c on tin uous spac e ev en 

though the o bs erv e d da ta ar e measur ed a t the site-level. In other 
words, the o bs erved d a ta ar e r e c orde d a t ar eal sites, but we 
a re s ti l l ab le to o btain infe re nces for occ u pa ncy in con tin uous 
spac e—w e do not ne e d to assume the e n tire site is occ u pied 

when a species is det ect ed there. Modeling occ u pa ncy in con tin- 
uous space is benefici al becaus e it allows for mor e r ealis tic infe r- 
ences about this eco lo gical proces s. Additional ly, it al lows us to 

r ela t e the det e ction proc ess to the proportion of a site that is oc- 
c u pied. This r ela tionship is intuitive but cannot be incorporated 

into traditional occ u pancy models. 

4 P R I O R S  A N D  I M P L E M E N TAT I O N  

We imple me n t our model usin g B ayesi an me thods and as sume 
normal pr ior distr ibutions for α, γ , and β. Using a G ib bs s am- 
plin g approa ch, these priors fa cilit ate con ju gat e updat es for 
many of the parame ters (s ee Web A ppendix A ). The m ain ch al- 
lenges for implementing this model are as s oci ated with updating 
the late n t spatial te rms ̃  z (s ) and the spatial cova ria nce pa ra me- 
ters θ. We describe how we address these challe nges a nd provide 
the details for our MCMC algorithm throughout the rest of this 
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section and in Web A ppendix A . All analyses for our simulated 

(Section 5 ) and real data examples (Section 6 ) were conducted 

in R (R Core Team, 2022 ). We als o us ed the Rcpp (E ddelbuet - 
tel a nd Bala m uta, 2018 ) a nd RcppArmadillo packages (Ed- 
de lbuette l and Sanderson, 2014 ) to code our MCMC algorithm. 

4.1 Nu m eric a l quadrature 
While our occ u pancy model is define d for c on tin uous spac e, w e 
consider only a finite number of locations to appr oxima te ̃  z (s ) . 
We let ̃  z ≡ ( ̃  z ( s 1 ) , . . . , ̃  z ( s D 

)) ′ define the v e ctor use d to imple- 
me n t this appr oxima tion. The loca tions s d for d = 1 , . . . , D are 
chosen to c ov er all sites in the study region, and we provide more 
details on choosing these loca tions la ter in this section. Similarly, 
we define design matrix X ≡ ( x( s 1 ) , . . . , x( s D 

)) ′ and v e ctor 
of spatial terms η ≡ ( η( s 1 ) , . . . , η( s D 

)) ′ at the same point lo- 
cation s. The finite-dimen sional occ u pancy process can now be 
modeled as ̃  z = X β + η where η ∼ N (0 , �η) and �η are de- 
fined by the spati al cov ari ance function K η . Addition ally, w e use 
n ume rical quadra tur e to appr oxima te the functions of z (s ) in 

( 4 ) and ( 5 ) as 

max 
s ∈A i 

z (s ) ≈ max 
s d ∈A i 

I ( ̃  z (s d ) ≥ 0) (6) 

and 

|A i | −1 
∫ 

A i 

z (s ) ds ≈ D 

−1 
i 

∑ 

s d ∈A i 

I ( ̃  z (s d ) ≥ 0) , (7) 

where D i is the total n umbe r of poin ts s d con tained in A i . If the 
sites define a regular grid over the study re gion, then w e define 
point locations s d such that each site contains the same number 
of points. The errors as s oci ated with both of these approxima- 
tions can be made arbitrarily small by making D su ffic ie n tly la rge. 

4.2 N ear est neighbor G auss ian process 
A s w ith many spa tial models, incr easing the n umbe r of poin ts 
D used to appr oxima te the la te n t spa tial pr ocess can result in this 
model be c oming c omputation ally ch allen gin g to implement. We 
utilize a nea res t nei ghbor Gaus si an proces s (NNGP) to a pproxi - 
mate ̃  z (s ) , which results in the finite-dimensional distribution of ˜ z having a sparse precision matrix (Datta et al., 2016 ). We pro- 
vide a ge ne ral description of NNGPs in wha t follows, and mor e 
de tails about con struct ing the result ing sparse pre cision m atrix 
can be found in Web Appendix B . The NNGP approach re lie s on 

a Ve c chia approxim ation (Ve c chi a, 1988 ) of the j oin t dis tribu- 
tion of a spatial proc ess . Using s ta nda r d factoriza tion pr operties, 
the joint distribution of the spatial terms from our model can be 
written as 

[ ̃  z ] = [ ̃  z 1 ][ ̃  z 2 | ̃  z 1 ] · · · [ ̃  z D 

| ̃  z 1 , . . . , ̃  z D −1 ] , (8) 

where we use [ ·] t o denot e a probability density function 

(Gelfa nd a nd Smith, 1990 ). The Ve c chia approxim ation defines 
the c ondition al distr ibutions in the factor ization ( 8 ) to only de- 
pend on a s e t of nea res t nei ghbors sele cte d fr om the pr evious 
o bs erv ation s. Con s eque n tly, we ca n a ppr oxima te the joint dis- 
tribution of the spatial terms as 

[ ̃  z ] ≈
D ∏ 

d=1 

[ ̃  z d | ̃  z c (d) ] , (9) 

where c (d) ⊆ { 1 , . . . , d − 1 } defines a s e t of nea res t nei ghbors 
among the previous terms ( c (1) is the null s e t) and ̃  z c (d) denotes 
a v e ctor c on taining the spatial te rm s in that s e t. 

The NNGP appr oxima tion r equir es decisions about how the 
D points are ordered and how the neighbors c (d) are sele cte d. 
We use the “maxmin” ordering proposed by Guinness ( 2018 ) 
and select the m nea res t nei ghbors based on the spatial dis- 
t ance s to the previous points based on this ordering (Ve c chia, 
1988 ; Da t ta et al., 2016 ). The maxmin ordering chooses the next 
location to be the one that maximizes the minimum distance 
to previous points and can s ubstantially improv e the ac curacy 
of NNGP appr oxima tion s (Guinnes s, 2018 ). Additionally, for 
at least some points, this ordering wi l l include neighbors that 
h av e la rge dis ta nces from the point of in te res t, which ca n pro- 
vide more information about pa ra mete rs in the spatial cova ri - 
ance function (Stein et al., 2004 ). The exact maxmin ordering 
can be c omputation ally dem and ing to calc ulate, a nd th us we a p- 
pr oxima te this ordering (see Web Appendix B ). 

4.3 Updat ing th e spat ial term s 
The NNGP appr oxima tion allows for impr ov e d c omputation of 
the join t de nsity of the spatial terms that can be utilized in our 
MCMC alg orithm. Ho w ev er, upda ting the spa ti al term s ̃  z can 

sti l l be challen gin g because they are highly corr ela ted and, con- 
seque n tly, MCMC chains ca n conve rge ve ry slowly (Da t ta et al., 
2016 ; Finley et al., 2019 ). When the dat a like lihood is Gaus- 
sia n, ma rginalizin g o ver the spatial random terms can improve 
the mixing of MCMC (Shi e t al., 2017 ; Finley e t al., 2019 ). This 
approach is not straightforward for our model because the like- 
lihood defined in ( 4 ) and ( 5 ) be c omes ch allen gin g t o evaluat e. 
We conside r a n alte rn ativ e approach th at m argin alizes ov er the 
coefficie n ts β a nd upda tes the spa ti al term s j oin tly using a n ellip- 
tical slice s amp ler (Murray e t al., 2010 ) or a surro gate d ata slice 
s amp ler (Murray and Ad am s, 2010 ). 

We describe our MCMC al gorithm whe n the spatial cova ri - 
a nce pa ra mete rs a re fixed (ie, �η is known) a nd the n ge ne r- 
alize this algorithm to allow the spatial cova ria nce pa ra mete rs 
to be modeled as well. Assuming the pr ior distr ibution β ∼
N ( μβ, �β ) , integrating β from ( 3 ) implies 

˜ z ∼ N (X μβ, X �βX 

′ + �η) , (10) 

for the finite-dimensional locations. We denote the mean and 

v ari ance in ( 10 ) by μ˜ z and �˜ z , respe ctiv ely. The m argin al dis- 
tribution for ̃  z is appr oxima ted using the NNGP approach de- 
scribed in Section 4.2 and Web Append ix B . Cond itional on the 
othe r pa ra mete rs in the mode l, the s e spati al term s can be up- 
da ted fr om the full-c ondition al distribution 

[ ̃  z | y, ·] ∝ [ ̃  z ][ y | ̃  z , ·] , (11) 

where [ y | ̃  z , ·] denotes the o bs erv e d data l ikel ihood cond i- 
tional on the spatial terms and all other parameters in the model. 
The form of ( 11 ) can be s amp led from using an elliptical slice 
s amp ler (Murray et al., 2010 ) because the prior [ ̃  z ] is m ultiva ri - 
ate normal . Ellipt ical slice s amp l ing is appeal in g for models usin g 
a late n t Gaus si an proces s becaus e the re a r e no r estrictions on the 
form of the l ikel ihood, it is easy to imple me n t, a nd does not re- 
quire tuning (Murray et al ., 2010 ). Condit ional on ̃  z , we s amp le 
β from its full-c ondition al distribution. 
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When the spatial cova ria nce pa ra mete rs θ a re not fixe d, w e up- 
date them and the spatial terms ̃  z jointly using a modified ver- 
sion of the surr oga te da ta slice sa mple r dev elope d b y Murray a nd 

Ad am s ( 2010 ). A j oint upd ate for these parameters is important 
because they are highly corr ela ted in the pos te rior dis tribution, 
and c ondition al upda tes r esult in poor mixing of the MCMC 

chains (Murray and Adams, 2010 ). The surr oga te da ta slice sam- 
ple r in troduces auxilia ry pa ra mete rs in to the model that allow for 
a series of c onv enient G ib bs upd a tes for ̃  z and θ. Dir ectly apply- 
ing the approach from Murray and Ad am s ( 2010 ) would intro- 
duc e s urr oga te da ta for every spa tial loca tion s d . We found tha t 
this was not c onduciv e to using the NNGP approach for the spa- 
ti al term s and in stead introduce surr oga te da ta for only a subset 
of the spatial locations. This allows us to retain the computation- 
ally efficie n t calcul ation s facilitated b y the NNGP whe n a pplying 
the surr oga te da ta slice s amp ler. 

To define our surr oga te da ta slice sa mple r, we pa rt it ion the spa- 
ti al term s s uch th at 

˜ z ≡
(̃

 z 1 ˜ z 2 

)
∼ N 

((
0 

0 

)
, 

(
�11 �12 
�21 �22 

))
, (12) 

where we have simplified the notation by assuming μβ = 0 , 
which implies that μ˜ z = 0 , and omitting the ̃  z subscripts from 

the part it ione d c ov ari anc e m atri x. The par t it ion s are chos en 

s uch th at ̃  z 1 h as r ela tively few loca tion s—thes e are the locations 
whe re we in troduc e s urro gate d ata. We expand this model with 

auxili ary v ari ab les ν1 , ν2 , and g that are ass ume d to be m argin ally 
distributed ⎛ 

⎝ 

ν1 
ν2 
g 

⎞ 

⎠ ∼ N 

⎛ 

⎝ 

⎛ 

⎝ 

0 

0 

0 

⎞ 

⎠ , 

⎛ 

⎝ 

I 0 0 

0 I 0 

0 0 �11 + �g 

⎞ 

⎠ 

⎞ 

⎠ , (13) 

where �g is a user-spec i fied cov ari anc e m atrix c orresponding to 

surr oga te da ta g. Conditional on these auxiliary variables, we set 

˜ z 1 = m 1 + L 1 ν1 , (14) 

˜ z 2 = m 2 + L 2 ν2 , (15) 

where 

m 1 = �11 
(
�11 + �g 

)−1 g, (16) 

L 1 L 

′ 
1 = �11 − �11 

(
�11 + �g 

)−1 
�11 , (17) 

m 2 = �21 �
−1 
11 ( m 1 + L 1 ν1 ) , (18) 

L 2 L 

′ 
2 = �22 − �21 �

−1 
11 �12 . (19) 

Rout ine calculat ions show that this construction of the auxiliary 
v ari ab le s induce s the same m argin al distribution for ( ̃  z 1 , ̃  z 2 ) as 
that in ( 12 ). This construction also defines a joint normal dis- 
tribution for ( ν1 , ν2 , g, ̃  z 1 , ̃  z 2 ). Thus, we obtain a sample from 

our target posterior distribution using a G ib bs s amp ler for this 
pa ra mete r expa nded model. 

Conditional on the detection-level pa ra mete rs, the pos- 
te rior dis tribution of the pa ra mete r expa nded model is 
[ ν1 , ν2 , g, ̃  z 1 , ̃  z 2 , θ | y] . The firs t s tep of our G ib bs s amp ler 

updates the auxiliary parameters from 

[ ν1 , ν2 , g | y, ̃  z 1 , ̃  z 2 , θ] 

= [ g | ̃  z 1 , θ][ ν1 , ν2 | g, ̃  z 1 , ̃  z 2 , θ] , (20) 

where ( g | ̃  z 1 , ̃  z 2 , θ) d = ( g | ̃  z 1 , θ) ∼ N ( ̃  z 1 , �g ) is as shown in 

Web A ppendix A . The distribution of ( ν1 , ν2 | g, ̃  z 1 , ̃  z 2 , θ) is 
dege ne rate as implied by ( 14 ) and ( 15 ). The se c ond step of the 
G ib bs s amp ler is to update the spatial te rms a nd cova ria nce pa- 
ra mete rs from 

[ ̃  z 1 , ̃  z 2 , θ | y, ν1 , ν2 , g] 

= [ θ | y, ν1 , ν2 , g][ ̃  z 1 , ̃  z 2 | ν1 , ν2 , g, θ] , (21) 
where [ ̃  z 1 , ̃  z 2 | ν1 , ν2 , g, θ] i s al so dege ne rate b y ( 14 ) a nd 

( 15 ). Updating the spati al cov ari ance parame ters from [ θ | 
y, ν1 , ν2 , g] can be performed efficie n tly using a slice s amp ler 
because θ wi l l ge ne rally con t ain only a fe w pa ra mete rs (Neal, 
2003 ). As su gge s ted b y Murray a nd Ada ms ( 2010 ), in our full 
MCMC al gorithm, we pe rfor m the sur r oga te da ta slice sampling 
s tep eve ry 10 ite rations (sim ul ated d ata examp les) to re duc e 
computat ion t ime. For the re maining ite rations, we fix θ and up- 
date the spatial terms using elliptical slice s amp ling. 

Our surr oga te da ta slice sa mpling al gorithm uses the NNGP 

appr oxima tion when upda ting ν2 and ̃  z 2 . In general, we can re pa - 
ra mete rize our model by introducing a v e ctor of independent 
s ta nda rd normal random variables ν and redefining the spatial 
te rms as ̃  z = L ν, whe re L is a factorization of �˜ z (and ther efor e 
depends on θ) such that L L 

′ = �˜ z . Using s ta nda rd NNGP re- 
sults, L 

−1 is readily av ail ab le, a nd efficie n t al gorithms exis t for 
calculating ̃  z by solving the sparse sys te m L 

−1 ˜ z = ν (Saha and 

Da t ta, 2018 ; Da t ta, 2022 ). Given ̃  z 1 , ( 15 ) defines ̃  z 2 using mean 

m 2 and v ari ance L 2 L 

′ 
2 which a re equivale n t to the c ondition al 

mean E ( ̃  z 2 | ̃  z 1 ) and v ari anc e Var ( ̃  z 2 | ̃  z 1 ) , respe ctiv ely. Thus, in 

the se c ond G ib bs step of the surro gate d ata slice s amp ler, ̃  z 2 can 

be found using the same iterative algorithm for s o lving L 

−1 ˜ z = ν

when using an NNGP appr oxima tion (see Web Appendix B for 
more detai ls). Simi la rly, we ca n reve rse this al gorithm to find ν2 
c ondition al on ν1 , ̃  z 1 , a nd ̃  z 2 in the firs t G ib bs s tep. In troducing 
the surr oga te da t a for ̃  z 1 doe s not allow for the same NNGP cal- 
cul ation s to be use d. How ev e r, b y choosing the dimension of the 
surr oga te da ta to be su ffic ie n tly sm all, w e can perform the requi- 
site calcul ation s in ( 14 ), ( 16 ), and ( 17 ) exactly. That is, we do 

not ne e d to rely on the sparsity of ̃  �
−1 
11 ≈ �−1 

11 when updating ˜ z 1 or ν1 . 
Tuning is r equir ed for the surr oga te da ta slice sa mple r. Firs t, 

the n umbe r of poin ts to in troduc e s urro gate d ata m us t be cho- 
s en . In general, we choos e ̃  z 1 to include one poin t pe r site or grid 

c ell use d to order the points as describe d in Se ction 4.2 . The se c- 
ond choice is the spec i fication of the surr oga te da ta cova ria nce 
�g . We spec i fy this cov ari ance to be a diagonal matrix with el- 
e me n ts σ 2 

g,d tuned to be appr oxima tely twice the pos te rior va ri - 
ance of the corresponding spatial term ̃  z 1 ,d . 

5 S I M U L AT I O N S  

5.1 Sim ulated exa mple 
We s ta rt b y de mons tratin g our model usin g a simul ated d ata ex- 
a mple. We sim ulate d oc c u pancy in continuous space as a clipped 
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FIG URE 2 Simul ated d ata examp le with occ u pancy r ela t ed t o one spati al cov ari ate a nd a n addition al c ov ari a te r ela t ed t o det ection 

proba bilities. T he n umbe r of o bs erv e d dete ctions out of three visits is shown in (A) for the s amp le d sites . After fitting our model, the pos te rior 
probability of occupancy (B) is w ell-aligne d with the true underlying occ u pancy (C). 

Gaus si an proces s with a single spati al cov ari a te and a spa tial 
term that had a Gaus si an cov ari ance function . We con sidered 

a 40 × 20 unit recta ngula r s tudy a rea a nd defined sites using a 
1 × 1 unit regular grid over the region. Occ u pancy data were 
simula ted a t 200 randomly sele cte d sit es out of the 800 t otal sit es 
ov er the re gion with thre e visits pe r site (Fi gure 2 A). We also 

simulate d a visit-lev el c ov ari a te fr om a Uni for m( −1, 1) distribu- 
tion. Da ta wer e genera te d base d on pa ra mete rs β = (−0 . 5 , 2) ′ , 

α = (−2 , 1) ′ , and γ = 3 . Be cause γ is positiv e, dete ction prob- 
abilities within a site increase as the proportion of the site that 
was occ u pied by the species increases. 

We fit our con tin uous - space occ u pancy model to these sim- 
ul ated d ata using 200 000 iterations to tune the surrogate data 
slice s amp ler, fo llow e d by 200 000 iterations for posterior in- 
fe re nc e. The 95% m argin al cre dible in te rvals ca ptured values 
of the pa ra mete rs used to ge ne rate these data. Our focus is on 
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TABLE 1 For the proportion of area occ u pied and proportion of sites occ u p ied, the emp irical b ias 
of pos te rior mea ns a nd the c ov erag e of 95% C I s for differ ent spa tial occ u p ancy models b ased on 

analyses of 100 simulated datasets. 

Proportion of area occupied Proportion of sites occupied 

Model Bias Co ver age Bias Co ver age 

Areal 0.143 0% −0 . 268 0% 

Ce n troid 0.156 0% −0 . 255 3% 

Con tin uous - space −0 . 002 94% −0 . 010 92% 

Da ta wer e simula ted under our continuous - spac e oc c u pancy model. We c ompare d our model to two other appr oaches tha t both 
ignore the change of spatial support. The first approach (“Areal”) models the occ u pancy process at the areal sites used to c olle ct 
d ata. The s e c ond a pproach (“Ce n troid”) i gnores the defined sites and tr ea ts all da ta as point-level o bs erv ation s corresponding 
to the site ce n troids. 

infe re nc es for m apping oc c u pa ncy a nd s umm a rize the pos te rior 
probabil ity of occ u pancy for spatial locations throughout the 
re gion c onsidere d. We calculate the m argin al posterior proba- 
bil ity of occ u p ancy for sp a tial loca tion s as P ( z ( s ) = 1 | y) ≈
T 

−1 ∑ T 
t=1 z ( s ) 

(t ) where z ( s ) (t ) denotes the s amp led v alue for 
the binary spatial process z on MCMC iteration t and T is the to- 
tal n umbe r of ite rations . Ov erall, the m ap of the pos te rior proba- 
bil ities of occ u pancy re c ov e rs the unde rlying occ u pancy process 
well for this simulated example (Figures 2 B and C). 

In ge ne ral, this exa mple i l lus trates how we ca n re c ov e r a n occu- 
pancy process in con tin uous space using d ata o bs erved at areal 
sites. The down s caling of infe re nces is pos sib le becaus e (i) the 
spa tial structur e in the occ u pancy process, (i i) the spa tial pr edic- 
tor v ari ab le, and (i i i) the r ela tionship betw e en dete ction proba- 
bilities and the proportion of a site that is occ u pied. All of these 
pr ovide informa tion a t a finer r es o lution tha n the a real sites. 

We also used this example to compare the perform anc e of our 
surr oga te da ta slice sa mple r to a Metropolis-Hastings (MH) up- 
date for the spatial range parameter ρ. This MH update condi- 
tions on ̃  z when updating ρ, which can lead to slow MCMC mix- 
ing becaus e thes e pa ra mete rs a re hi ghly corr ela ted (Murray and 

Ad am s, 2010 ). Thi s i ssue i s exac erbate d as the dimension of ̃  z 
increases. In our sim ulated exa mple, the surr oga te da ta slice sam- 
pler res ulte d in an effe ctiv e s amp le size for ρ that w as 150 times 
hi ghe r compa red to using the MH update. 

5.2 Co mpa ris o ns to other models 
We also performed simul ation s to compare our continuous- 
spac e oc c u pancy model to other spatial occ u pancy mode ls. Dat a 
we re ge ne rated using the same parameter values as spec i fied in 

Se ction 5.1 . We define d sites using a 1 × 1 unit regula r grid a nd 

c onsidere d a study ar ea tha t was 20 × 15 units in size. Data were 
ge ne rated for three visits at each of the 300 sites within this re- 
gion . We con sidered a smaller region and surveys at all sites to 

simplify the computation in this simulation study. 
We ge ne rated 100 diffe re n t d atas e ts a nd fit three diffe re n t spa- 

tial occ u pancy models to each. We fir s t fit our con tin uous - space 
occ u pancy model that matches the dat a -ge ne rating proc ess . The 
firs t alte rn ativ e approach models the oc c u pancy pr ocess a t the 
a real sites a nd includes spatial s tructure a mon g sites usin g an in- 
trinsic c ondition al autore gressiv e model ( Jo hn s on e t al., 2013 ). 
The se c ond altern ativ e a pproach i gnores the a real support of 
the s urv ey da ta and tr ea ts each site as a point loca tion a t the 
site ce n tr oid. Spa tial depe nde nc e in oc c u pancy is included in 

the se c ond altern ativ e model using a clippe d Gaus si an proces s 

to make it comparable to our con tin uous - space model. Neither 
of these altern ativ e approa ches a c c ounts for the ch ange of spa- 
ti al support be tween the occ u pa ncy process a nd the o bs erv e d 

d ata. Con s eque n tly, these alte rn ativ e a pproaches a re unable to 

model how the within-site oc currenc e proportions lead to spa- 
ti al he tero geneity in de tection pro babil ities. Add itional details 
for these altern ativ e models a nd their imple me n tation a re in 

Web Appendix C . 
We c ompare d the diffe re n t models b y conside ring the bias 

of the pos te rior mea ns a nd c ov erage of the 95% credible in- 
tervals (CIs) for both the proportion of area occ u pied and the 
proportion of sites occ u pied (see Web Appendix C for details 
on calcul ating thes e qua n t it ies). Both of the alternat ive models 
were bi as ed and had minimal coverage for the proportion of area 
occ u pied and the proportion of sites occ u pied (Table 1 ). Our 
con tin uous - space occ u pancy model was unbiased and had high 

c ov erage for the proportion of area occ u pied. Our approach also 

provided unbi as ed infe re nces for the proportion of sites occu- 
pie d and h ad high c ov erage (Table 1 ). Both of the altern ativ e ap- 
pr oaches wer e positively bi as ed for the pr oportion of ar ea occu- 
pie d be cause they fail to ac c ount for the ch ange of spatial s up- 
port. How ev er, ev en c onsidering the proportion of sites occu- 
pie d res ulte d in bi as ed infe re nce s from the se mode ls—due to 

un ac c ounte d for he tero geneity in detection probabilities result- 
ing from the species only occurring in a portion of a site. 

6 AV I A N  DATA  A P P L I C AT I O N 

We an alyze d dete ction/non-dete ction data for ovenbirds ( Seiu- 
rus auro ca pilla ) collected during the summer of 2015 in the Hub- 
bar d Br ook Expe rime n t al Fore st, Ne w Hampshire, USA. The se 
da ta ar e part of on goin g bird s urv eys within the expe rime n tal 
fores t (Rode nhouse a nd Si l let, 2019 ) a nd a re av ail ab le in the 
spOccupancy R package (Doser et al., 2022 ). These data in- 
clude tw o visit-lev el pre dictor v ari ab les—time of d ay and s urv ey 
dat e—t o model detection probabilities. We obtained elevation 

data for the study region using the elevatr R package (Hol- 
lis te r et al., 2023 ) to use as a spatial predictor variable for occu- 
pancy. All predictor v ari ab les were standardized to have mean 0 

a nd s ta nda r d devia tion of 1. The c ode w e use d to fit our model 
to these data is available in the online Supple me n ta ry Mate rial. 

The Hubbard Brook Expe rime n t al Fore st is located in a val- 
ley in the White Mountains (Figure 3 A). The detection/non- 
de tection d a ta wer e obtained fr om 10 min poin t coun t s urv eys of 
circular sites with 100 meter rad i i (Figure 3 B). Most sites were 
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FIG URE 3 Elev ation (m) in the Hub bar d Br ook Expe rime n t al Fore s t (A) a nd the o bs erv e d dete ction/non-dete ction data for ovenbirds 
( Seiu rus au ro ca pilla ) at 100 m radius plots (B). Most sites had 3 visits, but some had only 1 or 2 total visits. After fitting our con tin uous - space 
occ u pancy model, the posterior mean of the spatial effects (C) and the posterior probability of ov enbird oc c u panc y (D) w ithin the study region. 

visited 3 times, but a few sites only had 1 or 2 visits. Note that 
some of the site areas overlap (Figure 3 B) and that the sites do 

not form a regular grid over the study region . Stand ard occu- 
pa ncy models ca nnot ac c ount for the ov e rla pping sites in these 
s urv eys . T ypically , this fea tur e of the da ta w ould ne e d to be ig - 
nored (by treating sites as point locations) or by excluding data 
from some of the sites th at ov e rla p. Our con tin uous space oc- 
c u pancy model, on the other hand, is able to include all the ob- 
serv e d data and naturally ac c ommodate the ove rla pping sites 
when making inferences about species occurrence. 

We fit our model to these data using three chains with 400 000 

MCMC iteration s each . The chain s we re fit in pa rallel, a nd on 

a hi gh pe rforma nce deskt op comput er our model took a pproxi - 
mately 6 h to run. The itera tions fr om the first half of each chain 

we re disca rded as burn-in afte r using the m to tune the surr oga te 

d ata v ari anc es, and the fin al 200 000 itera tions fr om each chain 

w ere sav e d for infe re nc es . We thinne d the ite rations b y 10 to re- 
duce the a moun t of me mory r equir ed to save the results. In this 
examp le, we as sumed a n expone n t ial spat i al cov ari ance function 

so that K(s i , s i ′ ) = exp {−(|| s i − s i ′ || ) /ρ} where ρ is the spatial 
ra nge pa ra mete r. Note th at w e fixe d the v ari ance of this cova ri - 
ance function to be 1 for ide n tifiabil ity of the cl ipped Gaus si an 

proc ess (D e Oliv eira, 2000 , 2020 ). We found th at using a Gaus- 
si an spati al cov ari anc e function res ulte d in simila r infe re nc es . 
Thi s i s expe cte d be cause the s moothne ss pa ra mete r is not ide n- 
tifiab le for clipped Gaus si an proces s es (De Oliveira, 2000 ). We 
ultim ately use d the expone n t ial spat i al cov ari ance function be- 
cause it is more c onv e nie n t c omputation ally. We che cke d model 
c onv e rge nce usin g tra ceplots for all pa ra mete rs a nd s umm arize d 

pos te rior infe re nces using pos te rior mea ns a nd 95% CIs. 
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There was no evidence that de tection pro babilities v aried with 

the predictor v ari ab les d at e ( α1 : post erior mean = −0.03 and 

95% CI = ( −0.12, 0.06)) or time of day ( α2 : pos te rior mea n 

= −0.03 and 95% CI = ( −0.13, 0.06)). There was strong evi- 
denc e th at dete ct ion probabilit ies incr eased as the pr oportion of 
the site that was occ u pied increased ( γ : pos te rior mea n = 1.74, 
95% CI = (1.19, 2.43)). Con s eque n tly, the pos te rior mea n de- 
tection pr obability a t sites with 15% occurr ence was 0.29 (95% 

CI from 0.11 to 0.45), while that for sites with 85% oc currenc e 
was 0.73 (95% CI from 0.66 to 0.81). This su gge s ts the re is sub- 
s ta n ti al he tero geneity in the detection probabilities due to the 
v ari ability of within-site species occurrence. 

Our analysi s al so pr ovided str ong evidenc e th at ov enbird oc- 
currence was nega tively r ela t ed t o elevation ( β1 : post erior mean 

= −0.68, 95% CI = ( −1.00, −0.39)). We obtained pos te rior 
infe re nces on the probability of ovenbird oc currenc e across the 
study region, including for areas that were not s urv eye d. There 
was evidence of additional spatial variability that was not due to 

eleva tion (Figur e 3 C). We also were able to map the distribution 

of the species in this region based on the pos te rior probability of 
ov enbird oc c u pancy (Figure 3 D). 

7 D I S  C U S S  I O N 

We dev elope d a new spatial occ u pancy model for wi ld life 
spe cies . While s ta nda rd s urv eys for wi ld li fe spec ies c olle ct 
de tection/non-de tection d ata ove r a real s urv ey sites, spe cies oc- 
c u pancy is a process that can be defined in con tin uous space 
(Efford and Dawson, 2012 ). Our approach is the first to tr ea t 
spe cies oc currenc e in continuous space while ac c ounting for the 
change of support r equir ed for analyzing the areal survey data. 
Additionally, our model accounts for imperfect detection and al- 
lows for he tero geneity in de tection pro babilitie s re lat ed t o the 
proportion of the site that is occ u pied . This detect ion process 
is similar to that in other occ u pancy models that incorporate a 
de tection-abund ance rel ation ship (R oy le and Nichols, 2003 ) or 
he tero geneity in detection probabilities using a mixture model 
(R oy le, 2006 ). Our r eal da ta analysis pr ovided str ong evidence 
th at dete ct ion probabilit ies of ovenbir ds incr eased as the propor- 
tion of the site area that is occ u pied increased. Fail ing to ac c ount 
for this v ari ability in detection probabilities can lead to bi as ed 

infe re nc es ev e n whe n conside ring the proportion of sites occu- 
pied, as shown in our simulation s tudy. Othe r sources of va riabil - 
ity in detection probabilities, such as the radius used for point 
coun ts, ca n be inc orporate d in our model as w ell. 

Sta nda rd a pproache s re ly on a dis cre te approximation of 
spe cies oc c u pa ncy in con tin uous space. This appr oxima tion can 

be improv e d as the size of the site s decrease s. In other words, 
s ta nda rd occ u pancy models would have small bias for the pro- 
portion of area occ u pied when the sites are s mall re lative to the 
scale of spatial variation in species occ u pa ncy. Howeve r, sur- 
v eying s u ffic ie n tly s mall site s t o adequat ely re duc e bias m ay be 
challen gin g becaus e de tection pro babilities decreas e as site area 
decreas es (MacKenzie e t al., 2018 ). Studies commonly define 
sites so that each has an ar ea tha t is similar to that of the home 
range of an individual animal. This leads to subs ta n ti al v ari ability 
in within-site species occurrence and, con s eque n tly, infe re nces 
c ould be improv e d by c onsidering our c on tin uous - space model. 

The bi gges t limit ation of our mode l is the increase d c ompu- 
ta tional bur de n compa red to s ta nda r d spa tial occ u pa ncy mod - 
els. In our simulation study we used D = 36300 spatial grid 

points to implement our model, and run times were approxi- 
mately 3 h. The altern ativ e spatial occ u pa ncy models a re imple- 
me n ted at 300 spatial sites and can be fit in only a few minutes for 
thes e simul ated d a ta. Using a near est neighbor appr oxima tion in- 
crease d the c omputation al efficiency of our spatial model and 

ma de B ayesia n infe re nces using MCMC feasible. Additionally, 
w e modifie d the s urr oga te da ta slice s amp ler dev elope d by Mur- 
ray a nd Ada ms ( 2010 ) to better ac c ommodate NNGPs . Our v er- 
sion of the s amp ler introduc es s urro gate d ata for only a portion 

of the spatial locations and is able harness the c omputation al ad- 
va n t age s provided by NNGPs for the remaining spatial locations. 
While our approach was motivated by our con tin uous - space oc- 
c u pancy model, the surr oga te da ta slice sa mple r is a pplicable to 

any model that includes a late n t sp atial Ga ussian proc ess . This 
is because all st eps updat e pa ra mete rs from m ultiva riate normal 
distribut ions, result ing from the Gaus si an proces s prior, except 
when updating the cov ari ance parame ters using slice s amp ling. 
The slice s amp ling step is general and can be applied to any as- 
s ume d dat a like li hood. Overal l, the surr oga te da ta slice s amp ler 
provides an efficient approach for jointly updating spatial terms 
and spatial cova ria nce pa ra mete rs whe n using a late n t NNGP. 

We defined the spatial terms in ( 3 ) using a ge ne ric cova ria nce 
function . In s ome app lication s, it wi l l be us eful to as s ume oc cu- 
pancy is a multiscale process and model the spatial terms as 

η(s ) = 

M ∑ 

m =1 

ηm 

(s ) , (22) 

ηm 

(s ) ∼ GP (0 , K ηm ) , (23) 

where the ηm 

for m = 1 , . . . , M are ass ume d to be indepe nde n t 
of one a nothe r a nd their corr esponding spa ti al cov ari ance func- 
tions K ηm h av e diffe re n t pa ra mete r s, includ ing d iffe re n t ra nge pa- 
ra mete rs. The indepe nde nce as sumption imp lies that the over- 
all cov ari ance function K η is equal to 

∑ M 

m =1 K ηm . This allows 
the spatial depe nde nc e in the spe cies oc c u pancy proces s to v ary 
acr oss differ ent spa ti al s cales. Such a multis cale model in con- 
tin uous space diffe rs from curre n t m ultiscale occupa ncy models 
(eg, Nicho ls e t al., 2008 ), and futur e r esear ch c ould c ompare in- 
fe re nces from these diffe re n t a pproaches. 

Othe r va riations to s ta nda rd occ u pancy model s exi st that ac- 
count for multiple species, multiple seasons, and false positive 
de tection s (Bailey et al., 2014 ). These ideas could also be in- 
c orporate d into our con tin uous - space occ u pancy model. For in- 
s ta nc e, it w ould be s trai gh tforwa rd to cons truct a model for m ul - 
tip le s eas on s by as sumin g ea ch s eas on i s a di s cre te-time snap- 
shot of spe cies oc c u pancy in continuous space. An altern ativ e 
would be to consider using a clipped Gaus si an proces s for mod- 
e ling specie s occ u pa ncy in con tin uous space-time. Ca re would 

be ne e de d to ens ure dete ct ion probabilit ies a re ide n tifiable give n 

the av ail ab le s urv ey data. This c ould re quire c oncurre n t visits 
t o a sit e or visits close t o ge ther in time rel ative to the effective 
ra nge of te mporal cova ria nce function (a nalogous to the closure 
as sumption s of s ta nda rd models). Modeling occupancy in con- 
t inuous space-t ime c ould allow for improv e d insi gh ts in to how 

spe cies oc currenc e ch an ges o ver time. 
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