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ABSTRACT

Aim We assessed the influence of species non-detection in modelling species

distributions with an ensemble consensus approach that did not account for

imperfect detection, compared with an occupancy model that did.

Location The hydrographic network of France.

Methods We compared range maps of 35 stream fish species with differing

degrees of detectability predicted using a consensus approach combining eight

species distribution models (SDMs) to maps produced using an occupancy

model. Using a spatially and temporally extensive monitoring database of fish

populations (France), we modelled the occurrence of species as a function of

several climatic and habitat variables and projected species distributions across

the whole of the French hydrographic network. The benefits of occupancy

models were then assessed from the differences in both predictive performance

and species distribution.

Results We found that although the occupancy models enhanced the perfor-

mance for difficult to detect species, consensus models outperformed occu-

pancy models for highly detectable species. In contrast to the minor differences

observed in performance measures, estimates of species distributions were

severely affected by whether or not imperfect detection was accounted for and

varied linearly according to species detectability.

Main conclusions This study demonstrated that false absences could have

major consequences in estimating species distribution ranges. However,

accounting for imperfect detection may not be enough to improve conventional

SDMs. These findings could have important implications for conservation,

notably in developing large-scale distribution models and documenting species

range shifts in the context of recent climate change.

Keywords

Consensus method, false absence, global change, occupancy model, species

distribution model.

INTRODUCTION

Quantifying the spatial distribution of species is of crucial

concern in most conservation studies and biodiversity moni-

toring programmes (Holt & Keitt, 2005; Gaston & Fuller,

2009). Conservation decisions are often made at large scales

(Guisan & Thuiller, 2005), and so accurate mapping of spe-

cies distributions is of utmost importance, for both funda-

mental and applied purposes (Hanspach et al., 2011;

Rocchini et al., 2011). Describing species distributions at

different spatial and temporal scales has a long history in

ecology and biogeography. Increasing interest in how species

respond to climate change makes it essential to be able to

determine species distribution ranges accurately. Indeed,

changes in species prevalence or the areas occupied have

been used as key components in assessing responses to

environmental change as they could reflect range contraction

or expansion (Fagan et al., 2005; Isaak et al., 2010).

Distribution optima along environmental gradients have also

been recognized as being especially relevant indicators of
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climate-induced range shifts (Archaux, 2004; Shoo et al.,

2006; Matulla et al., 2007; Lenoir et al., 2008). Species distri-

bution models (SDMs) have become a useful approach for

modelling species distributions, based on the relationships

between recorded presences of the species and environmental

variables. Sampling records often have limited coverage, and

so predictive approaches make it possible to model the spa-

tial distribution of species over wide geographical areas

(Guisan & Zimmermann, 2000) and to compare species

ranges based on occurrence data from unpaired sites

(Crimmins et al., 2011; Maggini et al., 2011).

The increased use of distribution maps to depict the

geographical distribution of biodiversity makes assessing

sources of error and uncertainty a key issue in species distri-

bution modelling (Hanspach et al., 2011; Rocchini et al.,

2011). The reliability of predictions is acknowledged to

depend on various uncertainty components, such as data

quality (e.g. Graham et al., 2008), methodological choices

(e.g. Buisson et al., 2010; Nenz�en & Ara�ujo, 2011) and

species traits (e.g. Luoto et al., 2005). In particular, the

statistical method chosen is known to be an important

source of variability (Thuiller, 2003, 2004). In recent years,

consensus methods have demonstrated their ability to cope

with prediction variability by combining an ensemble of

SDM predictions (Lawler et al., 2006; Marmion et al., 2009;

Grenouillet et al., 2011). They are increasingly being used for

conservation purposes and are routinely applied (e.g. BIOMOD,

Thuiller, 2003). They combine several predictions from

different modelling methods to yield a final occurrence prob-

ability reflecting the majority trend, which usually provides

more accurate predictions (Marmion et al., 2009).

Although they are often ignored, false absences resulting

from imperfect detection have also been highlighted as a fun-

damental potential source of uncertainty (Wintle et al., 2004;

Rocchini et al., 2011; K�ery, 2012). False absences occur when

species that have not been detected are recorded as absent,

although they are in fact present, and the detectability of

species (p) (i.e. the probability of detecting a species that in

fact occurs at a site) is generally < 1 (MacKenzie et al., 2002;

K�ery & Plattner, 2007; Gibson, 2011; Meyer et al., 2011).

False absences reduce the predictive accuracy of conventional

SDMs that do not account for detection bias (Lobo et al.,

2010; Rota et al., 2011) and introduce bias into the relation-

ships between a species and its environment (Tyre et al.,

2003; Gu & Swihart, 2004; Gibson, 2011). However, changes

in biodiversity due to global change are mainly inferred from

models that confound the occurrence (Ψ) and detectability

(p) of species, and species range maps are generally inferred

from static occurrence data, assuming that p = 1. As a result,

the evaluation of the effects of global change on biodiversity

may be biased (K�ery & Plattner, 2007; Tingley & Beissinger,

2009), reducing our capacity to initiate effective conservation

management strategies.

Occupancy models explicitly account for species detect-

ability, thus improving prediction reliability (MacKenzie

et al., 2002; Tyre et al., 2003) and produce more accurate

species range estimates (K�ery et al., 2010). Based on the rep-

lication of observations, these models consist essentially of

two nested binomial logistic regressions; the first models the

occurrence of species (i.e. their true presence or absence),

while the second models species detection (i.e. their detec-

tion or non-detection), conditional on a species being pres-

ent (Wintle et al., 2004; K�ery, 2012). In recent years, they

have been shown to be useful in attempting to model true

rather than apparent species distributions (Karanth et al.,

2009; K�ery et al., 2010; Gibson, 2011), as well as for assessing

the effects of anthropogenic changes (Altwegg et al., 2008;

Moritz et al., 2008; Tingley et al., 2009). Although the con-

siderable potential of site-occupancy models has been

impaired by the difficulty of obtaining the data required,

many biodiversity monitoring programmes involve replicate

observations, which makes many datasets amenable to this

approach, even though the data collection protocol was not

initially designed with this in mind (K�ery et al., 2010;

Gibson, 2011).

So far the effects of false absences on species distributions

as predicted by conventional SDMs have rarely been investi-

gated (but see K�ery et al., 2010; Lobo et al., 2010) and never

been investigated using a consensus approach. Attempts are

now being made to assess the benefits of using site-

occupancy models for modelling species distributions instead

of the models that are routinely used and that do not

account for imperfect detection. To explore the influence of

false absences on the predicted spatial distribution of species

with differing degrees of detectability, we compared range

maps of 35 stream fish species predicted using a consensus

approach combining eight SDMs that assume p = 1, to maps

based on an occupancy model. We modelled the occurrence

of species as a function of several climatic and habitat vari-

ables and projected species presence–absence distributions

over the entire French hydrographic network. We then pro-

duced maps of species distribution providing information

about the variability associated with data quality and meth-

odological choices (e.g. Puschendorf et al., 2009; Grenouillet

et al., 2011). Our aim was to compare approaches that do

not account for detection bias to those that do explicitly

account for imperfect detection, to (1) determine how much

the reliability of predictions was improved when imperfect

detection is accounted for and (2) quantify the potential

impacts of species detectability on the predicted species

distributions.

METHODS

Study area and sampling design

Our analyses drew on the electrofishing database of the

French National Agency for Water and Aquatic Environment

(Onema), representing a spatially and temporally extensive

surveys of freshwater fish at the national scale. Since 1995,

surveys coordinated throughout the entire French river

network have monitored all fish assemblages representative
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of the wide diversity of environmental conditions found in

rivers and streams across the different hydrographic units

(Poulet et al., 2011). Sampling sites corresponded to stream

reaches (mean sampling area = 832 m² � 395 SD) and

included several pool and riffle sequences. At each site, a

standardized electrofishing protocol during low-flow periods

(mainly May–October) was carried out, and a removal

method was used to sample stream fish in one to three suc-

cessive passes. Several procedures were used depending on

river width and depth. Small streams were sampled by wad-

ing, by single- or multiple- (i.e. two or three) pass removal,

and large rivers by boat or combined prospection methods

(i.e. boat plus wading), usually by single-pass removal. Sam-

pling strategies involved either a complete prospection of the

stream reach, with partial sampling of the different types of

mesohabitat, or of the river margins and delimited areas of

habitat (Belliard et al., 2008).

Because repeated surveys across large temporal and spatial

scales provide more opportunities to obtain an accurate

description of species range structure and geographical extent

(Fortin et al., 2005; Mackenzie & Royle, 2005; Feeley, 2011),

we initially limited our analyses to sites that had been sam-

pled at least twice over a 3-year period (i.e. from 2007 to

2009). This resulted in 839 sites, which were sampled on a

total of 1984 occasions, ranging from two to five samples per

site (mean 2.4 � 0.5 SD) (Fig. 1).

Study species

For statistical reasons, we selected only the species that

would provide enough data for developing SDMs, and only

retained those detected in at least 5% of the sites during the

study period, that is a total of 35 species (Table 1). Estimates

of mean detectability were calculated from the probabilities

of detections predicted by the occupancy models (see below)

and ranged from 0.18 to 0.87 (Table 1).

Occurrence and detection covariates

We modelled the occurrence of each species as a function of

several habitat and climatic variables strongly related to fish

spatial distribution (Buisson et al., 2008). All variables were

derived from the Geographic Information System (GIS),

based on the geographical coordinates of the sampling sites.

Elevation (m) was extracted from a 50-m resolution digital

map, and slope (SLO, &) from a RHT hydrological layer

(Pella et al., 2012). We derived catchment variables from

Catchment Characterisation and Modelling River and
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Figure 1 Spatial distribution of the sites

with a grey scale indicating the number

of sampling occasions.
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Catchment database for Europe (CCM2) layers (Vogt et al.,

2007): the full area drained by the upstream area (km²) and

the cumulated length of the upstream flow network (m). We

then used a principal component analysis (PCA) of these

two catchment variables to obtain a synthetic variable repre-

sentative of the upstream–downstream gradient (G) account-

ing for 97.80% of the total variability. Climatic variables

were extracted from 30 arc-s resolution WorldClim layers for

the period 1961–1990 (Hijmans et al., 2005): mean tempera-

ture of the coldest quarter (°C), mean temperature of the

warmest quarter (°C), temperature seasonality (SD 9 100),

precipitation of the wettest quarter (mm), precipitation of

the driest quarter (mm) and precipitation seasonality (CV).

We modelled detection probability as a function of several

variables related to the characteristics of the surveys

(i.e. sampling-level covariates) and of the sampling sites

(i.e. site-level covariates). For all the species, sampling-level

covariates included in the model were as follows: the Julian

date of the survey, the year of the survey, the surface area

prospected, the number of removal passes, the prospection

method (i.e. wading, boat, or combined) and the sampling

strategy (i.e. complete or partial). As electrofishing efficiency

is influenced by many environmental factors (e.g. water

depth, discharge) that vary along the upstream-downstream

gradient (Meador, 2005), we included G as the single site-level

covariate. Linear and quadratic effects of the Julian date of

survey and of G were also considered in the models. To

improve the model convergence of occupancy models, all non-

categorical variables were normalized (Fiske & Chandler, 2011).

CONS – consensus models

An ensemble consensus approach consists in the combination

of an ensemble of predictions generated by a number of differ-

ent modelling methods with different predictive abilities, using

a consensus algorithm. To account for the variability intro-

duced by the modelling methods, we followed the procedure

applied in Marmion et al. (2009) by simply averaging the prob-

abilities of occurrence predicted by eight SDMs: Generalized

Linear Models (GLM), Generalised Additive Models (GAM),

Multivariate Adaptive Regression Splines (MARS), Mixture

Discriminant Analyses (MDA), Classification and Regression

Trees (CART), Random Forest (RF), Generalized Boosted Trees

(GBT) and Artificial Neural Networks (ANN). Details are

presented in Appendix S1 in Supporting Information.

OCCU – Occupancy models

We used a single-season occupancy modelling approach

(MacKenzie et al., 2002; Tyre et al., 2003), which allowed us

to model two nested processes: the species occurrence state

at the site (i.e. occupied/not occupied) and the success of

observation (i.e. detected/not detected). The occurrence state

at each site, zi, is a binary variable (presence, zi = 1;

absence, zi = 0) that can be modelled as a Bernoulli random

variable:

zi �BernoulliðwÞ
Where Ψ is the probability of occurrence (or site occupancy)

of the species at site i. Unlike conventional SDMs, which

confound the probability of occurrence at site i (represented

by Ψ) and the detection process during the survey j (repre-

sented by the detection probability p), occupancy models

include an additional observation model to account for

imperfect detection. The actual observations at site i during

survey j, yij, is also a binary variable conditioned by the pres-

ence of the species (detection, yij = 1; non-detection, yij = 0),

that can be modelled as a Bernoulli random variable:

yijjzi �Bernoulli ðzi � pijÞ
Therefore, the likelihood of observing a detection history for

a site (a combination of detection and non-detection events)

is a function of the occurrence probability (occupancy, Ψ)

and detection probability (detectability, p), and maximum

Table 1 Mean detection probabilities and species prevalence

Species

Detection

probability Prevalence

Abramis brama 0.32 0.22

Alburnoides bipunctatus 0.80 0.20

Alburnus alburnus 0.72 0.42

Ameiurus melas 0.48 0.12

Anguilla anguilla 0.87 0.57

Barbatula barbatula 0.84 0.66

Barbus barbus 0.79 0.38

Blicca bjoerkna 0.40 0.21

Carassius carassius 0.31 0.11

Chondrostoma nasus 0.66 0.15

Cobitis taenia 0.57 0.05

Cottus gobio 0.87 0.50

Cyprinus carpio 0.30 0.17

Esox lucius 0.54 0.31

Gasterosteus aculeatus 0.60 0.12

Gobio gobio 0.87 0.72

Gymnocephalus cernua 0.36 0.17

Lepomis gibbosus 0.58 0.34

Leuciscus leuciscus 0.68 0.36

Micropterus salmoides 0.18 0.05

Parachondrostoma toxostoma 0.55 0.07

Perca fluviatilis 0.70 0.46

Phoxinus phoxinus 0.84 0.61

Pseudorasbora parva 0.38 0.10

Pungitius pungitius 0.53 0.11

Rhodeus amarus 0.63 0.20

Rutilus rutilus 0.80 0.60

Salmo salar 0.56 0.09

Salmo trutta 0.70 0.54

Sander lucioperca 0.28 0.11

Scardinius erythrophthalmus 0.42 0.23

Silurus glanis 0.43 0.17

Squalius cephalus 0.86 0.68

Telestes souffia 0.80 0.07

Tinca tinca 0.43 0.25
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likelihood methods can be used to estimate the detection

and occupancy parameters.

We also modelled Ψi and pij as linear functions of the

above-mentioned covariates using the logit link function

(MacKenzie et al., 2002; Tyre et al., 2003). We used the

Akaike information criterion (AIC) to rank competing mod-

els and select the most parsimonious model (Burnham &

Anderson, 2004). Initially, we fitted models while keeping the

occurrence component constant [Ψ (.)], and optimized the

component for detection probability with a suite of compet-

ing models with all additive combinations of variables. The

model most supported according to AIC determined the form

of the detection function to be used to model the occurrence

probability. In this second set of competing models, the com-

ponent for detection probability was kept constant, allowing

Ψ to vary with all additive combinations of variables to find

the best set of variables explaining site occupancy adjusted for

imperfect detection for each stream fish species.

Occupancy models were developed using the package

unmarked (Fiske & Chandler, 2011) in R environment software

v 2.13.0 (R Development Core Team, 2011). Results for the var-

iable selection of the model’s component for detection probabil-

ity are given in Appendix S2 (Supporting Information).

Modelling process

To compare distribution maps modelled using consensus

and occupancy models, we ran independent models on the

same pool of sites for both modelling approaches. The mod-

els were calibrated on 70% of the sites, while the remaining

30% were used for evaluation and threshold selection. To

construct the consensus models, we randomly selected one

detection/non-detection event at each site to avoid pseudo-

replication. In contrast, all detection histories were used to

calibrate the occupancy models. Evaluation and threshold

selection were based on the same data set for both modelling

approaches, composed of one detection/non-detection event

randomly chosen for each of the testing sites. Following

Hijmans (2012), the testing sites were selected after subsam-

pling the remaining 30% sites using pairwise distance sam-

pling to remove spatial sorting bias from the testing data set

(i.e. the difference between the geographic distance from

testing-presence to training-presence sites and the geographic

distance from testing-absence to training-presence sites).

Finally, the different steps of the modelling process were

repeated 100 times (hereafter referred to as ‘iterations’).

Comparing predictive performance

For conventional single-SDMs and consensus methods, we

predicted probabilities of occurrence at the testing sites and

compared them with observations. However, for the occu-

pancy models, we adjusted the probabilities of occurrence at

the testing sites for imperfect detection by multiplying the

predicted probabilities of occurrence by the predicted proba-

bilities of detection (Rota et al., 2011). We then compared

the adjusted predictions of detection or non-detection to the

observed data using several performance measures.

The predictive performance of all models was first evaluated

using a threshold-independent measure, the calibrated area

under the receiver operating curve (cAUC), which controlled

for the effect of any remaining spatial sorting bias (Hijmans,

2012). The cAUC allows the AUC value of each model to be

adjusted using a geographic null model based solely on the

spatial pattern of the model calibration sites. The null model

did not use any environmental data but was computed using

the inverse geographical distance to the nearest model pres-

ence calibration site. The null model was then evaluated with

the same testing data set to provide a null model AUC

(nAUC), and the cAUC computed as follows:

cAUC ¼ AUCþ 0:5�maxð0:5; nAUCÞ
This procedure establishes how easy it is to predict the pres-

ence/absence in the testing data from the geographic position

of the calibration data alone and allows for the comparison

of cross-validation results for different species and/or calibra-

tion data sets.

For many applications in conservation planning, presence–

absence maps are generally preferred to continuous maps of

probability of occurrence (Wilson et al., 2005), which entails

selecting a threshold for converting probabilities of occurrence

into binary data (Manel et al., 2001; Liu et al., 2005; Freeman

& Moisen, 2008). To convert predicted occurrence probabili-

ties into binary data (i.e. presence or absence), we thus used

threshold values that maximized the sum of sensitivity and

specificity, as this selection method is not affected by pseudo-

absences in the testing data set (Liu et al., 2013). The binary

maps obtained allowed us to depict the modelled spatial distri-

bution of the species and to provide other estimates of model

accuracy based on comparing observed versus predicted pres-

ences and absences (Hanspach et al., 2011). Specifically, we

used criteria derived from the confusion matrix, the probabili-

ties of presence (i.e. sensitivity) correctly predicted and the

true skill statistic (TSS, Allouche et al., 2006).

To determine whether the occupancy models provided

better predictive performances than conventional single-

SDMs and the consensus method, we used paired t-tests

corrected for multiple comparisons using the Benjamini–

Hochberg method (Benjamini & Hochberg, 1995).

To compare the modelling approaches with regards to spe-

cies detectability, we first calculated the differences in predic-

tive performances between the consensus and occupancy

models (i.e. CONS – OCCU) for each combination (spe-

cies 9 iteration), revealing only the differences introduced

by correcting for imperfect detections. We then used linear

regressions between the differences in model performance

and species detectability using a Gaussian error distribution.

Mapping species distributions

Finally, we predicted the probabilities of occurrence of the

35 species on the French hydrographic network based on the
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reaches extracted from the CCM2 database (Vogt et al.,

2007), for which environmental conditions did not differ

from those of the calibration data sets. Probabilities were

then transformed into presence–absence using the previously

calculated thresholds. We thus obtained 100 final predictions

per species for each modelling approach.

For both the consensus and occupancy modelling

approaches, we mapped the sum of the presence–absence out-

puts across the 100 predictions for each reach of the French

hydrographic network and for each species. This enabled us

to visualize geographical areas of agreement for both absence

(i.e. sum equals 0) and presence (i.e. sum equals 100), and

areas of high disagreement (i.e. intermediate sum values)

among the predictions (e.g. Lawler et al., 2006; Grenouillet

et al., 2011). We also mapped the differences between the

sum of the predicted presences and absences between the con-

sensus and occupancy predictions (i.e. CONS – OCCU), thus

highlighting geographical areas of agreement (i.e. difference

equals 0), and areas of high disagreement (e.g. �100 indicated

100 presences predicted only by the occupancy model).

Comparing species distributions

Similarity among predictions

To compare the species distributions between methods, we

calculated the similarity between spatial distributions pre-

dicted by the consensus and occupancy models, for each spe-

cies and each iteration using the Jaccard index (Gower &

Legendre, 1986).

Species distribution range

To find out whether incorporating false absences affected the

species ranges predicted by conventional SDMs compared

with those predicted by occupancy models, we calculated the

differences in several range descriptors between predictions

(i.e. CONS – OCCU), for each species and iteration. We first

considered the spatial extent of the species defined as the

length of the hydrographic network occupied by the species

(e.g. Fagan et al., 2002), expressed as a percentage of the total

network length. We also defined the centre of the species’ dis-

tribution (hereafter referred to as the ‘range centre’) along the

distance-from-source gradient in terms of the median values

of the stream reaches where the species was predicted to be

present (e.g. Zuckerberg et al., 2009). For both similarity and

distribution ranges, linear regressions including species detect-

ability were used, assuming a Gaussian error distribution.

RESULTS

Comparing predictive performance

All model performances are shown in Appendix S3 (Support-

ing Information). As expected, consensus models displayed

better predictive performances than conventional single-SDMs

(i.e. cAUC, TSS, sensitivity; paired t-test, P < 0.001), except

compared with RF (TSS; P > 0.05). Occupancy models

provided a better ability than single-SDMs to predict where

species would be detected (P < 0.001), except compared with

RF (cAUC, TSS; P > 0.05). Surprisingly, occupancy models

did not show better predictive accuracy than consensus models

(P > 0.05).

Differences in predictive performance between the consen-

sus and occupancy models varied as a function of species

detectability, particularly for cAUC and TSS values (Fig. 2).

Although not significant, the relationship between sensitivity

values and species detectabilities displayed the same trend.

Overall, occupancy models tended to have better perfor-

mance measures than consensus models for species with

low detectability and poorer performance measures for spe-

cies with high detectability. However, mean differences in

performance measures between the modelling approaches

were minor and ranged from �0.04 to 0.07, �0.05 to 0.11,

and �0.10 to 0.10 for the cAUC, sensitivity and TSS

measures, respectively.
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Figure 2 Effect of species detectability on the differences in

predictive performances of the consensus and occupancy models

(i.e. CONS – OCCU) for (a) calibrated area under the receiver

operating curve, (b) Sensitivity and (c) true skill statistic. Lines

indicate significant linear relationships (P < 0.05).
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Comparing species distributions

The similarity between consensus and occupancy model pre-

dictions appeared to be linearly affected by species detectabil-

ity (Fig. 3). For poorly detectable species (e.g. Cyprinus

carpio), marked differences were observed in modelled spatial

distributions, but the mean similarities observed for highly

detectable species (e.g. Cottus gobio) also indicated an effect

of species non-detection.

Overall, the modelled spatial distributions were consider-

ably affected by the false absences, as reflected by the marked

differences between the descriptors of spatial distribution

estimated using the consensus and the occupancy models

(Fig. 4). Differences were higher for poorly detectable

species, but also appeared for highly detectable species. Fail-

ing to account for imperfect detection reduced species spatial

extent (Fig. 4a) and the range centre was located further

downstream (Fig. 4b). Conventional models almost always

resulted in a narrower species spatial extent than models that

incorporated imperfect detection (Fig. 4c), regardless of the

species and/or the calibration data set involved. Similarly, the

choice of conventional models most often triggered down-

stream expansion of the distribution, although smaller

upstream expansions were also observed (Fig. 4d). As a

result, the percentage of the reach occupied fell on average

by about 14%, and the range centre shifted along the dis-

tance-from-source gradient by about 18 km downstream.

To illustrate the geographical areas of agreement and dis-

agreement between consensus and occupancy predictions, we

produced maps summing the predicted presence–absence

under both models, for two species with differences in

detectability (Fig. 5). For the highly detectable species

(Cottus gobio), areas of disagreement appeared to be spatially

structured, with the most noticeable differences occurring at

the edge of the modelled spatial distribution (blue or red,

Fig. 5). Indeed, although maps resulting from the two mod-

els appeared to be similar, the differences between them

revealed a systematic loss in predicted occurrences for the

downstream reaches, when modelled with consensus methods

(shown in blue). This caused a decrease in the spatial distri-

bution for consensus models of 7% of the total network

length, although the resulting difference in range centre

along the distance-from-source gradient appeared to be rela-

tively small (about 1.2 km upstream). Differences in spatial

distribution did not only result in a loss of suitable habitat

when based on consensus models, but also in stream reaches

predicted as being unsuitable by occupancy models but as

being suitable by consensus models (in red). For the poorly

detectable species (Cyprinus carpio), major differences were

observed between the consensus and occupancy prediction

maps across the entire distribution (blue, Fig. 5). Failing to

account for imperfect detection caused a reduction in the

spatial distribution of the species by about 40% of the total

network length and a difference in the range centre along the

distance-from-source gradient by 27 km downstream.

DISCUSSION

While overcoming model prediction errors and uncertainty

has become an integral part of research in species distribu-

tion modelling (Hanspach et al., 2011; Rocchini et al., 2011),

the problems raised by variable species detectability has not

so far been widely recognized in the field (K�ery, 2012). In

this study, our main objective was to compare range maps

modelled using occupancy models that account for imperfect

detection to consensus models routinely used in conservation

studies.

Occupancy models did not always demonstrate the better

predictive performances than models that did not account

for imperfect detection, except for poorly detectable species.

Indeed, occupancy modelling methods did not always lead to

better predictions of where species would be detected than

consensus models and decreases in predictive performances

were observed for highly detectable species. However, abso-

lute differences in predictive performances were relatively

small, irrespective of the performance measures chosen

(threshold-independent or threshold-dependent measure). In

contrast, the spatial patterns of predicted species distribu-

tions were markedly affected by taking imperfect detection

into account, particularly for poorly detectable species. As

the prevalence of the species was underestimated as a result

of non-detection, it seems likely that species distributions

estimated using models that confound occupancy and detec-

tion probabilities would be consistently underestimated. In

this study, differences in species range descriptors inferred

from both consensus and occupancy models were linearly

affected by the species detectability.

The apparent discrepancy between the differences in

performance measures and those in modelled spatial distri-

butions may raise questions about the information provided

by synthetic discrimination measures, such as AUC. Recently,

several authors have pointed out that AUC values must be

interpreted with caution, as they can produce misleading

comparisons (Lobo et al., 2008, 2010). Nevertheless, compar-

isons of cAUC values, allowing comparison of results for
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Figure 3 Effect of species detectability on the similarity

between the consensus and occupancy model predictions. Line

indicates significant linear relationship (P < 0.05).
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Figure 4 Effect of species detectability on the differences in the predictions of (a) the length of reach occupied (%) and (b) the

location of the species range centre along the distance-from-source gradient between consensus and occupancy models (i.e. CONS –
OCCU). Lines indicate significant linear relationships (P < 0.05). Probability density functions for the differences in (c) the length of the

reach occupied, and (d) the location of the range centre along the distance-from-source gradient, across all species and all iterations.

(a) (b) (c)

Cottus
gobio

0 20 40 60 80 100 −100 −50 0 50 100

Cyprinus
carpio

0 150 300 km

Figure 5 Maps showing examples of the influence of species detectability on the predicted spatial distributions of a highly detectable

species Cottus gobio and a poorly detectable species Cyprinus carpio. The agreement between presence–absence predictions was measured

by summing the 100 predictions (iterations) for each reach of the French hydrographic network for (a) the consensus models, and (b)

the occupancy models, with a colour scale ranging from green (no predicted presence) to red (100 predicted presences); (c) the

differences between the sum of the 100 predictions based on the consensus models and the occupancy models (i.e. CONS – OCCU),

with a colour scale ranging from blue (100 presences predicted only by occupancy models) to red (100 presences predicted only by the

consensus models).
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different species and different calibration data sets after

removal of spatial sorting bias (Hijmans, 2012), led to the

same conclusions: occupancy models only slightly improved

predictive performances for poorly detectable species and

performed consistently worse for highly detectable species.

One possible reason for this might have been the selection of

factors that were not relevant to detection probabilities. False

absences in the evaluation data sets may also have distorted

performance measures by increasing false-positive rates.

Indeed, despite the potential for misleading evaluation, the

imperfect detection of species is still a challenge in determin-

ing model accuracy (but see Mackenzie & Bailey, 2004;

Zipkin et al., 2012). Although the use of a cross-validation

procedure attempting to remove spatial sorting bias

improved the way in which model performance was esti-

mated, it did not solve all problems (Hijmans, 2012). Model

evaluation is inherently problematic, even when model

results are adjusted, as it primarily depends on the quality of

the testing data set, and essentially on reliable absences (Lobo

et al., 2010). Clearly, more work is thus needed to explicitly

quantify the uncertainty in the quality of model predictions

while accounting for species imperfect detection, as this can

lead to crucial insights into changes in species distributions

in response to human-induced environmental changes

(Zipkin et al., 2012).

However, we found that occupancy models provided

better accuracy than individual SDMs, which do not account

for detection bias (Rota et al., 2011). In particular, we found

that occupancy models outperformed GLMs, demonstrating

that accounting for imperfect detection improved species dis-

tributions estimated using individual models. In this study,

we used a consensus approach integrating a wide range of

model specifications that is more likely to provide an

accurate description of species–habitat relationships than

individual SDMs (Thuiller, 2003; Marmion et al., 2009).

Information gaps in the data resulting from imperfect detec-

tion (Gu & Swihart, 2004) may be partially compensated for

by using a model output that combines the different possible

states of the real distribution as estimated by the individual

models (Marmion et al., 2009). As a result, some sites may

be correctly classified as being occupied or unoccupied by

the consensus model and misclassified by the occupancy

model, or vice versa, even though both methods have similar

accuracy. The true species distribution could be somewhere

between occupancy and consensus predictions, at least for

highly detectable species.

To conclude, our results demonstrate that although occu-

pancy modelling is an attractive way to predict the distribu-

tion of poorly detectable species, it does not always lead to a

substantial improvement over conventional model predic-

tions. Given that the variability in range estimates resulting

from false absences could be comparable with the magni-

tudes reported for contemporary climate-induced range shifts

(e.g. Lenoir et al., 2008; Moritz et al., 2008; Crimmins et al.,

2011), we strongly recommend caution in reporting distribu-

tional shifts if species detectability has concomitantly

changed through time. It would be interesting to compare

species range shifts assessed using conventional methods and

methods that account for imperfect detection to evaluate the

impact of this source of uncertainty, thus enhancing our

understanding of documented range shifts and our ability to

design effective conservation strategies.
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