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Abstract

Species distribution models (SDMs) have become tools of great importance in ecology, as advanced knowledge of suitable
species habitat is required for the process of global biodiversity conservation. Presence-only data are the more abundant and
readily available data widely used in SDM applications. These data should be treated as a thinned Poisson process to account
for detection errors related to sampling bias and imperfect detection that arise in them. Failure to do so could be detrimental
to SDM’s predictions. This study assesses the effects of the species abundance, the variation in detection probability, and
the number of sites visited in planned surveys on the performance of SDMs accounting for detection errors using simulated
data. The results show that the accuracy and precision of estimates differ depending on models and species abundance. Their
main difference lies in their ability to estimate f,, the model intercept. The lower the species abundance, the higher the bias
and variance of f},. Furthermore, the lower the detection probability, the higher the bias and variance of f,. However, f,,
the slope parameter, is estimated with almost high accuracy and precision for all models. This study demonstrates the low
efficiency of accounting for sampling bias and imperfect detection based on presence-only data alone. Analysing presence-
only data in conjunction with point-count outperformed the other approaches, whatever the species abundance, as long as the
detection probability is at least 0.25 with average values of detectability covariates. The acceptable accuracy and precision,
the minimum number of sites to consider vary depending on species abundance. At least 200 sites are required for the rare
species, whereas 50 sites can suffice for the abundant species. Since collecting high-quality data are very expensive, this
study emphasizes the need to promote initiatives such as citizen science programs that aim to collect species occurrence
data with as little bias as possible.
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Introduction

In the context of climate change, species distribution mod-
els (SDMs) have become crucial tools in ecology for guid-
ing conservation initiatives. They are used to find suitable
habitats for vulnerable, invasive, endangered, or special-
interest species, as well as to analyze the influence of cli-
mate change or land use on their future distribution (Fuller
et al. 2008; Kremen et al. 2008; De Siqueira et al. 2009;
Kearney et al. 2010; Fei et al. 2012; Crall et al. 2013;
Li and Wang 2013; Guillera-Arroita et al. 2014; Hefley
et al. 2017; Koshkina et al. 2017). The primary objective
of SDMs is to identify areas where conservation activi-
ties such as habitat restoration, biomonitoring, or reserve
networks should be strengthened. Therefore, accurate
predictive SDMs are particularly important for efficient
biodiversity management and conservation. Hence, several
modelling approaches have been developed.

In the context of absence data being unavailable or
inadequate, SDMs estimating species distribution using
presence-only (PO) data have been developed (Brotons
et al. 2004; Guisan and Thuiller 2005; Peterson et al.
2011). The use of PO data in the SDM is driven by the
fact that high-quality data (presence—absence or abun-
dance data), in addition to being scarce, are very expensive
to collect. In contrast, PO data are abundant and read-
ily available and accessible. However, the way they are
not known for most them, leading to uncertainty in the
predictions of SDMs (Elith et al. 2002; Barry and Elith
2006). Moreover, despite numerous attempts by ecologists,
it is not feasible to accurately predict the true spatial dis-
tribution of species of interest based merely on PO data
of doubtful quality (Fithian and Hastie 2013; Hastie and
Fithian 2013). The uncertainty related to ecological data
(mainly collected online) is a great challenge for SDMs.
It has to be taken into account when the analysis results
have to be interpreted appropriately or when they serve
as a basis for decision-making process (Elith et al. 2002;
Barry and Elith 2006).

SDM accuracy is affected by a number of factors,
including sample bias and imperfect detection. Sampling
bias is the process of gathering occurrence records of the
species of interest in such a way that some sites are less
likely to be visited than others. The failure to detect an
individual of that species in a specific location, even if it
is present, is known as imperfect detection. The accuracy
of PO SDMs can be improved by handling sample bias
effects; otherwise, the model may reflect sampling effort
rather than the “true” species distribution (Phillips et al.
2009). Furthermore, imperfect detection can dramatically
impair maximum likelihood estimates of presence-only
SDM parameters (Dorazio 2012). The violation of the
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assumption of perfect detection makes parameter estimate
more difficult and statistical inference less reliable. As a
result, this situation could lead to a misunderstanding of
the issue of interest, and consequently, conclusions for
policy-making could be erroneous (Kellner and Swihart
2014). Yet, it is unclear to what extent incorporating sam-
pling bias and poor detection into the model specifica-
tion will increase the accuracy and precision of PO SDMs
(Koshkina et al. 2017).

To address the challenge related to sampling bias and
imperfect detection, integrated SDMs that analyses pres-
ence-only data in conjunction with replicated point-count
(PC data) (Dorazio 2014) or with repeated surveys site-
occupancy records (SO data) (Koshkina et al. 2017) were
introduced. These integrated models are extensions of the
Poisson point process models proposed by Warton and
Shepherd (2010). They simultaneously account for sam-
pling bias and imperfect detection using a thinned Poisson
point-process model for presence-only data and incorporate
either an N-mixture model for PC data (Royle 2004) or an
extension of the conventional site-occupancy model for SO
data (MacKenzie et al. 2002). Yet, species abundance may
also affect SDMs performances (i.e., rare versus abundant).
The number of occurrences is likely to vary with species
abundance and thus affect the model performance. Further-
more, the effects of sampling bias and imperfect detection
on model performance are also expected to vary with species
abundance. Therefore, it is crucial to assess the performance
of these models in this respect. For instance, how will SDMs
performance be affected depending on species abundance?

It is only recently that the effect of species rarity on model
performance has become a matter of interest in the SDM
literature. While sample bias and imperfect detection are
accounted for, the effects of species rarity on PO SDMs is
investigated in this work. To the best of our knowledge, no
previous research has assessed the performance of these
newly introduced SDMs in the situation of rare vs. abun-
dant species.

Methods
Simulation design

This study was conducted using simulated data. Three types
of data were simulated: (i) presence-only data assumed to
be collected opportunistically and subject to different levels
of detection probability; (ii) point-count data and (iii) site-
occupancy data assumed to be collected in spatial sample
units (quadrats) using standard survey protocols.

The simulation approach for the data generation process
was similar to that reported in Dorazio (2014) and Koshkina
et al. (2017). Let us designate our virtual area B, which is
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a square divided into 1000 x 1000 grid cells and represents
the study area where our virtual species lives. Let us also
refer to x(s) and w(s), two environmental predictors (covari-
ates) generated using spatially varying bivariate distributions
that are assumed to be independent of one another. x(s) and
w(s) were generated in such a way that they were defined at
every location, s on B’s 2D grid. In other words, x(s) and
w(s) are rasters that contain values at each location s within
B, a subset of R? (see Dorazio 2014; Koshkina et al. 2017).

Simulation of presence-only data

Let us consider n individuals of a particular species residing
within B. PO data are a set s = s, 5, 53, ... , 5, of point loca-
tions in B, where individuals of that species are recorded. It
has been shown that these point locations can be modelled
as a realization of Poisson point process. Hence, it is hypoth-
esised that they represent the activity centres of the observed
individuals. The the intensity function A(s) define the species
distribution (Dorazio 2014). The process that characterizes
the PO data is inhomogeneous because the intensity A(s)
varies with location. Consequently, the expected number of
occurrences in region B is a Poisson random variable with
mean:

H(B) = /J(S)dS- ey
B

Since the intensity A(s) varies in space, it is hypothesised
that this variation is a function of location-specific environ-
mental covariates at each location s. The most standard for-
mulation of the relationship between intensity A(s) and envi-
ronmental covariates is the log-linear function (Warton and
Shepherd 2010; Dorazio 2014; Fithian et al. 2014; Koshkina
et al. 2017). In this study, we simulated the species intensity
A(s) using the log-linear function that depends on the single
covariate x(s) (see, Dorazio 2014; Koshkina et al. 2017) :

log (A(s)) = By + px(s). )

In this study, two scenarios of species abundance were
considered in the simulation process. We considered
p, = 0.5 and f, = log(8000) ~ 8.9872 for what we consid-
ered as an abundant species, while we considered f;, = 0.5
and f, = 1og(200) =~ 5.2983 for the rare species. In the con-
text of this study, fitting the model involves estimating both
the unknown intercept f, and the unknown slope f,. Conse-
quently, accurate estimates of f, and §, can be used to infer
the abundance or occurrence of the species of interest for
any location or sub-region within B.

As species occurrence data are prone to sampling bias
and imperfect detection, only a subset of m individuals is
observed among the » individuals. Each individual species
present at locations s belonging to B is detected following

b(s), the detection probability (Dorazio 2014; Koshkina et al.
2017). In this study, the detection probability b(s) includes
both the imperfect detection (that is defined as the ability of
observers to detect individuals) and the geographic sampling
bias (that is defined as the probability that a location is sam-
pled). Imperfect detection and sampling bias are analogous
if they both depend on environmental covariates (Guillera-
Arroita et al. 2014; Dorazio 2014; Koshkina et al. 2017).
In this study, the function b(s), subsequently referred to as
"detectability’ or *probability of detection’, was considered
to be determined by a single covariate w(s). As in Dorazio
(2014) and Koshkina et al. (2017), we used the logit function
to simulate b(s) as follows:

logit(b(s)) = ay + a;w(s). 3)

As PO data are prone to sampling bias and imperfect
detection, the m locations, s = s,,5,, 53, ...,5,, (m<n),
where the individuals have been observed opportunistically,
can be modelled as a thinned Poisson point process. At each
location s, the intensity v(s) is equal to the product of A(s)
and b(s) (Dorazio 2014). Consequently, the expected number
of detected occurrences in region B is defined as follows:

v(B) = / A(s)b(s)ds. 4)
B

For both species abundance scenarios considered in this
study, the point patterns representing the true presences were
simulated with the intensity function A(s) but thinned by
the detection probability b(s). In the simulation process, we
considered a; = —1and o, was assigned values ranging from
-5 to 5 so that detection probabilities at the average value of
w(s) ranged from very low values (b(s) = 0) to very high
values (b(s) ~ 1). In addition, the data were assumed to be
subject to an extra sampling bias that cannot be accounted
for by covariate w(s). To achieve this, we did as Koshkina
et al. (2017), randomly selected 30% of the total number of
detected occurrences and considered them as the observed
occurrences. Thus, the number of occurrence records for
abundant species slightly exceeded 10000, assuming per-
fect detection and decreased as the probability of detec-
tion decreased. For rare species, the number of occurrence
records did not exceed 300, assuming perfect detection, and
decreased as the detection probability decreased until the
minimum of 5 occurrence records.

Fitting the SDM assuming b(s) = 1 gives estimates of the
intensity of A(s)b(s) rather than the intensity of the species
A(s). Treating these estimates as estimates of species distri-
bution can be dramatically misleading (Fithian et al. 2014).
It is therefore mandatory to estimate A(s) accounting for b(s).
Different approaches have been proposed to estimate both
unknown f parameters (f, and f, in this study) and unknown
parameter « (&, and «, in this study). Careful attention was
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paid to whether or not it was feasible to get reliable estimates
of abundance or probability of occurrence based on PO data
as a sole basis (Fithian et al. 2014). One option to address
the limited information in the PO data is to analyse them in
conjunction with PC or SO data (Dorazio 2014; Koshkina
et al. 2017). In this study, we assessed the performance of
the Poisson point process SDMs that analyse PO data alone
and integrated SDMs that analyse PO data in conjunction
with PC data or SO data. Their ability to predict species
distribution could differ depending on the accuracy and pre-
cision they estimate f and a. The performance in estimating
p is dependent on the accuracy and precision of a estimates.
Additional PC data and SO data should increase the accu-
racy and precision of the integrated SDMs’ estimates. See
Dorazio (2014), and Koshkina et al. (2017) for a more in-
depth understanding of the log-likelihood functions of these
SDM:s.

Simulation of point-count and site-occupancy data

Point-count and site-occupancy surveys provide high-quality
information on a species’ abundance and occupancy in a
given area. In contrast, these data consist of a small num-
ber of observations made at a small number of sampling
sites. Moreover, they usually cover a limited area and are not
indicative of a species’ geographic range. In this study, we
divided the study region B into 100 X 100 square quadrats of
equal size, to simulate point-count and site-occupancy data.
Each quadrat contained 100 grid cells of B. As the parameter
estimations of the integrated SDMs may be affected by the
number of sample locations. The performance of integrated
SDMs was assessed as a function of the number of sample
sites in this study. Consequently, Z = 50, 100, 200, 400, or
800 were randomly selected throughout region B. By aggre-
gating (summing) the intensities corresponding to grid cells
that fall in the considered quadrat, the corresponding values
of intensity A(s) or a true number of individuals present in it
were estimated for each quadrat. The corresponding values
of covariates x(s) and w(s) for each quadrat were determined
using the aggregated areas’ mean values of x(s) and w(s). By
doing J = 4 independent binomial draws from individuals in
each quadrat, simulated point-count and presence-absence
(site-occupancy status) were obtained.

The detection probability in the PO data (b(s)) includes
both sampling bias and imperfect detection (i.e., failure
to detect the species when it is present). In contrast, the
detection probability during planned surveys denoted p(s)
account for imperfect detection only because sites are cho-
sen by design (Koshkina et al. 2017). In this study, the
covariate of detectability in the PO data, w(s), was also
considered as the driver of detection probability, p(s), in
the planned surveys. The probability of detection (p(s))
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at any site s was considered to be the same for all four
repeated surveys but depending only on the single covari-
ate w(s), as follows :

logit(p;(s)) = o + 7, w(s). )

Here j represents the jth survey. For our simulations,
we considered y, = 0 and y; = —1.5. With thinned inten-
sity A(s)p(s), in each quadrat, observed individuals were
counted during the j” survey. These PC data were ana-
lysed in conjunction with PO data as proposed by Dorazio
(2014).

To obtain SO datasets, PC data were converted into
presence—absence data. If count > 1, the species is pre-
sent in the quadrat. Otherwise, the species is absent. In
other words, a quadrat was considered as occupied by the
virtual species, if at least one individual is observed in it
(occupancy = 1). Otherwise, it is deemed to be unoccupied
(occupancy = 0). These SO data were analysed in conjunc-
tion with PO data as proposed by Koshkina et al. (2017).

Data analysis

All of the experiments produced 2000 replications of the
simulated data, which included presence-only, site-occu-
pancy, and point-count data. Maximum likelihood esti-
mates of the predictor’s coefficient f§; and the intercept f,
were computed for each simulated dataset by fitting the
presence-only model (PO model), the integrated model
which combines PO data and SO data (PBSO model), and
the integrated model which combines PO data and PC data
(PBPC model). All the analyses were conducted in R (ver-
sion 3.5.1) (R Core Team 2018), and the maximum likeli-
hood approach was used to fit all of these models.

We estimated parameters f;, and f, based on the data
sets containing records of points selected randomly over
the study area B and the associated covariate. Hence, we
obtained f, and f, for each model that was compared to
the ’true’ values (f, and f,) that were used to simulate the
virtual species distribution A(s) in Eq. 2.

The models were compared by testing their perfor-
mance in estimating f, and f; while accounting for sam-
pling bias and imperfect detection under varying detec-
tion probability b(s) and the number of sites in planned
surveys. The performance of SDMs was assessed based
on the operating characteristics of the estimators (bias and
variance), the mean squared error (MSE) of estimates, and
the relative efficiency.

In this study, N = 2000 replications of the simulated
data were generated and f, = {f,, p, }. For each parameter
P, the operating characteristics and efficiency measures
were calculated as follows:
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Mean bias

=
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N
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Relative efficiency
For pairwise comparison of f, of pairs of SDMs denoted
M, and M,, we calculated relative efficiency using the concept
of the mean squared error (MSE).

with ﬁAk! v, and ﬁAk’MZ estimates of parameter f, obtained with
model M, and model M, respectively.

Results
Comparison of 3, and 3, estimates

Table 1 shows the results of the test of conformity of f
to their "true’ values () and the results of the equality of
variances of the estimates as a function of the abundance
of the species. The Student t test was used to test the con-
formity of the § while the Levene test was used to compare
the variance of § as a function of species abundance.

The results of Table 1 showed that the higher the spe-
cies abundance, the lower the variance of estimates of
parameters f§, and f,. In addition, f§, are highly underesti-
mated for the PO and PBSO model for the rare species as
well as the abundant species. The best fj, were obtained
with the PBPC model. However, almost all ﬂAo are equal
to f, for all studied SDMs. These results suggest that the
combination of PO data and SO data does not significantly
increase the accuracy of SDMs under any species abun-
dance scenario. The PBPC model has shown the best per-

REG, fory) = MSE(ym,) (10) formance in the estimaFion of parameters f, and f, for both
M, > PkM, MSE( ﬁk,Mz ) rare and abundant species when compared to other models.
Table 1 C.)p.eratir}g . Parameter Model Species abundance Real Estimate SD t test p value
characteristics of maximum-
likelihotod e;timfgeﬁs 02 ined o PO Rare 5.298 4.842 1.866 0.000
arameters f, and f, obtaine
Ey fiting diffoerent SIDMS l[?:\l/lenndea?etst p value Y e (1)(1)(9)3 o
PBSO Rare 5.298 0.434 3.13 0.000
Abundant 8.987 7471 1.66 0.000
Levene test p value 0.000
PBPC Rare 5.298 5.286 0.153 0.111
Abundant 8.987 8.987 0.027 0.93
Levene test p value 0.000
b PO Rare 0.5 0.521 0.222 0.025
Abundant 0.5 0.498 0.051 0.06
Levene test p value 0.000
PBSO Rare 0.5 0.508 0.126 0.361
Abundant 0.5 0.552 0.217 0.347
Levene test p value 0.09368
PBPC Rare 0.5 0.504 0.106 0.342
Abundant 0.5 0.5 0.017 0.401
Levene test p value 0.000

For illustration, we considered &, = 1 and 200 sites for high-quality data
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Fig. 1 Effects of variation
detection probability (b(s)) on
maximum-likelihood estimates
of f,. The red dashed line
indicates bias equal zero. Error
bars indicate 95% confidence
intervals
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ABUNDANT
b
75
<50
<
<
»
8
o
25 i
0.0 F O—O -
0.00 0.25 050 0.75 100 0.00 0.25 0.50 0.75 1.00
Detectability
RARE ABUNDANT
c d
3
o
<
k]
c
2
«© -
82
(0]
hel
2
©
3
c
8 14
w
ol | ©O—O O 0—OQ)_
0.00 0.25 0.50 0.75 100 0.00 0.25 0.50 0.75 1.00
Detectability
RARE ABUNDANT
150 f
<2
= 100 {
o
°
8
3
[
2
T 50
(]
4
%O,cﬁ 0—00
ot -k O—0®- -
0.00 0.25 0.50 0.75 100 0.00 0.25 0.50 0.75 1.00
Detectability
RARE ABUNDANT
60 e B
40
°
<
k]
w
[72)
=
20
of —=3 =66 - || ;1‘328* =06 -
0.00 0.25 0.50 075 100 000 0.25 0.50 0.75 1.00
Detectability

Model -O- PO -O- PBSO -O- PBPC

Effects of detection probability on maximum

detection using the PBPC model is a promising alternative.  likelihood estimates of 8,and (3,
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Figure 1 illustrates how ﬁo vary depending on the detection
probability be(s) while Fig. 2 shows how ﬁl is affected by
the variation in the detection probability be(s).

The results of f, of the PO model and PBSO model
are biased and sensitive to the variation in the detection
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Fig. 2 Effects of variation e I
detection probability (b(s)) on 04 I b
maximum-likelihood estimates
of §; The red dashed line 02
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probability (Fig. 1). For these SDMs, as b(s) decreases, the  only its variance is slightly altered if the species is rare,
bias in ﬁo, mean squared error and variance of ﬁo increase.  regardless of the detection probability (Fig. 1). Figure 1 also

This trend is observed for both abundant and rare species. illustrates that biases in f}, become extremely high when
However, in both scenarios of species abundance, the PBPC ~ b(s) < 0.25.
model differs from PO and PBSO models. The PBPC model Apart from the fact that species rarity induces high vari-

has shown to be less sensitive to changes in b(s). For this ability in ﬁ], it was noted that the variation in b(s) does not
model, the bias in /§0 and the mean squared error of /§0 are  affect significantly the quality of f, for all the SDMs. For
almost zero. Even the variance of ﬁo is very close to 0, but ~ both abundant and rare species, as long as b(s) > 0.25, the
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Fig. 3 Relative efficiency of

ABUNDANT |

SDMs as a function of detection 5000
probability b(s). The red dashed b
line indicates the threshold of 1 500
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Relative efficiency of B,

effects of b(s) on Bl are negligible. With b(s) < 0.25, the
quality of ﬁl estimates is strongly affected (Fig. 2).

To compare the performance of the SDMs as a function
of b(s), the relative efficiency was calculated for each pair
of SDMs (see Fig. 3).

The PBPC model outperformed the other SDMs
(Fig. 3). For f, and g, estimates obtained with the PBPC
model are either more efficient or equivalent to those of
the other SDMs, whatever the detection probability. These
results also show that f§, of the PO model are more efficient
or equivalent to ﬁo of the PBSO model. However, for ﬁl,
the opposite trend was observed.

Effects of the number of sampled sites on maximum
likelihood estimates of 3, and £,

Integrated SDMs are an alternative to overcome sampling
bias and imperfect detection. However, it is important to
know how many sites are required for a good performance
of these models. Figures 4, 5 and 6 present the results with
respect to this.

The first observation that emerges from the results in Fig.
4 is the poor performance of the PBSO model compared to
the PBPC model in estimating f, regardless of the number
of sites considered for high-quality data. These results also
show the increase in the variance of f}, resulting from the
species rarity. For the PBPC model, high performance in
estimating f, is obtained from 50 sites for abundant species,
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100 000 0.25 0.50 0.75 1.00
Detectability

Pair -<O- PBSO-PO -O- PBPC-PO -O- PBPC-PBSO

while for rare species, good performance is obtained with
at least 200 sites.

One significant observation emerges from the results in
Fig. 5: varying the number of sites has almost no effect on
f,. B, are very close to their ’true’ values for all integrated
SDMs and all abundance scenarios.

As for the results presented in Fig. 3, the results of Fig. 6
show that the PBPC model outperformed the PO and PBSO
models. f}, and f, obtained with the PBPC model are more
efficient compared to those of the other SDMs, whatever the
number of sites sampled during repeated planned surveys.
f, and f, of the PO model are almost equivalent to f}, and f,
of the PBSO model, respectively.

Discussion

Performance in accounting for imperfect detection
and sampling bias

PO models assume b(s) ~ 1. However, as PO data are prone
to sampling bias and imperfect detection (Dorazio 2014),
they should be treated as a thinned Poisson process (Fithian
and Hastie 2013; Hefley et al. 2013; Warton et al. 2013)
because estimating A(s) without accounting for b(s) could
lead to estimating A(s)b(s) instead of A(s). If interpreted
as estimates of A(s), these estimations could be extremely
wrong, potentially misdirecting species conservation efforts
(Fithian et al. 2014). A(s)b(s) simply captures sampling effort
and does not reflect ecological mechanisms that determine
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Fig.4 Effects of the number

RARE ABUNDANT

of sites sampled in planned
surveys on maximum-likelihood
estimates of f. The red dashed
line indicates bias equal zero.
Black square and triangle are
the results of the PO model.
Error bars indicate 95% confi-
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the species’ spatial distribution (Lahoz-Monfort et al. 2014;
Guillera-Arroita 2017). Therefore, sampling bias and imper-
fect detection must be accounted for if predictions are the
basis of a decision-making process (Elith et al. 2002; Barry
and Elith 2006).

This study assessed the benefit of analysing PO data in
conjunction with PC data or SO data, as proposed recently
by Dorazio (2014) and Koshkina et al. (2017). Particularly,
the aim was to assess the effects of the species abundance,
the variation in detection probability, and the number of
sites on the performance of these SDMs to inform ecologists
about the efficiency of using such additional data. Dorazio

- ——O
860 6 260
Number of sites

400 600 800

Model -O- PBSO -O- PBPC

(2007) demonstrated that the PC and SO models’ predic-
tions of species site occupancy status and abundance are
technically identical. Moreover, MacKenzie et al. (2002)
and Mackenzie and Royle (2005) also showed that the SO
model may correct for imperfect detection. Furthermore, the
PC model is well-known for producing reliable abundance
and detectability estimations (Royle 2004). Then, we could
expect that PBSO and PBPC models would display almost
the same performance. Surprisingly, the results of this study
show that analysing PO data alone or in conjunction with SO
data was unable to estimate accurately f,. The two models
seem to behave almost in the same way. Then, it is clear that
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Fig.5 Effects of the number
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of sites sampled in planned 0.04
surveys on maximum-likelihood
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line indicates bias equal zero.
Black square and triangle are
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SO data do not bring any gain in and accuracy and preci-
sion of fi, and f,. These findings do not corroborate those of
Koshkina et al. (2017), while the simulation plan was almost
identical to ours.

Comte and Grenouillet (2013) demonstrated that SO data
can be used to estimate the distribution of species that are
hard to detect. If the abundance within sample units is very
low, the SO data can be utilised to lessen or eliminate the
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Number of sites

Model -O- PBSO -O- PBPC

detrimental effect of detection errors, according to Dorazio
(2014). With this statement, the PBSO model would be
expected to give accurate estimates A(s) in the case of rare
species. Our results show that, even with the rare species,
the PBSO model did not offer any particular gain in terms
of model performance. We presume that the SO data’s main
flaw is that they are not very informative on species abun-
dance. Other empirical research, such as Pearce et al. (2001);
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Fig.6 Relative efficiency of
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SDMs as a function of the
number of sites sampled during
repeated planned surveys. The
red dashed line indicates the
threshold of 1
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Nielsen et al. (2005); Jiménez-Valverde et al. (2009), have
shown that putting a presence-absence design on a point-
count design results in information loss, unless each geo-
graphical unit has only one observation. When each spatial
unit has at least one observation, using SO data eliminates
the potential to explore the impact of environmental fac-
tors on the distribution of species (Aarts and Fieberg 2012).
Thus, because PC data potentially contain more informa-
tion (related to species abundance) than SO data, the PBPC
model may produce more accurate estimates than those pro-
duced by the PBSO model. Thus, we suspect that this may
be among the reasons why the PBSO model did not perform
well. Comte and Grenouillet (2013) showed that using SO
data does not always result in a significant improvement
above conventional model predictions.

Our findings are in line with those of Dorazio (2014).
Indeed, the PBPC model has shown good performance by
producing the most accurate and precise estimates of both f,
and f,. Then, PC data are highly valuable in increasing the
accuracy and precision of f, and f,. PO data are abundant
but prone to sampling bias and imperfect detection. How-
ever, PC data are very sparse but allow for better accuracy
and precision (Fithian et al. 2014). Using these two data
types separately results in less accurate and precise esti-
mates. This study demonstrates the benefit of using both
types of data for better performance. Planned surveys are
costly, and biologists interested in modeling species distri-
bution are not usually fortunate enough to gather PC data
during planned surveys. The PBPC model has the advantage

400
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of not necessitating a large number of PC observations to be
collected during repeated planned surveys.

Effects of variation in detection probability
and species rarity on the models’ performance

Readers should not be confused with the results of this
study. All the models studied in this work represent
a particular approach to account for sampling bias and
imperfect detection. The results of this study highlight the
effects of the species rarity and variation of the detection
probability on the performance of SDMs, accounting for
sampling bias and imperfect detection. Our results have
shown that the species being rare tends to increase the bias
and imprecision of the §. This could be due to the num-
ber of PO records used to fit these SDMs. Species rarity
leads to small numbers of PO records and hence alters the
ability of models to fully capture the species—environment
relationship (Géabor et al. 2020). The results show that with
the PO model, even b(s) close to 1, the biases in the esti-
mates are not zero. These biases and the imprecision of
estimates increase as b(s) decrease. We, therefore, deduce
that not accounting for sampling and imperfect detection
would imply much more biased estimates. For values of
b(s) greater than 0.25, the losses in terms of performance
are non-zero, but remain small. With values of b(s) lower
than 0.25, we notice substantial losses in accuracy and pre-
cision depending on the SDMs. The PO and PBSO models
are sensitive to the variation in detection probability dur-
ing opportunistic surveys. In contrast, the PBPC model
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is less sensitive. According to Welsh et al. (2013), poor
detectability may lead to convergence issues of detect-
ability models. That could be why SDMs produced poor
estimates with b(s) lower than 0.25. Another fact that
would have arisen in the simulations is the relationship
between the number of occurrences, species abundance,
and detection probability. Low values of b(s) corresponded
to low numbers of occurrences. With few data and of poor
quality, it is therefore not surprising that there were such
significant losses in performance.

Model limitations and suggestions for further works

For simplicity in simulations, we assumed that the detec-
tion probability at each surveyed site remained constant
during repeated planned surveys, and we did not assess
the effect of variation in detection probability during
planned surveys to see how the PBPC and PBSO models
performed in that situation. However, this assumption is
not always met. For example, detection likelihood varies
greatly among individuals within a species. Individual
variances in levels of activity or movement, crypsis, and
possibly even body size could all be signs of intrinsic
heterogeneity (Cutrera et al. 2006; Karlsson et al. 2008;
Karpestam et al. 2014). Studies of the performance of
PC models on real data have also revealed that variation
in individual detection probabilities can impair model
performance. Then we can question if the models stud-
ied behave the same way in situations of heterogeneous
detection. Veech et al. (2016) and Royle (2004) found
that in the case of homogeneity in individual detection or
constant detection probabilities of individuals, the Point-
count model generally performs well with relatively lit-
tle bias. Furthermore, Veech et al. (2016) showed that
even when detection probability is heterogeneous, mod-
els perform well as long as the detection probability is
reasonably high on average. Since the PBPC model is a
combination of the PO model and PC model, one would
expect this model to perform well even in the case of
heterogeneity in detecting individuals during planned sur-
veys. However, this should be verified in further studies.

Furthermore, PO data have the disadvantage of con-
taining the spatial auto-correlation issue (non-independ-
ence). We cannot afford to disregard this bias in species
distribution modeling. Environmental layers utilised as
hypothetical predictive factors and coupled with the geo-
graphical records of species do not show problems of spa-
tial auto-correlation, as assumed by species distribution
models (Segurado et al. 2006; Cruz-Céardenas et al. 2014).
One will wind up with low accuracy in model coefficients
if one ignore and do not avoid spatial auto-correlation,
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which will inflate type I errors (Dormann 2007; Cruz-
Cardenas et al. 2014). As a consequence, model predic-
tions will be inaccurate where biological or population
processes induce substantial auto-correlation in species
distribution and this is not modelled. Consequently, the
models we investigated should be evaluated for their pre-
dictive performance when the PO data are prone to spa-
tial auto-correlation. Another unexplored aspect of this
research is the advantage of including interaction terms
in the models. More research is needed to investigate it.

Conclusion

This study assessed the performance of SDMs accounting
for sampling bias and imperfect detection with respect to
species abundance, variation in detection probability, and
the number of sites visited in planned surveys. The results
show that analysis of presence data alone cannot accurately
predict species distribution. Other data are needed for bet-
ter accuracy and precision. Analysis of presence-only data
in conjunction with point-count data outperformed other
approaches regardless of species abundance, as long as the
probability of detection is at least 0.25 with mean values
of detectability covariates. The minimum number of sites
required for better performance varied with species abun-
dance. At least 200 sites are needed for rare species, while
50 sites may be sufficient for abundant species. Because of
the high cost of collecting these data, this study highlights
the need to promote initiatives to collect species occurrence
data with as little bias as possible.
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