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Abstract
Aim: Species rarity is often used as a measure to assess the risk of extinction of spe-
cies, and thus, different methods have been developed to describe the composition 
of rare species in biological communities. These methods usually depend on species 
attributes that are not always available and very often ignore imperfect species de-
tection. In this work, we developed a new method to characterize species rarity in 
a community when species are detected imperfectly. Our modelling framework is 
based on Bayesian occupancy models to estimate species distributions under imper-
fect detection using presence- nondetection data.
Innovation: We propose a finite mixture occupancy model to identify rare species 
based on their occupancy and class- membership probabilities. Here, we explored 
a two- class finite mixture model to distinguish between rare and common species 
classes and presented the general modelling framework for a problem with more than 
two classes. By using simulations, we were able to compare our model results under 
different scenarios obtaining a high- classification performance across all of them. 
Additionally, we applied our model to a data set of Odonata occurrence records that 
were partially observed due to imperfect detection and quantified the proportion of 
rare species on a national scale across waterbodies in the United Kingdom.
Main conclusions: Nowadays, biodiversity conservation involves monitoring pro-
grammes that target multiple species within a community where individual species 
responses may vary widely. This high variability makes the task of identifying the eco-
logical processes that drive distributions of rare species difficult. Thus, our method 
represents a new approach to characterize the composition of a community in terms 
of species rarity while correcting for detectability bias. Our modelling framework also 
suggests lines of research and future developments for the understanding of how 
species rarity can be measured in a wide range of scenarios.
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1  |  INTRODUC TION

The need to understand how species distributions are influenced by 
environmental changes has motivated the development of a wide 
range of species distribution models that allow for identification of the 
most important areas for biodiversity conservation (Elith & Leathwick, 
2009). These methods are usually based on scoring procedures that 
describe different attributes of an assemblage of species in a commu-
nity (Leroy et al., 2012). However, individual species responses may 
vary widely within a community, making the task of identifying the 
ecological processes of interest that drive occupancy patterns diffi-
cult, especially for rare and elusive species (Bailey et al., 2014).

Rare species are often a point of interest for conservationists, 
as they represent the most vulnerable species to environmental 
changes (Leroy et al., 2013). A species is considered to be rare when 
the range of distribution or their abundances is low with respect 
to the range or distributional properties of other species within a 
comparable taxa (Blackburn & Gaston, 1997). Thus, species rarity is 
considered to be a scale- dependent, relative- emerging property for 
a set of species (Hartley & Kunin, 2003).

Species with limited distributions are prone to experiencing local 
extinctions influenced greatly by a reduction in the genetic pool due to 
population isolation (Ellstrand & Elam, 1993; Karron, 1997), environ-
mental changes and demographic stochastic processes (e.g. variability 
in birth or death rates and fluctuating sex ratios (Lande, 1993; Lee 
et al., 2011)) that cause random fluctuations in the species' survival 
and reproduction rates (Melbourne & Hastings, 2008). However, esti-
mating the distributions of rare species is a challenging task because 
occurrence records are scarce and underestimate the true species dis-
tribution due to imperfect detection (MacKenzie et al., 2005).

To correct for detection bias, multispecies occupancy mod-
els enable probabilities of species occurrence and detection to be 
estimated simultaneously. This class of models has proven to be a 
powerful tool for estimating attributes of biological communities 
such as size, composition and species richness when the number 
of species in the community is known (Gelfand et al., 2005) or un-
known (Dorazio & Royle, 2005; Dorazio et al., 2006). However, their 
potential application to classify species is a less studied subject 
(Pacifici et al., 2014), and very few studies in community ecology 
have analysed the species classification problem while accommodat-
ing imperfect detection. For instance, Pacifici et al. (2014) proposed 
using multispecies occupancy models to investigate the variability in 
occupancy probabilities after classifying species from two distinct 
avian communities into different groups defined by landscape fea-
tures, habitat requirements and species diet. Grouping species can 
reveal group- level responses to habitat covariates that would oth-
erwise be difficult to observe if the community was analysed as a 
whole. However, results can be sensitive to these predefined classes 
(Pacifici et al., 2014), and the class labels are assumed to be known a 
priori rather than being estimated from the data.

Imperfect detection has become an increasing area of research 
over the last decade (Devarajan et al., 2020; Kellner & Swihart, 
2014), but current methods proposed to quantify the rarity of a 

species at the community level have not yet accounted for detect-
ability bias and very often rely on population density parameters, 
which are not always available for the less studied species. For in-
stance, Rabinowitz (1981) proposed a classification system that 
has been applied in several conservation studies (e.g. Broennimann 
et al., 2005; Isaac et al., 2009; Maciel, 2021; Yu & Dobson, 2000) 
to categorize species by different types of rarity and commonness 
based on the local population density, the area of the species range 
and the number of different types of habitats each species occupies. 
However, abundance and habitat specificity data are not always 
available, especially for small invertebrates (Leroy et al., 2013).

Hence, scoring procedures based on species occurrences have 
been used to assess the rarity of assemblages of species where the 
only information available comes from occurrence data sets (Leroy 
et al., 2012, 2013). In this work, we also propose an occurrence- 
based approach to characterize the rarity of a given species. Here, 
our modelling framework assesses species rarity based on the rel-
ative occupancy probabilities on a National scale. We propose a 
Bayesian occupancy mixture model for multiple species to quantify 
species rarity in a community when species are detected imperfectly 
to help determine sites where the incidence of rare species is higher 
and, thus, relevant for conservation and management. Mixture mod-
els have been explored in a wide range of fields because of their 
flexibility to model situations in which the population of interest is 
a mixture of subpopulations for which subpopulation membership 
is not known (McLachlan & Basford, 1988). For instance, finite mix-
tures in Capture- Recapture models have been used to account for 
heterogeneity in individual capture probabilities (Norris & Pollock, 
1996; Pledger, 2000). Within the context of occupancy models, 
mixture models have been used to model heterogeneity in detec-
tion probabilities (Royle, 2006), to account for false- positive errors 
(Royle & Link, 2006), and more recently, to characterize the struc-
ture of a community based on latent groups of species that have sim-
ilar responses to environmental conditions (Sollmann et al., 2021).

In this work, we propose using finite mixtures as a classifica-
tion tool that enables a community's structure to be described in 
terms of rarity/commonness. Specifically, we look at UK Odonata 
communities and characterize them based on a two- class finite mix-
ture into rare and common species while accommodating imperfect 
detection. Odonata, a taxonomic order comprised dragonflies and 
damselflies, has served as an important bioindicator to assess water 
body quality and ecosystem integrity (Golfieri et al., 2016). Thus, 
ecological studies of the distributions of these species are crucial for 
the management and restoration of freshwater ecosystems.

2  |  METHODS

2.1  |  Occupancy and species trait data

Data were compiled by hydroscape (web: hydroscapeblog.word-
press.com), a project investigating how anthropogenic stressors and 
connectivity interact to influence biodiversity in UK freshwaters. 
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Odonata occurrence records (for over 4000 [1 km] grid cells defined 
by the presence of a waterbody) from 2000 to 2016 were taken for 
39 noninvasive species from the British Dragonfly Society Recording 
Scheme (2020). Species- specific covariates that may affect the spe-
cies detection probability were taken from Powney et al. (2014). 
These covariates were (1) median body size, (2) flight duration (dif-
ference in months between the start and the end of the flying pe-
riod) and (3) number of different habitats that each species occupies 
(e.g. lowland rivers and canals, bogs moorland and lowland wet 
heath, ponds, lakes and woodlands).

2.2  |  Generating presence- absence data

Our proposed modelling approach relies on presence- absence (a.k.a. 
detection- nondetection) data. However, Odonata occurrences are 
derived from presence- only records where there is no information 
regarding species nondetections. Thus, individual species nonde-
tection records were inferred based on the information of sightings 
of other dragonfly and damselflies species by following K´ery et al. 
(2010) and Termaat et al. (2019), i.e. sighting of species i  confirmed 
its presence at that site and it was deemed as undetected at those 
sites where any species other than i  was recorded.

2.3  |  Statistical methods

2.3.1  |  Bayesian mixture occupancy model to 
identify rare species

Our modelling approach is based on occupancy models, a special 
class of methods that enable species distribution to be estimated 
under imperfect detection (MacKenzie et al., 2002; Tyre et al., 
2003). These models are defined by specifying (i) an ecological 
process from which the occupancy state of whether a site is truly 
occupied or not (i.e. zj = 1, if site j is occupied and 0 otherwise) is 
drawn based on the estimated species occupancy probability (�
), and (ii) an observational process conditioned on the occupancy 
state that relates the observed species occurrences on repeated 
sampling occasions (i.e. yjk = 1, if species is detected in site j dur-
ing visit k) to the estimated detection probability (p). In this work, 
we developed a mixture occupancy model that can be used to 
classify species rarity based on their relative occurrences while 
accounting for the imperfect detection derived from species' 
nondetections.

Particularly, finite mixture models assume that a random vector 
x = x1,…, xn characterized by a set of unknown parameters � is dis-
tributed among H different nonoverlapping groups with probability 
�h of being in group h (such that 

∑H

h=1
�h = 1). Thus, the density func-

tion describing the distribution of vector x is given by:

Bayesian estimation using MCMC methods is based on specify-
ing a latent class model that associates each xi with a latent variable 
� i ∈ {1,…,H}. The latent class variable � i is sampled from a categor-
ical distribution, i.e. � i ∼ Categorical (H,�), resulting in the likelihood 
defined as:

This leads to the joint posterior

from which a Gibbs sampler can be implemented by setting priors for 
� and � (see section 2.3.2 for details). The hierarchical structure of the 
occupancy model allows for incorporation of the latent variable � i = h 
for those species belonging to class h ∈ (1, 2,…,H). By grouping spe-
cies in classes, the relative frequency of the number of species in each 
class can be expressed as a proportion of the total number of species 
estimated to be present at each site (see equation (7)).

In a standard multispecies occupancy model, species- level pa-
rameters are drawn from a common distribution characterized by 
hyperparameters representing the parameter's average value among 
all the species in a community (and also the scale parameters for 
normal hyperpriors) (Dorazio & Royle, 2005; Dorazio et al., 2006). 
Typically, logit- normal models are used to describe species hetero-
geneity in occupancy and detection probabilities (Coull & Agresti, 
1999; Dorazio & Andrew Royle, 2003; Royle, 2006). In addition to 
the species heterogeneity described by the logit- normal model, add-
ing the finite mixture component enables occupancy parameters of 
the ecological process to be defined based on the latent classes to 
which each species belongs. This allows the composition of a com-
munity to be characterized in terms of how common or rare the spe-
cies are.

Thus, a multiple- species occupancy model can be formulated as 
follows:

Equation 4 (a) denotes the ecological/state process where the 
latent variable � is a categorical random variable relating the i- th 
species' occupancy (zij for i = 1,…, S species and j = 1,…,M sites) 
given by the occupancy probability �hi for a specific class h such 
that Pr (� = h) = �h for h = 1,…,H and � = �1,…,�H, allowing for the 
class structure in the community to be estimated by linking each 

(1)f(x|�,�) =
H∑

h=1

�hf(x|�i).

(2)f(xi , �hi|�h,�hi) =

H∏
h=1

[
�hf(xi|�hi)

]�hi .

(3)p(�,�|x, � ) ∝ p(x, � |�,�)p (�) p (�) ,

� i ∼Categorical
(
H,�h

)

zij|� i ,� ∼Bernoulli
(
�hi

) (a)

∑
Kj

yij⋅|zij, � i , pi ∼ Binomial
(
Kj , pizij

)
(b)

(4)
logit

(
�hi

)
∼Normal

(
��h

, �2
�h

)

logit
(
pi
)

∼Normal
(
�p , �

2
pi

) (c)
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species- level parameter to a latent class from the finite mixture com-
ponent, so that species are grouped in terms of their rarity.

The observational process driven by the detection probability 
pi (Equation 4 (b)) can then be formulated as the total number of 
times species i  was detected at site j across Kj visits (where the 
number of visits are defined by the different sampling occasions 
in which a species was recorded). This model was developed under 
the assumption that species' occupancy and detection probabilities 
are constant through time and space unless site-  and time- varying 
covariates are specified. (See section 2.3.2 for details on how this 
assumption could be relaxed). Finally, the species heterogeneity 
model (Equation 4 (c)) is characterized by the individual species 
logit- scaled occupancy and detection probabilities drawn from 
the same normal prior distribution with hyperparameters describ-
ing the overall community response. It is important to notice that 
logit- scale Normal distributions can overlap to different degrees 
depending on the mean and variance of each class, which affects 
the performance of the model in correctly identifying the mem-
bers of each latent class (Sollmann et al., 2021). Issues with the 
model's performance can also arise if the density mass is heavily 
skewed due to an imbalanced number of observations allocated to 
certain classes. Thus, in section 3, we present a simulation study to 
investigate the effect of different degrees of overlapping and class 
imbalance on the model's performance.

Mixture model parameters also suffer from a lack of identi-
fiability due to the invariance of the posterior distribution to per-
mutations of the group labels (Redner & Walker, 1984; Richardson 
& Green, 1997). To make model parameters identifiable and avoid 
label- switching issues, component mean values can be ordered, i.e. 
𝜇𝜓 ,1 < 𝜇𝜓 ,2 < … < 𝜇𝜓 ,H.

By tracking � on each MCMC sample draw s, then, the posterior 
probability of each species being classified into the h- th category is 
given by:

where I
(
�
(s)

i
= h

)
 denotes an indicator variable that takes the value of 

one if species i  belongs to cluster h and zero otherwise. Species can be 
clustered by assigning them to a class based on these posterior proba-
bilities as follows:

Additionally, the relative class frequency at each site (�hj), ex-
pressed as a proportion of the local species richness (i.e. 

∑
i

zij), can be 
computed as a derived quantity by tracking the h- th class- membership 
and the occupancy status for every species on each MCMC draw:

Note that a finite mixture density could also be included for the 
detection probabilities in the observational model by fitting a mul-
tivariate density for the joint distribution of (� , p) by using inverse 
Wishart priors for the covariance- variance matrix. However, we 
found identifiability issues in some of our simulations due to label- 
switching among clusters. (Similar issues were reported by Sollmann 
et al. (2021) when using infinite mixtures for modelling the joint dis-
tribution of occupancy parameters, especially when variation among 
clusters was high). Thus, in this work, we have specified finite mix-
tures for the state process only because our primary goal is to iden-
tify species based on their rarity rather than their elusiveness.

Moreover, by adopting a Bayesian inference approach, the pro-
portion of species in each class can be computed as a derived quan-
tity of the occupancy model at each of the sampled sites in the study. 
In the Odonata case study, this enables inference about the occu-
pancy pattern of rare species to be limited to only the sites in the 
sample. This is of particular interest since these sites represent lakes 
and ponds, which are key components of the hydrological network 
in the United Kingdom.

2.3.2  |  Introducing species- specific effects and site- 
level covariates

The Odonata case study contains information about species- specific 
traits that could be associated with the species detection. Thus, 
these species- specific effects can be specified as a linear model for 
the detection hyperparameters (Eqn. 4 (b)) as follows:

Here, the mean detection probability �p of each species is a lin-
ear function of T = 3 regression terms �m associated with each trait 
covariate wim and an intercept �0 representing the baseline detection 
probability.

The mixture occupancy model described in Eqn.(4) has great 
flexibility and can be adapted to different scenarios depending on 
the question of interest. For example, time-  and space- varying oc-
cupancy and detection probabilities can be incorporated through 
the logit function in Eqn. 4 (c) by either including a site and year 
random effects (see Outhwaite et al. (2018)) or by having distinct 
site- level predictors that affect species occupancy and detection 
(Wintle & Bardos, 2006) (e.g. logit

�
�hij

�
= �0hi +

∑L

g=1
�ghixgj where 

logit- scaled occupancy probabilities are defined as a function of L 
site- level covariates x1j ,…, xLj and �0hi , �1hi ,…, �Lhi species- specific 
terms for each class h).

A similar approach by Dunstan et al. (2011), implemented finite 
mixture models in a frequentist setting to capture heterogeneity in 
species responses to environmental gradients among different latent 
classes. However, by adopting a Bayesian inference approach, we can 
retain the latent variables while accommodating imperfect detection. 
Moreover, the hierarchical structure of the occupancy model enables 

Pr (species i belongs to h) = Pr(� i = h|�, z,� )

(5)≈
1

S

S∑
s

I
(
�
(s)

i
= h

)
,

(6)Species i belongs to h = argmaxhPr(� i = h|�, z,� )

(7)�hj =
∑
i

z−1
ij

∑
i

zijI
(
� i = h

)
, such that�hj ∈

[
0, 1

]
.

(8)�p = �0 +

T∑
m=1

�mwim.



886  |    BELMONT ET aL.

the information among the species in the community to be shared 
within each class. Therefore, by assuming all species within a particu-
lar class (e.g. rare species) are related to one another by being part of 
the same biological community, the parameters of species with sparse 
occurrence records can be estimated (Dorazio et al., 2011).

To estimate the parameters of the occupancy mixture 
model, Dirichlet conjugate priors are specified for � (i.e. 
p (�) ∝

∏
i

�
�
h−1

h ) such that the posterior is sampled from 
��� ∼ �Dirichlet,

� ∑
i

�1,i + �1,…,
∑
i

�H,i + �H

�
, where 

∑
i

�h,i is the 
number of species assigned to each class. Vague normal priors, logis-
tic(0,1) or weakly informative zero- centered t- distributed priors with 
scale parameter of 1.566 and degrees of freedom 7.763 can then be 
specified for the mean hyperparameters and inverse- gamma (conju-
gate prior), Uniform(0,5) or Half- Cauchy priors for the variance hy-
perparameters (Outhwaite et al., 2018). (See Northrup and Gerber 
(2018) for a detailed discussion on prior specifications).

2.3.3  |  Fitting a two- class finite mixture

Note that for this work, we will be addressing a binary classification 
problem only, since our aim is to distinguish rare from common spe-
cies, but the method can easily be generalized to multiclass prob-
lems. We work under the assumption that the number of classes is 
fixed and known before conducting the analysis. (The choice of the 
number of classes is based on the ecological context of the problem 
only). For a two- class problem, the likelihood in (2) can be simplified 
to

allowing Beta (a1, a2) priors to be specified for �.
For this work, the sensitivity of the priors was tested by com-

paring our model results under the different aforementioned prior 
parametrizations. Our results were consistent when either logis-
tic(0,1) and zero- centered t(� = 1.566, � = 7.763) distributed priors 
were specified for the mean hyperparameters. Specifying such pri-
ors instead of vague normal priors avoids the need for calibrating 
the precision parameter of the normal prior, which can often be a 
problem when a logit- scale transformation is used, as vague nor-
mal priors (e.g. Normal [0500]) lead to a high probability density 
around zero and one on a probability scale. Moreover, Uniform(0,5) 
and Half- Cauchy priors for the variance hyperparameters showed 
an overall better mixing and lower autocorrelation of the MCMC 
chains compared with inverse- gamma priors. Finally, we also spec-
ified Dirlichet (10,10) priors for the mixing parameters. Graphical 
diagnostics for convergence of our analysis are available in the 
Appendix S1.

For each analysis, we ran a total of 50,000 iterations with a 
burnin period of 10,000 and a thinning of 10 (for memory optimi-
zation purposes only) on three independent Markov chains (approx-
imate run time <30 min). The algorithm's convergence was assessed 
through conventional graphical diagnostics (i.e. traceplots of the 

posterior samples showing overall good mixing with low posterior 
autocorrelation, and Gelman- Rubin between- within chains variance 
ratio <1.1 (Gelman & Rubin, 1992)). All of our modelling work and 
data manipulation was implemented in R version 4.0.0 (R Core Team, 
2020). Our models were run in R Nimble (de Valpine et al., 2017).

3  |  SIMUL ATION STUDY

We designed a simulation study to test the performance of our oc-
cupancy mixture model in which four distinct species classes were 
defined to simulate a community made up of a combination of com-
mon, rare, elusive and nonelusive species. We tested the ability of our 
model to differentiate between common and rare species under vary-
ing occupancy, detection and mixing probabilities, i.e. we assessed if 
the proposed model could identify those elusive common species that 
could be mislabeled as rare due to their low detection probabilities.

To generate the aforementioned community, a total of S = 50 spe-
cies were simulated in M = 300 sites visited on 4 different occasions. 
Species- specific occupancy and detection probabilities were drawn 
from a multivariate normal distribution as follows:

where logit−1 (Ω) =
(
�hi, phi

)
 is the species- specific occupancy and 

detection probabilities with �h being the mixing probabilities that 
determine the proportion of species belonging to each class. These 
species- specific parameters were drawn from the community logit- 
scaled baseline occupancy and detection probabilities ��h

 and �ph
 

respectively. Note that the simulated occupancy and detection prob-
abilities ranged between 0.05 and 0.95 across species. This captures 
a reasonably wide span of different species responses that matches 
what we observed in the Odonata case study.

Σh is the covariance- variance matrix for the h- th class with diago-
nal elements 

(
�2
�h
, �2

ph

)
 corresponding to variances for the logit- 

scaled community mean occupancy and detection probabilities 
respectively. The off- diagonal elements of the covariance- variance 
matrix Σh were set to zero to remove the abundance- induced detec-
tion effect (i.e. when detection probabilities are influenced by the 
high abundance of widespread species), which is assumed to be cap-
tured by specifying the number of different habitats that each spe-
cies occupies (Eqn. 8). Figure 1 illustrates the general framework 
used to simulate the three following scenarios (details of each sce-
nario can be found in the Appendix S1):

3.1  |  Simulation scenario 1: nonoverlapping with 
constant variance and proportional allocation

First, four well- separated classes were simulated by specifying a 
reasonable distance between the mean value �h of each group and 

(9)f
(
xi
)
= �f(xi|�1i) + (1 − �) f(xi|�2i),

(10)Ω ∼

4�
h=1

�hNormal

⎛
⎜⎜⎝
�h =

⎛
⎜⎜⎝
��h

�ph

⎞
⎟⎟⎠
,Σh

⎞
⎟⎟⎠
,
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constant variance (Σh = Σ∀h) while retaining the same proportion of 
species assigned to each class (i.e. �h = 1∕4∀h).

3.2  |  Simulation scenario 2: moderate overlapping 
with variance heterogeneity under constant and 
varying mixing probabilities

For a second simulation, we allowed for a moderate degree of over-
lapping between rare/nonelusive species and common/elusive spe-
cies while specifying different variances for each class (see Appendix 
S1 for the specification of variance heterogeneity). Furthermore, we 
explored the model performance under constant and varying mixing 
probabilities such that the number of species in common and elusive 
classes was larger than the number of species in the rare and nonelu-
sive classes respectively.

3.3  |  Simulation scenario 3: strong overlapping 
with variance and mixing heterogeneity

For the third scenario, a greater degree of overlapping was induced 
by setting (i) similar detection and occupancy probabilities for each 
class, (ii) variance heterogeneity and (iii) different proportions of spe-
cies allocated to each class. The mixing coefficients and the variance- 
covariance matrix were the same as those described for scenario 2.

3.4  |  Assessing model performance

Model 4 was fitted to the simulated data for each scenario using the 
settings described in section 2.3.3. The model performance was as-
sessed by using standard metrics calculated based on the confusion 
matrix shown in Figure 2. The diagonal elements of the confusion ma-
trix are given by the number of rare and common species that have 
been correctly predicted as such (true positives (TP) and negatives 
(TN) respectively). The off- diagonal elements of the confusion matrix 
contain the false positives (FP =Pr(�̂ i = 2|� i = 1)) and false negatives 

(FN =Pr(�̂ i = 1|� i = 2)) errors. The different metrics that were com-
pared are also presented in Figure 2. Here, the correct classification rate 
(CCR) describes the overall proportion of species that were classified 
correctly. Sensitivity (TPR) and specificity (TNR) denote the proportion 
of rare/common species that have been classified correctly among the 
rare and common classes respectively. The model's precision or positive 
predictive value (PPV) represents the proportion of truly rare species 
among all the species that have been predicted to be rare. Similarly, the 
negative predictive value (NPV) describes how many species predicted 
to be common are truly common. Cohen's Kappa statistic (�) was also 
calculated as a measure of the model's performance relative to what 
would be expected by chance. According to Fleiss and Cohen (1973), a 
� value between 0.40 − 0.60 indicates a moderate performance, while 
values of 0.61 − 0.80 and 0.81 − 1 suggest a substantial and almost 
perfect performance respectively. Finally, the F- score was calculated 
as F = 2 × (TPR × PPV) ∕ (TPR + PPV) , and the balanced accuracy 
(TPR + TNR∕2) was used as metrics to assess the overall model perfor-
mance under each scenario. The F- score, on the one hand, accounts 
for both false- positive and false- negative errors and gives equal im-
portance to sensitivity and precision (i.e. focuses primarily on detecting 
correctly rare species). The balanced accuracy, on the other hand, is 
useful when comparing classes with an unbalanced number of obser-
vations, as it also considers the true negatives and, thus, gives equal 
importance to predicting correctly both rare and common species.

4  |  RESULTS

4.1  |  Simulation study results

Our simulation study results in Table 1 show the standard metrics of 
classification performance (section 3.1) for each simulated scenario. 
Overall, our results suggest good model performance in identifying 

F I G U R E  1  Direct acyclic graph illustrating the simulation 
scheme under varying stochastic parameters indicated by the 
shaded nodes. The square box represents the model's latent state 
process for S=50 species and M=300 sites. Square nodes represent 
simulated data while circle nodes are the stochastic parameters 
varying for simulation

F I G U R E  2  Confusion matrix and standard classification metrics 
for a two- class problem. TPR denotes the sensitivity or true 
positive rate, TNR denotes the specificity or true negative rate, 
PPV and NPV denote the positive and negative predictive values, 
respectively, and CCR denotes the correct classification rate 
computed over the total number of species S
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those rare and widespread species with an ≈ 80\% of accuracy 
across all scenarios. For scenario 1, our model correctly classified 
all rare and common species with respect to the true categories. In 
scenario 2, the model classification performance was affected by 
groups with an unbalanced number of species. For instance, with 
constant mixing probabilities for each class, the CCR was 0.96 and 
the TNR and PPV indicated that all common species were correctly 
identified as such, and all the predicted rare species were truly rare. 
Moreover, the � statistic (>0.80) suggested an almost perfect per-
formance relative to what can be expected by chance, and the bal-
anced accuracy and F- score values above 0.90 indicated a very good 
predictive performance. However, when the proportion of common 
species was greater than the proportion of rare species, the TNR 
and PPV (0.83 and 0.70 respectively) suggested that 83% of species 
were classified as common out of the total number of common spe-
cies because some common species have been predicted as rare (i.e. 
only 70% of predicted rare species were truly rare). In this situation, 
the F- score shows a lower value compared to CCR and balanced ac-
curacy because it does not consider the true negatives, unlike the 
balanced accuracy, which suggests a very good classification per-
formance when either an equal or unequal proportion of species 
are allocated to each class. On the third scenario, the accuracy de-
creased to ≈ 80%. The different classification performance metrics 
were approximately 10%– 20% lower than the metrics in scenario 2. 
We also found that having an unequal number of species for each 
class yields a much lower accuracy. Particularly, when the number of 
common species is greater than the number of rare species, both the 
PPV and TNR suggest an overestimation of the true number of rare 
species. On the other hand, when the number of elusive species was 
higher than the number of nonelusive species, the TPR decreased, 
suggesting that several rare species are being classified as common 
(only 67% of the species are classified as rare out of the total number 
of rare species). In summary, the accuracy, F- score and � statistic 
suggest a reasonably good performance of the mixture occupancy 
model as a classifier when there is an balanced number of observa-
tions for each class. When there is an unbalanced number of obser-
vations, the balanced accuracy suggests a very good performance of 

our model for scenarios 1 and 2 and a moderate performance under 
scenario 3. Particularly, our model performance under scenario 3 
depends on the different class proportions, i.e. a greater number of 
common species yield an overestimation of the true number of rare 
species, while having more elusive and nonelusive species results in 
an underestimation of rare species.

4.2  |  Odonata case study results

We fitted the proposed mixture occupancy model (Equations 1 and 
8) to quantify the proportion of rare species of Odonata across fresh-
waters in the United Kingdom. The proportion of rare species at each 
site was calculated according to Eqn. 7. Figure 3 shows the predicted 
classes for each of the Odonata species, with approximately half of the 
species being categorized as rare. Note that the credible intervals show 
that the uncertainty for detection probabilities is larger for rare species 
than for common species. However, at high levels of occupancy, the 
uncertainty of the estimated occupancy for widespread species be-
comes larger than for rare species. This pattern could be related to the 
distribution of occupancy being right- skewed (a small number of com-
mon species show relatively high- occupancy probabilities >0.75), so 
that uncertainty around the estimates of species with high- occupancy 
probability will be larger than estimates for species with low occu-
pancy. In addition, when the occupancy is low, we have less informa-
tion from which the probabilities of detection are estimated resulting 
in greater uncertainty around these estimates.

The proportion of rare species across the different sites is shown 
in Figure 4. Overall, the proportion of rare species and its estimated 
standard deviation are low and homogeneous across space. There 
are, however, some areas in the north and south west where the 
proportion of rare species is greater than the proportion in central 
areas, which are dominated almost exclusively by widespread spe-
cies. These proportions were calculated with a reasonably small 
error (SD <0.2 for most sites), though there are some sites where un-
certainty is larger possibly due to the very low number of Odonata 
occurrence records at those sites (see Figure S1).

TA B L E  1  Occupancy mixture model classification performance metrics under different simulated scenarios

Scenario
Proportion of species 
per class Overlapping CCR TPR TNR PPV NPV �

Balanced 
accuracy F- Score

1 Equal proportion No 1 1 1 1 1 1 1 1

2 Equal proportion Moderate 0.96 0.93 1 1 0.92 0.92 0.96 0.96

More common than 
rare

0.88 1 0.83 0.70 1.00 0.74 0.92 0.82

More elusive than 
nonelusive

0.94 0.92 0.96 0.96 0.93 0.88 0.94 0.94

3 Equal proportion Strong 0.80 0.64 1 1 0.69 0.61 0.82 0.78

More common than 
rare

0.76 0.86 0.72 0.55 0.93 0.49 0.79 0.67

More elusive than 
nonelusive

0.78 0.67 0.89 0.84 0.74 0.56 0.78 0.74



    |  889BELMONT ET aL.

F I G U R E  3  Estimated occupancy, 
detection probabilities and predicted class 
for the 39 British Odonata species in our 
study. Error bars represent 95% credible 
intervals for the corresponding individual 
species occupancy/detection probability

F I G U R E  4  Posterior mean of the 
proportion of rare species at each site 
across the United Kingdom where each 
location represents a freshwater body 
associated with a catchment within the 
hydrological network
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5  |  DISCUSSION AND CONCLUSION

In this work, we have presented a new approach to characterize the 
composition of a community in terms of how rare or common spe-
cies are. Our model differs from previous methods by considering 
imperfect detection. Moreover, our modelling framework enables 
using standard designs of occupancy models for which information 
about the species' distribution ranges, population densities or habi-
tat specificity are not required to estimate species distributions. In 
fact, any species- specific data of this nature could be incorporated in 
either or both latent state and observational processes of the model 
as described in section 2.3.2.

We constructed our model under the assumption that the spe-
cies distributions remain constant across different sampling occa-
sions. We used the single- season occupancy model as the starting 
point based on some of our preliminary research that suggests that 
the distribution of Odonata species shows little evidence of major 
temporal changes within the time period of this study (2000– 2016). 
However, any extension to the occupancy model could potentially 
be developed within our mixture modelling approach. For example, 
our model could be integrated with an explicit spatiotemporal oc-
cupancy model (see Rushing et al. (2019)) to estimate the temporal 
changes in occupancy that a species of a specific class experiences. 
This could be potentially useful for monitoring the distributions and 
temporal dynamics of invasive species at different stages after their 
introductions and to identify the tipping point when a focal species 
experiences a major increase or reduction in its distribution given by 
the change in its latent class.

The simulation analysis of our mixture occupancy model showed 
an overall good classification performance, specifically when the 
proportion of individual species is similar between classes. However, 
when the proportion of common species was set to be greater than 
the proportion of rare species, a larger proportion of common spe-
cies were classified as rare. Under this unbalanced scenario, the 
posterior mass density from which the occupancy community pa-
rameters are drawn will be greater for common than for rare spe-
cies. Thus, uncertainty around the occupancy community mean for 
rare species will be larger and pulled towards the density mass of 
common species, resulting in some common species being classified 
as rare, yet producing precise predictions for the common species 
(i.e. the sensitivity and the proportion of predicted common species 
that are truly common will be high). Note that for this simulation 
analysis, the large difference in the proportions of species belonging 
to each class could very well portray a real- life situation where bio-
logical communities are composed primarily of widespread species. 
Thus, to avoid the overestimation or underestimation of rare species 
caused by unbalanced classes, informative Dirichlet priors (or beta 
priors for a two- class classification problem) could be specified to 
reflect our prior judgement about the proportion of species of each 
class determining the community structure.

It is important to notice that using an informative prior causes 
the classification of species rarity to change and, hence, introduces 
a risk of underestimating the number of truly rare species if the 

prior weight is greater for common species, or overestimating the 
rare species if the prior assigns more weight to this class. However, 
as mentioned by Leroy et al. (2012), it is preferable to conduct an 
analysis to characterize species rarity rather than ignore it and thus 
potentially overlook hot spots relevant for conservation. Therefore, 
the choice of priors depends on (1) the previous knowledge about 
the target species distribution and (2) the conservation targets. For 
instance, if the conservation study focuses on rare species, more 
weight could be assigned to the prior of a species being classified 
as rare to ensure that most of the species will be correctly classified 
as rare.

Our approach enables the class membership for multiple species 
based on a fixed number of classes to be estimated. If the number 
of classes is unknown, a Bayesian nonparametric mixture model in-
volving Dirichlet processes could be specified (Hjort et al., 2010). 
For instance, Johnson and Sinclair (2017) implemented a reversible 
jump MCMC algorithm (RJMCMC; Richardson and Green (1997)) to 
make Bayesian inference on a multiple- species distribution model 
that uses Chinese Restaurant Process for clustering species into 
guilds. RJMCMC allows for the number of components to vary be-
tween iterations of the Markov chain. Unfortunately, selecting ap-
propriate proposal densities is challenging and difficult to implement 
(Nasserinejad et al., 2017). Recently, Sollmann et al. (2021) proposed 
a truncated stick- breaking Dirichlet process to describe the commu-
nity structure in terms of the estimated classes and the similarity in 
species responses to environmental conditions. However, Sollmann 
et al. (2021) reported an overestimation of the number of classes 
and poor mixing due to label- switching issues attributed to high di-
mensionality and variability among clusters. In our work with a two- 
class finite mixture, we did not find such issues because of the small 
number of fixed classes (even under moderate heterogeneity among 
clusters).

Having a set of candidate models, each with a small number of 
predefined classes, makes the problem of selecting an appropriate 
number of classes more tractable and easier to implement. For ex-
ample, WAIC (Watanabe- Akaike information criteria; Watanabe 
and Opper (2010)) can be used to compare and select models with 
a different number of fixed groups. WAIC is fully Bayesian criteria 
computed based on (1) the log- pointwise predictive density, which 
is an average of the model fit across all the posterior draws and (2) 
the variance of the log- likelihood across MCMC samples represent-
ing the number of effective parameters. An alternative approach 
that has proved to be efficient for identifying the number of classes 
in Bayesian finite mixture models is based on specifying an over-
parametrized model that converges to the true number of compo-
nents if the �h parameters of the Dirichlet prior are less than half 
of the number of class- specific parameters (Rousseau & Mengersen, 
2011). By specifying such vague priors, the overfitted classes will 
asymptotically become empty during MCMC sampling and can 
then be discarded to find the true number of groups. This approach 
can be easily implemented in JAGS or Nimble, and extensions to 
this approach can be found in Malsiner- Walli et al. (2016) and in 
Nasserinejad et al. (2017).
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In the case study analysed in this work, the proportion of rare 
Odonata species is generally low (below 20%) and homogeneous 
across all of the region. There are, however, some areas in the north 
of Scotland and in the south of England where the proportion of rare 
species is above 50%. This could be explained by the occurrences 
of species at very local scales such as Coenagrion hastulatum and 
Somatochlora arctica, which are confined to a few particular lakes 
in Scotland and south west Ireland (source: https://briti sh- drago 
nflies.org.uk). Consequently, the distribution patterns for some of 
these rare species might not be evident on a national scale and could 
be limited to specific habitats where species are exposed to differ-
ent environmental conditions and extinction processes (Hartley & 
Kunin, 2003). Hence, because of the occurrence- based approach im-
plemented here, where the proportion of rare species on a national 
scale is derived from the relative mean occupancy probabilities in 
each class, the estimation of rarity depends on the study spatial 
scale. Previous studies by Hartley and Kunin (2003) and Leroy et al. 
(2013) have shown how species rarity can be a scale- dependent 
process and have proposed different multiscale metrics to quantify 
the species rarity. However, producing such metrics under imperfect 
detection is a lesser studied subject for small invertebrates (Leroy 
et al., 2012, 2013) and a very interesting area for future research. 
For example, our modelling framework could be integrated with mul-
tiscale occupancy modelling designs and sampling schemes like the 
one proposed by Nichols et al. (2008) to estimate the proportion 
of rare species at varying spatial scales under imperfect detection.

Other occurrence- based methods that assess species rarity (such 
as the Leroy et al. (2012) rarity index) rely greatly on the sampling 
methods, as uneven sampling effort might induce an artificial rarity 
for those species recorded in poorly sampled sites. Accounting for 
sampling effort and detection probabilities in the observation process 
is of major importance, specifically when working with large citizen- 
science data sets where observations are collected without a stan-
dardized field sampling protocol for a frequently arbitrary selection of 
sites. This variation in observation effort causes detection probabilities 
to vary over time and space (K´ery et al., 2010). The two- component 
structure in our model allows us to incorporate terms that correct 
for uneven sampling effort. In our models, we only used the number 
of visits at each site as a proxy for the sampling efficiency. Thus, the 
correction for uneven sampling effort occurs automatically through 
the number of sampling days representing the number of Bernoulli 
trials in the distribution of p rather than as a covariate in the model. 
Alternatively, a common approach to the analysis of citizen- science 
data is to define the logit- scale detection probabilities as a function 
of (1) the day when each site was visited and (2) the daily species lists 
to account for heterogeneity in detection probabilities caused by sea-
sonal variation in the flying periods of species and unequal observa-
tion effort (K´ery et al., 2010; van Strien et al., 2010, 2013).

The approach presented in this work provides a new method 
to understand the species rarity assemblage in a community when 
species are detected imperfectly. It can be potentially applied to dif-
ferent situations such as multiscale studies and spatiotemporal mod-
elling. We have applied our model on a national scale to estimate the 

proportion of rare species of Odonata, a taxonomic group (along with 
other small invertebrates) that has a significant under- representation 
in studies accounting for imperfect detection (Devarajan et al., 2020; 
Kellner & Swihart, 2014). We believe this work provides a substantial 
improvement to how rare species are identified and to the under-
standing of how species rarity assemblages can be quantified.
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