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Abstract

Estimating occupancy while accounting for imperfect detection typically requires repeated surveys at sampling units. How-
ever, mixed sampling designs are very common, where only a subset of sites is visited repeatedly, while the remainder are vis-
ited only once, providing single-visit (SV) data. It is unclear whether SV data contribute to parameter estimates. Consequently,
they have often been discarded in occupancy analyses. We conducted two simulation studies to understand the degree to which
SV data contribute information to the estimation of occupancy and detection probability. In Simulation 1, we simulated detec-
tion/non-detection data under different scenarios of repeated sampling and varying magnitudes of occupancy and detection
probabilities. In Simulation 2, we included continuous covariates, to see whether these could enhance the information content
of SV data. To each simulated data set, we fitted models containing between 0 and 5000 SV sites and compared the standard
errors of the occupancy and detection estimates. We found that SV data always contributed some information to the estimation
of both occupancy and detection in a mixed design. Their relative contribution was greatest when > 2 visits were conducted at
the repeated-visit sites, and for species with higher detection probabilities. These results suggest that SV data are valuable
when combined with repeated-visit data and lead to more precise estimates than when repeated-visit data are used alone. Includ-
ing suitable continuous covariates into the analysis of the simulated data increased the contribution of SV data even more. This
suggests that, in a mixed design, occupancy estimation could be optimized by measuring and modelling continuous covariates
that explain at least some heterogeneity in occupancy and detection amongst sites. Thus, we recommend that for mixed-design
data all the available information be used in a joint model to obtain the most precise detection-corrected occupancy estimates.

© 2023 The Author(s). Published by Elsevier GmbH on behalf of Gesellschaft fiir Okologie. This is an open access article
under the CC BY license (http://creativecommons.org/licenses/by/4.0/)
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Introduction

Species distributions and the factors driving them have
long fascinated ecologists. Species distributions are often
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expressed by occupancy probability, which is the probability
with which a species occurs at a site (or any spatial unit),
given the value of measured environmental and other varia-
bles at the site. Assessment of this probability is challenging
due to the presence of measurement errors, the dominant
one being the failure to detect individuals that are present,
leading to false negatives. MacKenzie et al. (2002) and Tyre
et al. (2003) proposed a simple, intuitive modelling
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framework that enables estimation of and correction for
false-negative sampling errors. The error is represented as a
parameter for detection probability, i.e., the probability that
a species is detected during a survey given that it occurs at
the site. The standard occupancy model requires a data set
with multiple (i.e., replicated) observations for at least some
of the sites, in the form of binary detections and non-detec-
tions. If the occupancy status of a site is constant across all
observations (i.e., the assumption that the population is
closed is not violated), the model permits estimation of the
probability of occurrence and of detection separately. The
former is of direct interest in a species distribution model,
while the latter is typically treated as a nuisance parameter
that must be accounted for to avoid bias in the primary esti-
mation target. However, conducting multiple surveys is usu-
ally costly. It may be necessary to employ several field
technicians simultaneously or to visit a site on different
occasions. This requires additional resources that may not
always be available.

The trade-off between a need for repeated visits for reli-
able estimation of detection probability and the desire to
cover as many sites as possible is sometimes solved with a
mixed design, where only a subset of all sites is surveyed
multiple times while the remainder (often the vast majority)
are visited only once. Contrary to integrated occupancy
models, which combine data from different sources or sam-
pling methods (e.g., Koshkina et al., 2017; Miller et al.,
2019), under the mixed design all data are collected with the
same method. Sites to be surveyed repeatedly may be cho-
sen randomly (or according to some strata) amongst all sites
or in practice often also haphazardly. For instance, in and
around Switzerland alone, several monitoring programs use
this strategy, including major contributors to the national
Biodiversity Monitoring Switzerland (www.biodiversitymo
nitoring.ch), the Swiss National Forest Inventory (www.Ifi.
ch), and the Global Observation Research Initiative in
Alpine Environments GLORIA (www.gloria.ac.at), and
without a doubt, there are countless others. The primary
goal of these schemes is often not to obtain detection-cor-
rected occupancy estimates but presumably to cover as
much heterogeneity of the landscape as possible in order to
detect large-scale patterns or community changes over time.
In many such schemes, repeated-visit data have not been
used to estimate (or account for) species-specific detection
probabilities, but merely to assess the reproducibility of the
measurements (Nilsson & Nilsson, 1983). If it is deemed
satisfactory, the real parameter of interest, i.e., occupancy or
abundance, is then typically assessed using only the data
from the first surveys (i.e., SV data only) and resulting esti-
mates remain uncorrected for detection errors. However,
whenever detection errors occur, estimates from these proce-
dures will be biased (Guillera-Arroita, 2017; Guillera-
Arroita et al., 2014; Kéry & Schmidt, 2008; Lahoz-Monfort
et al., 2014; Ruiz-Gutiérrez & Zipkin, 2011). Instead of con-
ducting separate analyses of data reproducibility and species
distribution, we suggest that both can and should be

achieved simultaneously by simply fitting an occupancy
model (MacKenzie et al., 2002; Tyre et al., 2003) to the
mixed data. Surprisingly though, there is a dearth of research
on the efficiency of occupancy models that combine multi-
visit (MV) data and single-visit (SV) data in a single model.
MacKenzie and Royle (2005) investigated whether survey-
ing a small number of sites with equal number of visits
(standard design) was more efficient in terms of precision of
the occupancy estimator than surveying a larger number of
sites, but only some of them repeatedly and the rest only
once (mixed design). They found that the standard design,
with identical replication, is almost always more efficient for
a given total number of surveys. However, they did not
address the question of whether it pays, in terms of estimator
precision, to add SV data into an analysis of an otherwise
MV-only data set. Our aim with this study was to identify
whether, how much, and under which conditions the addi-
tion of such SV data in a mixed design improves estimator
precision. Additionally, we wanted to see whether adding
continuous covariates to the model would further improve
precision, since they have been shown to aid estimation in
the case in which only SV data are available (Lele et al.,
2012).

We addressed these questions using simulation, so that
truth was known (Chapter 4 in Kéry & Royle, 2016). We
conducted two simulation studies in which we generated
detection/non-detection data under a mixed design and for
widely varying scenarios defined by the number of SV sites
as well as the magnitude of the probability of occupancy
and detection. In Simulation 1, we focused on the effects of
the number of MV sites and the number of SV sites in the
simplest possible model without covariates. In Simulation 2,
we investigated whether the utility of SV data can be
enhanced by incorporation of continuous covariates.

Materials and methods
Data simulation

We used function simOcc in the R package AHMbook
(Kéry et al., 2021) to simulate detection/non-detection data
sets under a wide range of conditions and with or without
the effects of a continuous covariate in either the occupancy
or the detection portion of the model. Function simOcc first
generates true presence/absence z at M sites based on a
defined probability of occupancy W, where ¥ can vary with
environmental covariates in the form of a logistic regression.
After generating true presence/absence data z, the function
simulates detection/non-detection data y for J visits to each
site, with a probability p of detecting the species during a
visit to an occupied site, and a probability of O of detecting
it at an unoccupied site. Variation in sampling conditions
that may affect p can again be modelled with a logistic
regression. We used this scheme to generate data in our two
simulation studies.
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Simulation 1

Here, we investigated under which conditions SV data
contribute any information to the estimation of W and p in a
mixed design when no covariates are included in a model.
We compared three schemes of repeated sampling:

® Case2x 150 with 2 visits each to 150 sites (i.e., number of visits J = 2,
number of sites M = 150)

® Case2x 300 with 2 visits each to 300 sites

® Case4 x 150 with 4 visits each to 150 sites.

We chose these numbers to reflect designs from moder-
ately small to medium sample sizes. We further varied con-
ditions by selecting a gradient for occupancy probability ¥
and detection probability p between 0.1 and 0.9 in steps of
0.02, and by considering five levels for the number of SV
sites S added to the multi-visit (MV) data: 0, 150, 500,
1000, and 5000. For each combination of J, M, V¥, and p,
we initially simulated 1000 data sets with J visits and a
total number of N = 5000 + M sites. We then defined the
first M sites of each data set to be the repeated-visit sites
and turned observations from visits J > 2 in all remaining
sites into NAs, so they became SV data. The full SV por-
tion was then subset five-ways to produce the five levels of
factor S, i.e., for each of the 1000 original data sets, we cre-
ated a total of five variants corresponding to the five levels
of the factor S. When a simulated data set contained either
only detections or not a single detection amongst all MV
sites, it was discarded (to avoid boundary estimates of the
probability parameters in the model) and replaced by a new
data set.

Simulation 2

In this set of simulations, we evaluated whether continu-
ous covariates in occupancy or detection affect the degree to
which SV sites contribute usable information in an occu-
pancy model. We based all simulations on Case2x 150
above, i.e., where we assumed 2 visits each to 150 sites (i.e.,
J =2, M =150) and varied ¥, p, and S in the same way as in
Simulation 1. With covariates, ¥ and p here represent the
intercepts expressed on the probability scale. Data under
each parameter combination were simulated under four dif-
ferent covariate settings:

CovNull without any covariates (identical to Case2 x 150)

CovOcc with one continuous site-specific covariate for occupancy and
none for detection

CovDet with one continuous visit-specific covariate for detection and
none for occupancy

CovBoth with one continuous site-specific covariate for occupancy and
one visit-specific covariate for detection.

Each covariate was randomly drawn from a standard nor-
mal distribution and was linked to the respective probability
via a logistic regression model. The logit-scale effect of the

occupancy covariate was simulated as —1, while the effect
of the detection covariate was set to 1. We simulated 1000
data sets for each scenario and parameter combination.

Analysis of simulated data

Simulations and analyses were run in R (version 4.1.1; R
Core Team, 2021) and static occupancy models (MacKenzie
et al., 2002; Tyre et al., 2003) were fitted by maximum like-
lihood using function occu in the R package unmarked
(Fiske & Chandler, 2011). We identified numerical failures
in model fitting by the presence of either missing (NA),
unreasonably large (> 3 on the logit scale) or unreasonably
small (< 0.005) estimated standard errors (SE). Beyond a
standard error of 3, confidence intervals of probabilities
cover essentially the full range of values from O to 1, while
standard errors below 0.005 unrealistically suggest near-per-
fect estimation and were always associated with boundary
estimates (either occupancy or detection was estimated at O
or 1). For data sets where the simulated detection and occu-
pancy probabilities were low, the proportion of models with
such numerical failures was substantial (up to 89%). These
cases were ignored in the description of our results below,
but we tally their frequency in Appendix 1. All analyses are
based on SEs associated with the estimates on the original
logit scale.

In Simulation 2, each data set was analysed with an occu-
pancy model with identical covariate structure as in the
data-generating model. To assess the amount of information
contributed by the SV data in an occupancy fit, we analysed
the magnitgc\ie of the SE, on the logit scale, and the rate of
change in SE as we went from 0 SV sites to 5000 SV sites
added to a given number of MV site data.

For each combination of W and p, we used SE of the logit-
scale W and P to fit a generalized linear mixed model across
all 1000 simulations using the function Imer in the R package
Ime4 (versi/o\n 1.1-29; Bates et al., 2015) to investigate how
logit-scale SE changes with increasing number of SV sites:

SE(Wi1) = vo + v1 *Is + 8k + ek

where §I\E(\Tfk,1) is the estimated standard error associated
with the maximum likelihood estimate of W for data set k
and S factor level [, y, is the intercept, y, is the coefficient
for the factor level I of S, & is the random effect associated
with the £ = 1...1000 simulated data sets, and &, is the
residual. We then conducted the analogous analysis also for
SE(Dy,)- Note that we regressed the estimated SEs on the
factor levels [0, 1, 2, 3, 4] of variable S instead of directly
using the numbers [0, 150, 500, 1000, 5000]. Our reason for
this is that we wanted a simple indicator for the magnitude
of the change, and when plotting the SEs against different
versions of the number of SV sites (e.g., raw numbers, log-
transformed numbers, factor levels), the relationship to lev-
els of factor § was most nearly linear. In this regression, the
estimated intercept y represents the SE of an estimate when
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S =0, i.e., when the model is fit to data with repeated visits
only.

We assessed the contribution of SV data to estimator
precision in two ways. The first one was to identify that
part of the examined parameter space (if any) of occu-
pancy and detection probability for which the precision of
the estimated parameters improved when SV data were
added, i.e., where SE become smaller. The second was to
compare the magnitude of that improvement between dif-
ferent sampling schemes and covariate structures, wherein
we define improvement as a negative estimated slope 7,
in the regression on the level of S described above.

In this paper, we focus on the precision of occupancy and
detection estimators. The effect of SV data on the precision
of covariate coefficients is discussed in Appendix 2. In order
to keep within the scope of the paper, we only briefly discuss
the accuracy of the estimates and refer the reader to the
appendices for figures and a short discussion of the effect of
SV data on estimator bias (Appendix 3) and root mean
squared error (Appendix 4).
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Results

Simulation 1

Of the 1000 simulated data sets generated for each parameter
combination, 907 on average resulted in valid estimates (range:
111 - 1000; see Appendix 1 for the number of non-valid esti-
mates). We found that the addition of SV data was always ben-
eficial in terms of precision of the occupancy and detection
estimates for all sampling schemes examined in Simulation 1
(Figs. 1 and 2). Regression slopes 7 of SE(\I’) against SV
sites were consistently negative, i.e., the precision of estimates
improved, for all combinations of ¥ and p and for all sampling
schemes of the MV data (Fig. 1A). This improvement was
greatest when W' was small and p was large.

For SE@) too, the addition of SV data in an occupancy
model always paid in terms of estimator precision: regres-
sion slopes were consistently negative for all combinations
of ¥ and p (Fig. 1B). However, unlike for SE(‘I’ ), the con-
tribution of SV data was greatest when both W and p were
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Fig. 1. Heatmaps showing slope j; of linear regressions of the estimated standard errors of ¥ (A) and of p (B) against the number of
single-visit sites Iy in relation to true occupancy W and detection probability p (along the axes). Columns represent the different cases
of repeated sampling with (left) 2 visits each to 150 sites (in addition to 0—5000 SV sites), (middle) 2 visits each to 300 sites, and (right)
4 visits each to 150 sites. Note that a negative slope indicates an improvement of estimator precision with increasing numbers of single-

visit sites added.
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Fig. 2. Plots showing (on the y axis) the average magnitude across simulations of the estimated standard error of W (A) and of D (B) as more
single-visit sites (on the x axis) are added to the analysis (Simulation 1). Columns represent different combinations of data-generating rates
where W is kept constant at 0.5 and p is set to 0.2 (left), 0.5 (middle), and 0.8 (right). Note that the scale of the y-axes varies, but ticks are

drawn consistently at intervals of 0.05.

low. Doubling the number of repeated-visit sites
(Case2 x300) reduced the relative contribution of additional
SV data compared to Case2x 150 for the entire parameter
space. Doubling the number of visits (Case4x 150) on the
other hand increased the contribution of SV data on the esti-
mation of W, especially when the detection probability was
high, as illustrated by the more negative slopes of SE(¥)
with additional SV data (Figs. | and 2). Both Case2x300
and Case4 x 150 show considerably lower absolute SE com-
pared to Case2x 150 (see the intercepts in Fig. 2) due to the
greater information content of the MV data.

Overall, the SE of ¥ improved a lot more than the SE of
D for the same number of additional SV sites. For example,
for a moderately common species (W = 0.5) which is easily
detected (p = 0.8) and a repeated sampling scheme of
Case2x 150, /tge Aaddition of data from only 500 SV sites
reduced the SE(W) from 0.175 to 0.121 (Fig. 2A), which
represents a reduction of 31%. For the same settings, the
SE(p) decreased only by 5%, from 0.253 to 0.240. Even for
combinations of W and p for which the contribution of SV
data on SE(p) is greater, adding 500 SV sites never reduced
the SE(P) by more than 14% (results not shown).
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Fig. 3. Heatmaps showing slope 7, of linear regressions of the estimated standard errors of v (A) and of p (B) against the number of single-
visit sites I in relation to true occupancy W and detection probability p (along the axes). Columns represent the different covariate settings:
CovNull is the intercept-only model and is identical with Case2x 150 in Simulation 1, CovOcc has one covariate for occupancy and none for
detection, CovDet has one covariate for detection and none for occupancy, and CovBoth has one continuous covariate each. Colour indicates
the magnitude of the regression slope for each combination of values of ¥ and p in the parameter space for 1000 simulated data sets each.
Note that the colour scales differ from those in Fig. 1. All models include 150 sites visited twice.

In terms of accuracy, both estimates showed negligible
deviations from the truth for species with p > 0.5 for
Case2x 150. Below this threshold, occupancy was slightly
under- and detection probability slightly overestimated
which confirms previous findings (e.g., MacKenzie et al.,
2002). The magnitude of the bias decreased with additional
MV sites or greater number of repeated visits, but was not
affected by the number of SV sites (Appendix 3).

Simulation 2

On average, 905 simulations per parameter combination
resulted in valid estimates (range: 111—1000). We found that
the inclusion of a site-specific occupancy covariate (in scenar-
i0s CovOcc and CovBoth) strongly enhanced the contribution
of SV data to the estimation of occupancy (Fig. 3A) but did
only slightly do so in the estimation of detection (Fig. 3B).
The steepest slope, i.e., the greatest improvement in SE, was
found for species with low detection probability and moderate
occupancy probability (Fig. 4). Precision of the covariate
coefficients improved likewise, with the occupancy covariate
showing a pattern similar to that of the occupancy estimate,
and the detection covariate showing a pattern similar to that
of the detection estimate (Appendix 2).

Adding a visit-specific covariate of detection into the
model (CovDet) slightly increased the usable information
content of SV data for the estimation of detection, but only

for species with very low ¥ and p. However, it had little
effect on the occupancy estimate.

In terms of accuracy, the coefficient of the occupancy
covariate showed some bias when detection probability was
low in combination with very low or high values of occu-
pancy probability (i.e., near 0.1 or 0.9; Appendix 3). The
coefficient of the detection covariate showed a slight posi-
tive value for all parameter combinations. For both covari-
ates, accuracy improved substantially when SV data were
added to the data set (Appendix 3).

Discussion

We explored what we call "mixed sampling designs" in an
occupancy modelling framework. That is, where one portion
of the sites is sampled multiple times, as in the standard
occupancy design (MacKenzie et al., 2002; Tyre et al.,
2003), and the other portion is sampled only once. Across
the scenarios examined, we found that the addition of SV
data always improved estimator precision for both occu-
pancy and detection probability when compared to the anal-
ysis of data from the MV sites alone. However, the
magnitude of this gain in precision varied, and depended on
the magnitude of species occupancy and detection, as well
as on the type of covariate included. In general, estimates of
occupancy ¥ benefited more from adding SV data than did
estimates of detection probability P.
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Different repeated-sampling schemes

The standard occupancy design uses the MV portion of the
data to provide information on detection probability. Expand-
ing the starting data set from 150 sites visited twice
(Case2x 150) with additional visits or additional MV sites
should therefore improve overall estimator precision. As
expected, we found that doubling the number of sites with
two visits (Case2 x 300) improved estimates in terms of preci-
sion, but it reduced the relative improvement of precision that
was observed when SV data were added to the analysis.

Doubling the number of visits (Case4x150) strongly
improved precision of the estimates, especially when detec-
tion probability was low, as has previously been reported
(MacKenzie & Royle, 2005; Reich, 2020). An interesting and
new finding from our study is that a larger number of visits in
the repeated portion of the data also has benefits for the rela-
tive contribution of SV data: when MYV sites are visited four
times, additional SV data carry relatively more information
(and hence precision is improved relatively more) than when
MV sites are visited only twice. In other words, greater preci-
sion in the detection estimate obtained through greater
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number of visits allows the model to make better use of the
information on occupancy contributed by the SV data.

Different covariate structures

Covariates may carry valuable additional information on
the probability that a site is occupied or not. One may there-
fore expect that the inclusion of one, or better two, continu-
ous covariates (i.e., at least one at site level and another at
the visit level) would make it easier for the model to utilize
additional SV data. Our simulations clearly confirmed this
for the estimation of occupancy: Incorporating a covariate
for occupancy strongly improved the contribution of SV
data to estimation of W for species with low to moderate
detection probabilities. We further found that covariates also
improved estimates of detection P, but here the improve-
ment was less pronounced and restricted to cases where
detection probabilities were low. As standard occupancy
models require repeated visits to estimate detection probabil-
ity, it may seem counterintuitive that SV data should
improve estimates of detection at all. In fact, MacKenzie et
al. (2003) write “repeated surveys may be restricted to a sub-
sample of sites in order to collect sufficient information for
estimating detection probabilities, which can then be applied
to those sites only visited once” suggesting that the detection
estimate is informed only by the MV data. Our results show,
however, that SV data can actually improve estimates of
detection probabilities, especially when the model includes
an occupancy covariate and when overall detection probabil-
ity is low. This means that by adding information about the
occupancy status of a site, an occupancy covariate indirectly
contributes information about the detection probability.
Finding suitable occupancy covariates should be relatively
easy. Potential covariates may be elevation, yearly mean
temperatures or precipitation, vegetation density, proximity
to water or to human settlements.

Adding a detection covariate that varies at the visit level
had little effect on the contribution of SV data to the estima-
tion of W, but slightly improved their contribution for p. As
with the occupancy covariate, this effect was more promi-
nent when detection probability was low, but the overall
improvement was smaller than for the occupancy covariate.
Not unexpectedly, the greatest benefits were obtained when
the model contained one unique (or “private”) continuous
covariate each for occupancy and detection. Lele et al.
(2012) and Solymos et al. (2012) used continuous covariates
to estimate detection probability (separately from occu-
pancy) from data of SV sites alone. In contrast to a design
with purely SV data, a mixed design does not require the
use of continuous covariates to guarantee parameter identifi-
ability. Therefore, it may also be more robust to assumption
violations compared to a model fit to SV-only data (Knape
& Korner—Nievergelt, 2015). Our results show that espe-
cially analyses of difficult-to-detect species, i.e., species
with a low detection probability, can be greatly improved

when adequate covariates are included. Examples of possi-
ble detection covariates that may vary between visits are
date, climatic conditions during sampling (temperature, rain-
fall, wind, cloud cover, etc.), or some continuous measure of
observer experience such as the proportion of species suc-
cessfully identified in a test. We note that categorical covari-
ates such as observer identity should not be expected to be
informative in this regard (Lele et al., 2012). We did not
assess the effect of detection covariates that vary at site
level, but we would expect it to be of similar magnitude.

Implications for survey design

Several studies have evaluated the performance of various
sampling designs in occupancy studies and tried to identify
optimal strategies for a constant total survey effort (e.g.,
Guillera-Arroita, 2017; Guillera-Arroita et al., 2010; MacK-
enzie & Royle, 2005; Reich, 2020). We emphasize that our
goal was not to show that mixed designs are particularly
powerful at estimating occupancy and detection rates when
compared with other designs. In fact, ever since MacKenzie
and Royle (2005) it has been known that a mixed design,
which they called “double sampling”, is rarely the ideal
solution when the aim is to obtain a precise estimate of occu-
pancy with a fixed number of surveys. Rather, the aim of our
study was to provide guidance for an analysis in the com-
mon situation when a survey has already been conducted,
and when both SV and MV data are available. Especially in
vegetation studies (vascular plants, mosses, fungi, and
lichens), there are numerous data sets that have such a mixed
structure, both from past surveys and from ongoing monitor-
ing programs and often, separate analyses are conducted of
the SV and the MV data, perhaps because the mixed data
does not seem ideal for any joint analysis. Our results show,
however, that the MV and SV data from such studies can be
analysed jointly and that this will improve the estimates of
both occupancy and detection probability, even if the design
was not optimized for the purpose of correcting for imper-
fect detection in the most efficient way. Thus, our take-
home message is this: if you have additional single-visit
data in the analysis of standard (i.e., repeated-visit) occu-
pancy data, then use them all in a single occupancy model.
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