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1 | INTRODUCTION

Estimating species distribution across the landscape is relevant
from an ecological and conservation perspective (Guillera-Arroita
et al., 2015). By explicitly considering how species respond to the
environment as a separate process from our imperfect observa-
tions, occupancy models allow us to infer species distribution with
affordable sampling designs (e.g. detection-non detection records
vs. marking individuals; Mackenzie & Royle, 2005). Moreover, ac-
knowledging imperfect detection improves model estimates of spe-
cies occupancies and metapopulation dynamics (Guillera-Arroita
et al.,, 2014; Lahoz-Monfort et al., 2014; MacKenzie et al., 2002). To
date, one of the most widely used models to infer species distribution
is MacKenzie's occupancy-detection model (MacKenzie et al., 2002;
MC, hereafter). Survey designs that revisit sites within a timeframe,
where changes in site-specific occupancies are unlikely, are used to
estimate the probability of detecting a species at a site given that is
present. A potential limitation of MC is that detection probability
is assumed to be homogeneous or fully explained by environmen-
tal covariates. However, we expect that detecting the presence of a
species would be easier at sites with many individuals (i.e. intrinsic
heterogeneity in detection). In this sense, Royle and Nichols (2003),
proposed an occupancy model (RN, hereafter), where local abun-
dance is related in the simplest way to detectability, assuming con-
stant and independent detection among individuals. This approach
can improve the accuracy of occupancy estimates (Dorazio, 2007;
Royle & Nichols, 2003); although may not be adequate when de-
tectability varies across individuals (Veech et al., 2016) or they are
not detected independently (e.g. movement of individuals in groups,
Martin et al., 2011). As in any model, violations of occupancy model
assumptions can yield biased or inaccurate estimates, affecting the
reliability of our inferences (Bailey et al., 2014).

The limitations of the MC model to account for abundance-
driven heterogeneous detection have been largely recognized, but
most studies have focused on potential errors in estimates of land-
scape occupancies or demographic parameters (e.g. Dorazio, 2007,
Rossman et al., 2016; Royle & Nichols, 2003); while species re-
sponses to the environment have been largely overlooked. However,
the MC model is frequently used to infer covariate effects on species
distribution (Guillera-Arroita & Lahoz-Monfort, 2012); which can
help to assess their vulnerability to disturbances or to evaluate man-
agement actions (MacKenzie, 2005). Thus, inaccurate estimates can
lead to misguided management decisions (Kery & Schmidt, 2008).

for this extra-variation (e.g. Poisson-beta or zero-inflated models). Finally, (iii) for
uncommon species (mean abundances <1), whenever possible, gather data at

the community level and apply joint species modelling techniques.

environmental responses, heterogeneous detection, joint species modelling, occupancy

In general, optimal sites for a species hold a greater number of in-
dividuals, and hence, we would expect habitat suitability and site-
specific detectability to covary. It is well-established that covariation
between environmental variables and detectability can strongly bias
our inferences if such relationship is not explicitly modelled (Gu &
Swihart, 2004; Lahoz-Monfort et al., 2014). Therefore, not account-
ing for abundance-driven heterogeneous detection may affect our
inferences about how species respond to the environment. In prin-
ciple, MC can be extended to include site-specific detection as a
function of covariates affecting abundances (Mackenzie, 2006), but
this approach could be noisier than explicitly linking abundance and
detectability. Hence, MC model performance may be compromised
even when the relationship between detection and habitat suitabil-
ity is acknowledged.

Another common source of error in occupancy models is insuf-
ficient information in data (Barry & Elith, 2006). If the number of
detections across sites is too scarce, estimates may be imprecise and
unable to detect existing effects of covariates (Guillera-Arroita &
Lahoz-Monfort, 2012). A way to overcome this problem is designing
surveys that optimize the number of sites versus revisits according
to species commonness and conspicuity (Mackenzie & Royle, 2005).
Nonetheless, sampling efforts for rare or cryptic species may be im-
practical (e.g. >100 sites and 6-8 visits, Guillera-Arroita, 2017). In
this context, multi-species occupancy models can help to overcome
such logistic constrains. Within communities, species environmen-
tal responses are simultaneously fitted, thus, reducing uncertainty
around model estimates (Ovaskainen & Soininen, 2011). In particular,
joint species model (JSM) extensions, in which species responses de-
pend on their traits and phylogeny, represent a promising tool since
species coefficients borrow information from those with similar
traits or close phylogenetic relatives (e.g. HMSC models, Ovaskainen
et al., 2017). To evaluate the potential of this approach, we devel-
oped and tested a Royle and Nichols (2003) joint species model (RN-
JSM) in which species responses and detectability depend on their
traits and phylogeny. This, should provide better estimates in unfre-
quently observed species with feasible sampling efforts.

In this paper, we evaluate the sensitivity of occupancy models to
two common sources of error: model misspecifications due to het-
erogeneous detection and insufficient information in data. First, we
assess the reliability of the MC model in scenarios of abundance-
driven heterogeneous detection. Then, we evaluate the sensitivity of
MC and RN models to overdispersed local abundances and detect-
ability. Finally, we present a new RN-JSM and test its performance

85UB01T SUOWLWOD aAIEaID o|dedldde ay) Ag peusenob . Ssfo1e YO ‘8sN JO S3|nJ 1oy Akl 8uluQ A3|IM UO (SUOTIPUOD-PUe-SLLBI W00 A3 | 1M Ae.g 1 pu 1 uo//:Sdny) SUONIpUOD pue swie | 8L 89S *[£202/80/70] Uo Akeiqiauluo As|iM ‘seuoioeBisanu| ap feuoieN oksuod 13DINOD Ad GZ8ET X0TZ-Ty0Z/TTTT 0T/I0PAL0D A8 | 1M Aleiq Ul |UO'S euIno 8q)//:sdny woy pepeojumod */ ‘220Z ‘XOTZTY0Z



1542 Methods in Ecology and Evolution

MORAN-LOPEZ ET AL.

with a simulation study and a dataset on grasslands bird communi-

ties from Uruguay.

2 | MATERIALS AND METHODS

2.1 | Sampling designs, occupancies and detection
rates reported in literature

To design simulation experiments with sampling efforts similar to
those encountered by practitioners, we searched for studies infer-
ring species environmental responses by means of occupancy mod-
els. In the ISI Web of Science database, we searched for 150 papers
targeted on birds, mammals or reptiles (N = 50 per taxon), using
combinations of key words (occupancy AND cover AND bird*; occu-
pancy AND habitat AND mammal*/reptile*). For each taxon, we or-
dered studies according to their relevance with respect to key words
and number of citations. Then, we selected the first ones that used
single-species occupancy models to infer species environmental re-
sponses. For each study, we recorded the sampling design (number
of sites and visits), species detectability and occupancy (minimum
and maximum when multiple species were monitored; mean values
otherwise). Finally, we calculated median values of these parameters
(as well as 0.05 and 0.95 quantiles) across studies (per taxon and in
total).

2.2 | Performance of classical occupancy models

To evaluate the performance of the classical MC occupancy model
in quantifying species environmental responses (MacKenzie
et al., 2002), we simulated data following the occupancy model
developed by Royle and Nichols (2003) and two variants that ac-
counted for overdispersion in local abundances and variability
in detection. In all cases, we compared the MC model perfor-
mance against that of the RN model. We chose the RN model as
a benchmark because in its formulation local abundances depend
on a Poisson process, which represents a standard null model for
species distributions (Royle et al., 2005). In addition, it implies
that most common species also show higher variability in site-
specific abundances, a pattern frequently found in nature (He &
Gaston, 2003). Finally, RN links local abundance and detectability
in a simple but intuitive way. Species detection increases with the
number of individuals at a rate that depends on how conspicuous
they are (Royle & Nichols, 2003).

2.21 | Simulating survey data

In scenario 1, we simulated local abundances from a Poisson distri-
bution whose mean depended on a centred environmental covari-
ate, conducted virtual surveys and recorded whether the species
was detected or not during visits:

log(4;) = Bo + B1X; (1)
N;~ Poison ;) (2)
pi=1-1-n" (3)
y;~ Binomial (p;,M;) @)

The expected abundance of the focal species at the i-th site (1)) de-
pended on its mean abundances (according to ) and the effects of
environmental conditions (3,x;). The number of individuals at a given
site (N;), was drawn from a Poisson distribution with 4;. The site-specific
probability of detection of the species (p,) depended on the detection
probability of each individual (r) and the number of individuals at each
site (N)). The number of times the species was detected at the i-th
site (y;) was a function of its probability of detection (p, and the num-
ber of visits to the site (M;). According to this model, the site-specific
probability of occurrence of the species at the i-th site is defined as
v =1-exp(-4)

To evaluate the performance of RN and MC when detectability
and local abundances are overdispersed, we simulated two additional
scenarios. In scenario 2, the detectability of individuals in the i-th site
and m-th survey was drawn from a Beta distribution with expected
values R and an overdispersion parameter 7 (r;, ~ Beta(Rz,(1 — R)7),
Dorazio et al., 2013). For each expected value of detectability R
(see below), T parameter was adjusted so that the Beta distribution
had a coefficient of variation of 0.5. This variability reflects values
found in nature (e.g. manatees, Dorazio et al., 2013). In scenario 3
we accounted for overdispersed local abundances. The number of
individuals at the i-th site (N;) was sampled from a negative-binomial
distribution with mean 4; and a dispersion parameter ®. For each
lambda, we adjusted ® so that the variance equaled two times the
mean. This represents a degree of dispersion found in nature that
can compromise RN model performance (Duarte et al., 2018). In ad-
dition, it provides reasonable values of local abundances.

Inall three scenarios (Poisson, Poisson-beta and negative-binomial),
we simulated datasets with species differing in their mean abundances
(according to ebo, Equation 1) and detectability (r). Assumed levels of
mean abundances were 0.05,0.1,0.2, 1, 2, 4 and 6. Simulated levels of
landscape occupancy ranged from 0.08 to 0.94 (Poisson distribution
for abundances) and from 0.05 to 0.91 (negative-binomial distribution).
We assumed individual detectability of 0.15, 0.45 and 0.75. By com-
bining both factors, we obtained a wide range of species occupancy
and detection rates. Species responses to the environment (3,) were
drawn from a mixture of two normal distributions (equal proportion
each) with means 1 and -1 and a standard deviation of 1. This allowed
us to assess the ability of occupancy models to infer covariate effects,
avoiding biases due to sign. x; was sampled from normal distribution
(mean = 0, SD = 1). For every abundance-detectability combination,
we performed simulations using four types of sampling designs: (i) 150
sites and 6 visits, (ii) 150 sites and 3 visits, (iii) 75 sites and 6 visits and

(iv) 75 sites and 3 visits. The first survey design generates an extensive
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dataset, but that may be logistically challenging to obtain. The last one,
a much less labour-intensive option that may hold too little informa-
tion. Designs ii and iii, correspond to intermediate sampling efforts
with the same number of surveys (450), but in which surveying a larger
number sites or performing more visits is prioritized.

2.3 | Model fit and estimation of errors

For each scenario (Poisson, Poisson-beta and negative-binomial)
and combinations of parameters and survey designs (N = 252) we
simulated 100 replicated datasets. For each dataset we fitted the
RN model, and two variants of the MC model. One with fixed spe-
cies detection (p) across sites; and another, in which detectability
depended on the same environmental covariates affecting abun-
dances (logit(p;) = g + a4x,). For each simulated dataset, we tracked
site-specific probability of occurrence (y;) and the true value of f,.
First, we evaluated the accuracy of model estimates on site-specific
probability of occurrence. To this end, we calculated the root-mean-
square error between fitted (¥;) and true (y;) values of occupancy;
RMSE = \/% 211(‘77,‘—%')2' being i each site. Then, we evaluated the
ability of models to detect and quantify species environmental re-
sponses. For each parameter set we calculated power as 1—Type Il
error rate across 100 repetitions. Type Il errors were found when
models could not detect an existing effect (the 95% credible inter-
val for g, included zero). We considered a power of 0.8 or more as
adequate (Guillera-Arroita & Lahoz-Monfort, 2012). In addition, we
regressed estimated site-specific probability of occurrence against
true values (; vs. ;). The intercept of this regression allows detect-
ing systematic biases in estimations and the slope provides meas-
ures of under- or overestimation of effect sizes. We did not directly
compare true versus estimated p, due to the different link functions
used in RN and MC models (see section 1 Appendix C).

The Poisson scenario represents optimal conditions for a RN
occupancy analysis as its specifications reflect the exact processes
that generated the data (i.e. all statistical assumptions are met). In
this scenario, RN performance serves as a baseline to detect prob-
lems due to insufficient information in data. MC versus RN com-
parisons allow us to detect errors due to model misspecification
on abundance-driven heterogeneous detection (only fits from MC
model are inaccurate or imprecise). In both models, results from
Poisson-beta and negative-binomial scenarios allowed us to assess

sensitivity to overdispersed data.

3 | DEVELOPMENT AND EVALUATION OF
RN JOINT SPECIES MODEL

To improve model accuracy for rare or secretive species we designed
a RN-JSM model. As in Royle and Nichols (2003), the site-specific
number of individuals is sampled from a Poisson distribution whose
mean depends on environmental covariates. Local abundance,
in turn, modifies detectability (Equations 1-4). According to the

Hierarchical Modelling of Species in Communities (HSMSC) frame-
work (Ovaskainen et al., 2017), species responses to the environ-
ment (B) are sampled from a multivariate normal distribution with

mean p and variance-covariance matrix :

B N(u Y ) )

;

Mjk = Yok t Z Yuly (6)
t=1

Y =V [pC+1-pl] (7)

The expected response of the j-th species to the k-th covariate () de-
pends on an intercept (yy) and on the effects of T different spe-
cies traits on environmental responses (ZL1 Yuly)- To obtain the
variance-covariance matrix Y, the variance-covariance of the K
environmental responses (V) is expanded via the Kronecker prod-
uct with [pC +(1- p)l]; where C is the matrix of species phyloge-
netic correlations and | is an identity matrix of JxJ size. Parameter
p can take a value between 0 and 1 and represents the strength
of the phylogenetic signal on species environmental responses. In
our RN-JSM model, species detectability (rj) was also modelled as a
function of species traits and phylogeny (following a joint species
approach).

3.1 | Performance of RN-JSM model with
simulated data

To evaluate the performance of our RN-JSM we generated commu-
nities composed of 20 species. Local abundance of species was a
function of an environmental covariate (X;;), sampled from a normal
distribution (mean = 0, SD = 1). Expected environmental responses
of species (u, Equation 5) depended on one species trait which was
drawn from a normal distribution (mean = 0, SD = 1). Trait effects
(yy4) were sampled from a mixed normal distribution with mean 1
or -1 and a standard deviation of 1 (equal proportion each). When
generating Y, the species phylogenetic matrix was constructed with
a random phylogenetic tree built with the ape R package (Paradis
& Schliep, 2019). The strength of the phylogenetic signal (p) was
sampled from a uniform distribution with a range between 0.2 and
0.8 (low and high signal, avoiding extreme values). The variance-
covariance matrix of environmental effects (V) was constructed as
the quadratic form of their variance vector and a correlation ma-
trix. Variance was sampled from a uniform distribution (min = 0.1,
max = 0.5) and correlation from a normal distribution with mean O
and sd 0.25 (discarding values beyond |1]). Simulated species detect-
ability (r), depended on a single species trait (sampled from a normal
distribution, mean =0, SD = 1); and trait effects (drawn from a mixed
normal distribution, mean = 1/-1, SD = 1). For each simulated com-
munity, we conducted virtual surveys following i-iv sampling designs
(see above).
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In each simulated community, we randomly selected a rare and
a common species (occupancy <0.1 and >=0.5 respectively) and
estimated their environmental responses using RN and RN-JSM.
Detectability in selected species ranged between 0.1 and 0.75.
After model parameterization, we plotted true against estimated
environmental responses (mean and credible intervals). The position
of mean values (with respect to 1:1 line) determines the accuracy of
model estimates. The breadth of the posterior distribution informs

about certainty in model predictions (precision).

3.2 | Case of study: Grassland bird community
from Uruguay

To illustrate the performance of the RN-JSM, we applied single and
multi-species models to data from a community of 50 bird species from
managed pastures in Uruguay (Aldabe et al., in prep). A total of 46 cattle
farms were sampled. Farms differed in the region where they were lo-
cated (low vs. highlands) and in their pasture height (cm) and type (nat-
ural vs. artificial). Within each farm, four to nine transects (mean = 6) of
300m length were established with an average spacing between them
of 501m ([71, 1734] 0.05 and 0.95 quantiles). Bird communities were
sampled on yearly basis from 2015 to 2018 during the austral sum-
mer (December-March). Each year, transects were visited between
one and four times (with a time-lag of 2 to 4days between visits) and
observers noted all bird species detected. Fieldwork was performed in
private cattle farms with permission from the landowners.

In RN-JSM, the abundance of the j-th species in the i-th transect
from the f-th farm was modified by the region in which the farm was
located and the local environmental conditions of the transect. In
particular, the mean abundance of the j-th species at the f-th farm
(according to BOjf) was modelled with a normal distribution whose
mean depended on whether the farm was located on a valley or a
highland region ([SOifN N(voj + vll-HIf,cf)), Hl=1 highland, O otherwise)
and a cg variance. Local abundance was then modified by pasture
height (PH,) and type (L; natural vs. artificial) within the i-th tran-
sect (Iog(/lj,»f) = Bojs + P1;PH; + By;L)). Species responses to the en-
vironment (v, vy, B1,Po) were modelled with a multivariate normal
distribution whose mean values depended on species body size (log-
transformed) and their degree of insectivory (measured as percent-
age of consumption of insects in their diets). Detectability, in turn,
depended on species body size and vocalization type (low or high
frequency). Quantitative environmental covariates and traits were
scaled (mean = 0, SD = 1) previous to the analyses. We obtained
species functional traits from the Elton trait database (Wilman
et al., 2014), except for vocalization rate which was classified ac-
cording to Billerman et al. (2020) and JA personal experience. The
phylogenetic correlations matrices were constructed from phylo-
genetic trees obtained from Birdtree (Jetz et al., 2014) using the R
package ape (Paradis & Schliep, 2019). When fitting the RN model
(Equations 1-4), we followed the same scheme for covariate effects
but detectability and environmental responses were estimated sep-
arately for each species and independently of traits and phylogeny.

To evaluate the ability of both models (RN and JSM-RN) to predict
occupancy at a new survey, we tested their accuracy in an out-of-sample
dataset. We used field data from 2017 and 2018, which contained a
higher number of revisits, for model training; and data from 2015 and
2016 to measure prediction error. For each species present in the com-
munity, we sampled 1,000 values from the joint posterior of species
environmental responses and detectability (from models fitted with
2017-2018 data) and simulated data for 2015 and 2016 (i.e. species-
specific occupancy and detection during surveys). We quantified root-
mean-square errors of observed occupancies predicted by our model
and box plotted them according to species rarity (proportion of sites de-
tected: rare <0.1, intermediate [0.1, 0.5] and common 20.5). In addition,
in four focal species with contrasting abundance and detectability, we
evaluated the precision of model estimates on covariate effects (pas-
ture height and land use), and the accuracy of predictions. Focal species
were: (i) Vanellus chilensis (common and conspicuous); (ii) Sicalis luteola
(common and cryptic); (iii) Xolmis dominicanus (uncommon and conspic-
uous); and (iv) Donacospiza albifrons (uncommon and cryptic).

In all cases (simulated datasets and study case) we used a
Bayesian approach with weak priors. We ran between 1e+05 and
5e+05 iterations in three chains and checked for convergence
(Rhat<1.1) and effective sample size (>=100). See Appendix B,
for further information on parameterization of models and priors.
Single-species models were fitted using JAGS (Plummer, 2003) and
RN-JSM using Stan (Stan development team, 2020) programs. We
fitted RN-JSM in Stan because it allowed us to use the Kronecker
product to obtain the variance-covariance matrix of species envi-

ronmental responses (Equation 7).

4 | RESULTS
4.1 | Sampling designs in observational studies

Across taxa, our sample of field surveys had median values of 100
sites and 3 revisits, although there was a high variability across stud-
ies ([37, 3171 and [2, 9], [ag o5, 9o 5] for sites and visits respectively).
Within taxa, the number of sites surveyed went from 59 to 100
(median values for reptiles and birds respectively); and the number
of visits from 3 to 7 (median values for birds and mammals respec-
tively). Regarding landscape occupancies, maximum values went
from 0.66 and 0.70. In the case of detection probabilities, minimum
values ranged between 0.19 and 0.23, whereas maximum values
went from 0.51 to 0.73 (Appendix A, Figure A1, Table A1).

4.2 | Assessment of MC and RN model
performance

In both models, estimates of site-specific probability of occupancy
(w;) were less accurate for common species (mean abundance >1
and landscape occupancy >0.65). In such conditions, errors of the
MC model were higher than RN (RMSE values >0.1). Especially, in
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simulated surveys with three visits to sites, where RMSE of occu-
pancy estimates were on average 1.9 times higher in MC than in RN
(Figure 1, lower vs. upper panels).

Regarding environmental-driven occupancy gradients, both
models (RN and MC), could correctly infer their direction (slope of i;;
vs. y;; regression >0), but tended to overestimate their size in abun-
dant but secretive species (mean abundance 24, r = 0.15) (Figure 2).
This pattern was stronger in the MC model; especially, when only
three visits were conducted in simulated surveys (Figure 2 upper
vs. lower panels). The MC model extension in which site-specific
detections depended on covariates affecting local abundances, did
not perform better for secretive species. It systematically under-
estimated covariate effects (Appendix D, Figure D1) and could not
attain sufficient power (Power <0.8, Figure D2).

In both models, estimates of covariate effects (ﬁl) became less
precise in uncommon species (mean abundances <1; Appendix D,
Figure D4). As a result, their posteriors overlapped zero more often
and power was reduced. In uncommon species, MC outperformed
RN (Figure 3, upper vs. lower panels), although frequently it did not
attain sufficient power (Table D2). When detectability among indi-
viduals varied (Poisson-beta scenario), in common and conspicuous

species neither MC or RN reached sufficient power (Power<0.8;

150 sites 6 visits 150 sites 3 visits

Figure 3). Nor, in rare species with extra-variation in their local abun-

dances (Figure 3, negative-binomial scenario).

4.3 | Evaluation of RN joint species model (RN-
JSM)

In simulated communities, for rare species the precision of RN estimates
decreased when the number of sites was 75 or were only surveyed three
times (Figure 4b-d), while it was maintained for RN-JSM (Figure 4f-g).
Results from the grassland bird communities from Uruguay showed
similar patterns. When species were rare, RN-JSM resulted in far more
precise predictions (Figure 5, left panels), that were also more accurate
(Figure 5, right panels). In addition, for rare species, species environ-
mental responses had low precision in the RN model, while RN-JSM

strongly reduced uncertainty in model estimations (Figure D5).

5 | DISCUSSION

In general, our results show that the MC model can infer site-

specific occupancies when abundance-induced heterogeneity in
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detection is low (i.e. rare or conspicuous species). Otherwise, its
accuracy decreases and the effects of environmental covariates
are overestimated (Figures 1 and 2). In species that are both com-
mon and secretive, the spatial variability of local abundances is high
(He & Gaston, 2003) and detectability remains imperfect (Royle &
Nichols, 2003). As a result, abundance-driven heterogeneity in de-
tection increases (Dorazio, 2007), compromising the performance
of MC. We expected that modelling species detectability as a func-
tion of covariates affecting abundances would improve its accuracy.
However, this was not the case (Appendix D). In secretive species,
MC extension underestimated species environmental responses
(Figure D1) and had a limited ability to detect existing covariate ef-
fects (Figure D2). Modelling differences in detection by means of
covariates seem to be noisier than directly accounting for abun-
dance effects on detection. Besides, it may not reflect the shape of
abundance-detection relationships (logistic vs. saturating response).
Therefore, our results call for caution when assuming that includ-
ing environmental effects in the observation process is sufficient to
overcome problems arising from abundance-driven heterogeneous
detectability.

In line with previous work, we found that the performance of
MC can be improved through field sampling designs (Mackenzie &

Royle, 2005). For instance, MC provided more accurate estimates
when local abundances were low (<1 individual per site) and dif-
ferences across sites diminished. Since local abundances are scale
dependent, accommodating the size of plots to unify them can be
a strategy that homogenizes detectability across sites, improving
the MC model performance (e.g. plot sizes similar to species home-
ranges, Efford & Dawson, 2012). Nevertheless, in many cases there
is no a priori information about local densities or mobility and these
properties frequently change in response to the environmental co-
variates being tested. Another option is to optimize the number sam-
pling units or revisits during surveys (Guillera-Arroita, 2017). For the
same sampling effort, MC accuracy increased with the number of
visits (Figures 1 and 2, f vs. g). In abundant and secretive species,
detectability is a parameter with high uncertainty and new visits
provide a lot of information about it. Therefore, in line with previ-
ous works (Guillera-Arroita & Lahoz-Monfort, 2012; Mackenzie &
Royle, 2005), for common but secretive species we recommend in-
vesting more in revisiting sites than in increasing their number.

The fact that RN outperformed MC was not surprising since it
better reflected the structure of simulations. However, our results
provided valuable information about its sensitivity to overdispersed
data. In some scenarios, extra-variation in detectability and local
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Equation 3)

abundances, strongly reduced the power of RN (Figure 3). On one
hand, variability in detection blurred the effects of local abundances
on site-specific detections. Consequently, it often failed to detect
covariate effects (Figure 3, Poisson-beta scenario); especially, in
common and conspicuous species. On the other hand, when local
abundances were overdispersed, RN was unable to accommodate
for such extra-variation, leading to increased uncertainty in model
estimates (Figure D4); thus, reducing its power (Figure 3, negative-
binomial). This was particularly the case for uncommon species, in
which information per se was scarce. Overall, these results agree
with previous work showing that assuming fixed and independent
detectability of individuals (as in classical N-mixture model for occu-
pancy data, Royle & Nichols, 2003 or counts, Royle, 2004) can result
in poor model performance when individuals are spatially clustered
(Joseph et al., 2009), detected in groups (Martin et al., 2011), or
not equally conspicuous (Veech et al., 2016). In such cases, draw-
ing detectability from a beta distribution (Martin et al., 2011) and
local abundances from zero-inflated or hurdle models (Dorazio
et al.,, 2013; Joseph et al.,, 2009) may deal with these overdisper-
sion problems. It is important to note, however, that accommodat-
ing overdispersed detection probabilities may lead to identifiability
issues (i.e. different models fitting data equally well but providing

contrasting estimates of species occupancies). In such cases, it is ad-
visable to design field surveys so that detectability is maximized and
its heterogeneity reduced or explained by covariates (Royle, 2006).
Noteworthy, when model specifications matched those of sim-
ulations, RN did not achieve sufficient power (0.8) when species
had, on average, less than one individual per site (Figure 3, Poisson
scenario). Moreover, extensive sampling designs (150 sites, 6 visits)
did not avoid this problem. In those cases, MC outperformed RN
since local abundances were similar across sites and its formula-
tion was simpler. Still, MC often failed to detect covariate effects
(Appendix D, Table D2). Poor performance of single-species models
for uncommon species results particularly relevant in the light of our
literature search. Average local abundances of 1 correspond to land-
scape occupancies of 0.63 (according to w = 1 — e™%). These values
are representative of maximum occupancies reported in field stud-
ies, which usually have more limited sampling designs than our simu-
lated surveys (Appendix A, Figure A1). Overall, these results suggest
that field studies may have had insufficient power to detect covari-
ate effects of a similar size (or lower) to that of our simulations (mean
values of #; = |1). In this context, the closed formulation of power
analysis for occupancy models developed by Guillera-Arroita and
Lahoz-Monfort (2012) can be useful. It allows, without simulating
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data, to calculate the number of sites and revisits needed to detect
an expected environmental effect. This may be particularly relevant
when conclusions drawn from occupancy models guide manage-
ment decisions (MacKenzie, 2005).

The RN-JSM model presented here significantly increased the
accuracy and precision of our estimates when information was
scarce (Figure 4). Our model builds on previous multi-species N-
mixture models, where species environmental responses (Tobler
et al., 2019; Yamaura et al., 2011), detectability (Gomez et al., 2018;
Tobler et al., 2015) or both (Yamaura, Connor, et al., 2016; Yamaura,
Kery, & Royle, 2016) are modelled in a hierarchical way, from com-
mon distributions. Our main contribution with respect to previous
approaches is that, following the HMSC framework (Ovaskainen
et al., 2017), expected species responses and detectability are not
treated as random effects, but rather depend on the species' func-
tional traits and phylogeny. Species fundamental niches depend
on their functional traits (McGill et al., 2006), which often reflect
a shared evolutionary history (Revell et al., 2008). In addition, de-
tectability of species arises from their behaviour (e.g. vocalization
rate) and distinctiveness (e.g. size, colour; lknayan et al., 2014).
Therefore, RN-JSM model should provide reliable estimates with

more limited sampling efforts and reduce the risk of pulling rare spe-
cies responses (for which information is scarce) towards community
means. Accordingly, when tested in real data, RN-JSM showed an
enhanced performance with respect to single-species models. For
uncommon bird species, it strongly reduced the uncertainty about
species responses (Appendix D, Figure D5) and predictions of land-
scape occupancy were by far more accurate (Figure 5). Enhanced
performance of our model in the study case is important as in field
studies we usually do not have a priori information about the pro-
cesses generating data. Moreover, the enhanced forecasting accu-
racy of RN-JSM model in out-of-sample data provided solid evidence
of the suitability of our approach.

As in any occupancy model (Bailey et al., 2014), we expect that
RN-JSM will be sensitive to violations of its assumptions. For in-
stance, overdispersed abundance or detectability may reduce its ac-
curacy, as it occurred with the single-species approach. In this sense,
RN-JSM could be extended to account for extra-variation (e.g. by
modelling detectability with a Beta distribution and abundances
from a hurdle model, Dorazio et al., 2013). In addition, choosing an
adequate set of species traits will be critical to avoid pulling rare spe-
cies model estimates towards community means. To ensure reliable
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inferences, we can take advantage of the ability of RN-JSM to obtain
good estimates with reduced sampling efforts. This should facilitate
split data and quantify model performance in out-of-sample sets.
Within its limitations, we believe that RN-JSM provides a promising
statistical tool to improve inferences with affordable and feasible
sampling designs. Future work evaluating potential biases in RN-JSM
predictions; and if necessary, extending its formulation will help to

improve the modelling framework presented here.

6 | CONCLUSIONS

In light of our results, we provide the following recommendations

when analysing covariate effects on species occupancy.

1. For common and secretive species analyse occupancy data
with Royle and Nichols model (2003) and prioritize increasing
the number of visits over sampling more sites.

2. For species with overdispersed local abundances or detectabil-
ity. Use model extensions that accommodate extra-zeros or varia-
ble detectability among individuals (e.g. Dorazio et al., 2013) since
RN and MC model may not attain sufficient power.

3. For uncommon species (landscape occupancy <0.65) preferen-
tially use MC, but be aware that information may be too scarce
to detect existing environmental effects on species occupancy.
Whenever possible, gather data at the community level and
apply joint species modelling techniques. Ideally, model species
responses and detectability as a function of their traits and phy-
logeny (e.g. HMSC framework, Ovaskainen et al., 2017).
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