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Abstract
1.	 The study of plant distribution and abundance is a fundamental pursuit in ecology 
and conservation biology. Measuring plant abundance by visually assessing per-
cent cover and recording a cover class is a common field method that yields ordinal 
data. Statistical models for ordinal data exist but entail cumbersome interpreta-
tions and sometimes restrictive assumptions.

2.	 We propose a Bayesian hierarchical framework for analysing cover class data that 
allows for linking ordinal observations to a latent beta distribution and accounts 
for zero inflation. Harnessing a latent beta distribution supports interpreting 
changes in abundance in terms of mean percent cover rather than odds ratios of 
cumulative cover classes as for cumulative link models. The zero augmentation 
allows for simultaneous inferences on both occurrence (distribution) and abun-
dance. We show how our model can account for true and false zeros, misclassifi-
cation of cover classes, multiple species and hierarchical sampling designs, using 
empirical examples and simulations.

3.	 Simulated observation errors, when ignored, led to models overestimating abun-
dance and underestimating occurrence. Based on simulations, we found no sub-
stantial difference between mean percent cover estimates when analyzing ordinal 
cover classes versus continuous percent cover as the response. Our empirical 
datasets displayed high probability of detection (>0.85 on average for all spe-
cies), likely due to the sampling design used and training of observers. Probability 
of occurrence was slightly underestimated for bare ground, Artemisia tridentata, 
Elycap medusae, and Poa secunda using a model that ignored imperfect detection. 
Estimated mean percent cover was not substantially impacted by ignoring meas-
urement error for five plant species and bare ground.

4.	 Our modelling framework for cover class data allows for an explicit separation of 
distribution from abundance and, importantly, allows for interpreting species–en-
vironment relationships in terms of variation in mean percent cover as compared 
to cumulative odds ratios. The beta distribution inherently accommodates hetero-
scedasticity and skewness, statistical properties that are a consequence of spa-
tially aggregated patterns common to plant survey data. Recording cover classes 
provides a reliable, efficient way to measure plants and our simulations suggest 
little loss of information compared to assuming continuous percent cover. We pro-
vide JAGS and Stan model code for implementation.
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1  | INTRODUC TION

The study of plant species distribution and abundance are funda-
mental to informing conservation and management. A common field 
method for plant surveys is to visually assess the percent cover within 
an areal plot and subsequently record a cover class value as an esti-
mate of abundance (e.g. 0, 1, 2,…, 6). Cover class data are an example 
of ordered categorical or ordinal data. Statistical models appropri-
ate for such data are available (e.g., cumulative link models, Agresti, 
2010; Warton, Foster, De’ath, Stoklosa, & Piers, 2015), but recently 
an ordinal zero‐augmented beta model (OZAB) was proposed as a 
way to directly link the cover classes to the partially observed per-
cent cover of a plot (Herpigny & Gosselin, 2015; Irvine, Rodhouse, 
& Keren, 2016). The OZAB model allows for investigating the driv-
ers of distribution (presence/absence) separate from environmental 
factors governing abundance and provides a more appealing inter-
pretation of model parameters in terms of changes in mean percent 
cover compared to cumulative odds ratios (Irvine et al., 2016). Here 
we expand the OZAB model to account for imperfect detection and 
measurement errors in plant cover class data. We introduce this 
modelling framework as an ordinal zero‐augmented beta with er-
rors model (hereafter, OZABE). Additionally, our empirical examples 
demonstrate the flexibility of OZAB(E) to account for other analyt-
ical complications often encountered in plant survey data, such as 
cluster‐type sampling designs and observations on multiple species.

The novelty of the OZAB framework is that we explicitly ac-
knowledge that percent cover, which is the variable of primary inter-
est, is partially observed for cover class data because for each plot 
the cover is known within an interval, such as between 2.5% to 5%. 
Using a Bayesian hierarchical framework, we specify the latent per-
cent cover variable as arising from a zero‐augmented beta distribu-
tion. The beta distribution has been advocated as suitable for plant 
percent cover for many reasons (see review in Damgaard & Irvine, 
2019). Within the unit interval, the beta density can be J‐, L‐, or U‐ 
shaped providing tremendous flexibility for modelling skewness and 
heteroscedasticity both common attributes of plant cover datasets. 
Damgaard (2013) explored hypotheses related to changes in species 
spatial aggregation within a homogeneous site using the beta distri-
bution. The zero‐augmented portion of OZAB allows for modelling 
true zeros, in our case, plots with a recorded cover class of zero. 
A side benefit of the two‐part model structure is that it provides 
simultaneous inferences about factors governing distribution and 
abundance (Irvine et al., 2016). For native species, distribution mod-
elling can inform habitat suitability and species range shifts whereas 
changes in abundance can inform population growth and trends over 
time. Finally, the Bayesian hierarchical framework accommodates 
extensions to OZAB that account for observation errors, multiple 

species (a community or joint species model), and cluster‐type sam-
pling designs.

In plant surveys, observation errors can include both measure-
ment or misclassification error (recorded cover classes differ from 
truth; e.g. Gorrod, Bedward, Keith, & Ellis, 2013; Helm & Mead, 2004; 
Killourhy, Crane, & Stehman, 2016) and imperfect detection (species 
is not observed even though present; e.g. Chen, Kéry, Plattner, Ma, 
& Gardner, 2013; Chen, Kéry, Zhang, & Ma, 2009; Clarke, Lewis, 
Brandle, & Ostendorf, 2012; Vittoz et al., 2010). Wright, Irvine, 
Warren, and Barnett (2017) developed a beta regression model for 
percent cover data that accounts for measurement error and im-
perfect detection. Estimates of both mean percent cover and pro-
portion of an area occupied can be biased when observation errors 
are ignored (Wright et al., 2017). Our OZABE model accommodates 
observation errors in cover class data by utilizing the formulation of 
beta regression with observation errors as in Wright et al. (2017) for 
the partially observed (latent) variable.

Monitoring programs employ plot‐based methods to survey plant 
communities and record information on multiple species simultane-
ously. In our example datasets, a targeted set of species were a priori 
selected for long‐term monitoring because they are relevant to man-
agement decisions (Yeo, Rodhouse, Dicus, Irvine, & Garrett, 2009). 
This approach is slightly different than community plant surveys that 
record all species present in a plot. Joint species or community models 
are available for data collected as presence/absence or stem counts 
(Kéry & Royle, 2016). One option for cover class data is to use a mul-
tivariate cumulative probit model (e.g. Schliep et al., 2016), in which 
the latent variable is specified as multivariate Gaussian (normal) dis-
tribution. Alternatively, a Dirichlet model, a multivariate extension 
to the beta distribution, may be appropriate (e.g. Damgaard, 2015). 
We present a formulation consistent with other joint species or com-
munity models (Clark, Nemergut, Seyednasrollah, Turner, & Zhang, 
2017; Warton, Blanchet, et al., 2015) except we specify that the la-
tent percent cover variable is distributed as a zero‐augmented beta. 
To demonstrate our approach, we analyse cover class data for four 
species of conservation concern (two invasive annual grass and two 
native bunchgrasses) and bareground collected at John Day Fossil 
Beds National Monument using our joint species OZAB(E) models. 
Variation in the patterns of co‐occurrence and abundances of these 
species along environmental gradients in western American sage-
brush steppe is a central concern among conservation practitioners.

We also consider how the OZAB(E) models can accommodate 
data collected following a hierarchical sampling design in which mul-
tiple units or areas are selected oftentimes for a specific manage-
ment interest. Within each unit, multiple plots are randomly selected 
and the plant community or set of targeted species are surveyed. 
We present an example from Bighorn Canyon National Recreation 
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Area in which three units were selected for their management sig-
nificance; two units within sagebrush steppe/grassland communities 
were identified as ‘good’ sage grouse habitat while a third was noted 
as unaltered juniper woodland (Tercek, Jean, Daley, & Legg, 2013). 
This cluster‐type design is beneficial in rugged terrain because ag-
gregating plots within core areas of interest can reduce overall travel 
costs. However, the design structure needs to be appropriately mod-
elled otherwise standard errors may be underestimated.

Finally, we conduct a simulation study to assess the perfor-
mance (bias and coverage properties) of OZAB and OZABE for 
estimating mean proportion cover and probability of occurrence. 
Further, we explore whether observation errors differentially af-
fected parameter estimation if observers recorded percent cover 
on a continuous versus ordinal scale. One perceived benefit to 
using ordinal cover classes is a reduction in observer variation. 
We provide the code used to model the empirical datasets as 
Appendix S1 and the Stan and JAGS model files (Carpenter et al., 
2016; Plummer, 2003) and datasets are accessible at https​://doi.
org/10.5066/P99JX2ND.

2  | MATERIAL S AND METHODS

2.1 | Ordinal zero‐augmented beta (OZAB) model

The ordinal zero‐augmented beta model was proposed as an al-
ternative to cumulative logit or probit models for ordinal data in 
Irvine et al. (2016) and Herpigny and Gosselin (2015). Following 
the notation in Irvine et al. (2016), the observed cover class data 
are of the grouped continuous type of ordinal response and can be 
considered a realization from a multinomial distribution with J + 1 
categories, [Ci | πi] = Multinomial(1, π0i, …, πJi), for i = 1, …, n obser-
vations (here, descriptions of areal 1 m2 plots) with category levels 
of 0, 1, …, J and Pr(Ci = j) = πji. In our case, following Daubenmire 
(1959), there were seven pre‐defined categories (J = 6), but other 
classification schemes are possible (e.g. Milberg, Bergstedt, 
Fridman, Odell, & Westerberg, 2008). The Daubenmire scale used 
in our examples was a seven cover class scheme (0, 1, …, 6) with 
zero representing absence of cover and the following interval divi-
sions of areal proportion covered: >0–0.05, >0.05–0.25, >0.25–
0.50, >0.50–0.75, >0.75–0.95, and >0.95–1.

In the OZAB model, we specify the latent variable (Y∗

i
) distribu-

tion as a mixture of a continuous beta distribution and a point mass 
at 0, a zero‐augmented beta (ZAB) distribution (Ospina & Ferrari, 
2010), as follows:

where [Yi | μ, ϕ] is the beta distribution as parameterized for regression 
analysis by Ferrari and Cribari‐Neto (2004) with E(Yi)  =  μ and 
Var(Yi)=

�(1−�)

�+1
, where 0 < μ < 1 and ϕ > 0. For cover class data, μ is the 

mean proportion cover (or μ × 100 for mean percent cover) conditional 
on presence. The unconditional mean cover, if of interest, is ψμ. A 

re‐parameterization of ϕ has been interpreted as a measure of spatial 

aggregation for plants, �=
(

1

1+�

)
 (Damgaard, 2013). As the patchiness 

or spatial aggregation of a plant within a homogeneous area increases, 
δ increases and the beta distribution tends to a U‐shape for a fixed 
value μ (Figure 2 in Damgaard & Irvine, 2019). As with any ecological 
study, the interpretation of these parameters is dependent on the cho-
sen grain size (plot size and shape) and spatial extent.

Then, following the usual latent variable motivation for an ordinal 
observation Agresti (2010), we specify that the observed cover class 
category is a discretized version of Y∗

i
 for observation i as follows,

where θ is a set of known values that define the breaks between 
each cover class. In our case, for example, the Daubenmire (1959) 
scale defines the vector as θ0  =  0, and {θ1,  ⋯,  θ5}  =  {0.05,  0.25,  
0.5, 0.75, 0.95} based on the breaks between classes, and θ6 = 1. By 
definition the multinomial probabilities are

where FBeta denotes the cumulative distribution function for the par-
tially observed percent cover Y, which is beta distributed with pa-
rameters μ and ϕ. This model can be written hierarchically as follows, 
[Zi = 1] = Bernoulli(ψ) and [Yi|Zi = 1] = Beta(μ, ϕ) (see the ecological 
state at plot i box displayed in Figure 1).

To understand how environmental variables may influence 
abundance and distribution, we extended the mean of proportion 
cover (μ) and probability of occurrence (ψ) by logit(μi) = Wiβ and log-
it(ψ i) = Liγ, where W and L represent a matrix of covariates measured 
at each plot i (Irvine et al., 2016). In explanatory models, interpreting 
the effect of an environmental variable on the unconditional mean 
(ψμ) is complicated because covariates are included and their ef-
fects estimated conditionally (i.e. distribution separate from abun-
dance). Therefore, interpreting an effect on the unconditional mean 
should be considered carefully in conjunction with assessing impacts 
separately.

2.2 | Ordinal zero‐augmented beta with errors 
(OZABE) Model

Next we consider how to incorporate imperfect detection and meas-
urement error into the observation process for plant cover class 
data. Essentially, we modify the zero‐process model allowing for the 
possibility that a plant was present but not detected by using a zero‐
inflated binomial model, similar to occupancy models for detection/
non‐detection data (MacKenzie et al., 2018). Then the abundance 

(1)
�
Y∗

i
�� ,�,��=

⎧
⎪⎨⎪⎩

1−� , ifY∗

i
=0,

(� )[Yi��,�], ifY∗

i
∈ (0, 1),

(2)Ci=

⎧
⎪⎨⎪⎩

0, if andonly ifY∗

i
=0

j, if andonly if𝜃j−1<Y∗

i
≤𝜃j for j=1, ..., J,

(3)�ij=

⎧
⎪⎪⎪⎨⎪⎪⎪⎩

1−� j=0

� ×FBeta(�1) j=1

� × (FBeta(�j)−FBeta(�j−1)) 2≤ j≤ (J−1)

� × (1−FBeta(�j−1)) j= J
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or beta portion of the model is modified by using the formulation 
of a zero‐augmented beta with errors (ZABE) model developed by 
Wright et al. (2017). In order to estimate the parameters in OZABE, 
multiple independent observations k must be available for a set of 
plots i, similar to N‐mixture or occupancy model data requirements.

We provide a diagrammatic representation of the OZABE model 
in Figure 1. For simplicity assume only one species is recorded and 
a simple random sampling design. In the following, we introduce the 
model hierarchically. We specify that conditional on species pres-
ence in a plot, Zi = 1 and yi > 0, it is detected on observation k with 
probability pi, that is

where

In Equation (4), Xik represents an indicator variable for whether the 
species was detected (1) or not (0) in plot i on observation k. The 
probability of detection (pi) is related to the underlying cover pro-
portion (yi) through a logistic regression in Equation (5) similar to 
the abundance–detectability relationship described for occupancy 

models (Royle & Nichols, 2003) and based on empirical evidence 
found in plant studies (Burg, Rixen, & Stöckli, & Wipf, 2015; Milberg 
et al., 2008; Vittoz et al., 2010). As percent cover increases, the prob-
ability of detection approaches 1 for γ1 > 0 and for trace amounts 
detection approaches γ0, which could depend on plant morphology 
or other species‐specific characteristics.

After accounting for imperfect detection, the final portion of the 
model describes the observed cover class distribution and allows for 
measurement error in the classifications. For OZABE, the assumed 
underlying cover given detection that is discretized is contaminated 
with measurement error, denoted Uik with [logit(Uik)|{Xij = 1, Yi = yi}] = 
Normal(logit(yik), σm.e.) (see Figure 1). Again the recorded cover class 
(Cik) for plot i and observation k is a multinomial random variable,

where πi is a J‐length vector of probabilities that sum to 1 and cor-
respond to each of the possible cover classes greater than zero (no-
tice this differs slightly from the notation used in the OZAB model). 
For the OZABE model, the probabilities of observing each non‐zero 
cover class are defined as

(4)[Xik|tYi=yi]=Bernoulli(pi),

(5)logit(pi)= �0+�1yi. (6)[Cik|Uik=uik]=Multinomial(1,�i),

F I G U R E  1  Diagram or conceptual model of ordinal zero‐augmented beta model with both imperfect detection and measurement errors 
(OZABE). The right side depicts the zero‐process that is contaminated by false zeros in which a species went undetected even though 
present (Xik = 0 | Zi = 1) and detection probabilities are dependent on latent true cover yi. The left side depicts the abundance process 
that leads to the ordinal cover classes contaminated with measurement errors. The arrows and associated labels indicate the probability 
distributions for each variable, conditional on the previous variable states. A diagram for the OZAB model is only the top and bottom panel
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where FNi
 represents the Gaussian cumulative distribution function 

for logit(Uik) with mean logit(yi) and standard deviation σm.e. as used 
to specify measurement error in Wright et al. (2017). This parame-
terization results in greater variation among observations (Uik) for 
a given plot i for true percent cover values close to 50% (yi = 0.40 
examples in Figure 2a,c). Individual observer effects could be 

incorporated in the mean of the logit‐normal distribution, as follows 
logit(yik + αObserverk), to account for systematic observer bias.

For OZABE, increasing measurement error (σm.e.) results in de-
creasing the probability of assigning the correct cover class and in-
creasing the probabilities of assigning an incorrect cover class for 
a given cover proportion (Figure 2). For example, assume the true 
cover for a plot is 0.40 (Figure 2a,c), the probability of correctly as-
signing a cover class of 3 would be 0.71 with σm.e. = 0.5 compared 
to 0.41 with σm.e.  =  1. The larger standard deviation results in an 
increase in an observer incorrectly assigning an adjacent class (e.g. 
cover class 2 or 4). Notice that assuming detection is perfect (pi = 1) 

(7)
�ij=

⎧
⎪⎪⎨⎪⎪⎩

FNi
(logit(�1)) j=1

FNi
(logit(�j))−FNi

(logit(�j−1)) 2≤ j≤ (J−1)

1−FNi
(logit(�j−1)) j= J

,

F I G U R E  2  Probability density functions for continuous measurement errors when the underlying cover proportion is 0.4 (a, c) or 0.04 (b, 
d) and the standard deviation of the measurement model (σm.e.) is either 0.5 (a, b) or 1.0 (c, d). The vertical solid lines indicate the underlying 
cover values (yi) and the vertical dashed lines correspond to the breaks between cover classes using the Daubenmire scale (0.05, 0.25, 0.5, 
0.75, 0.95). For each class, the resulting classification probabilities are shown along the top of each plot with the shaded region indicating 
classification to the correct cover class. Note that displayed probabilities may not sum to one due to rounding and the restricted x‐axis limits 
for b and d
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and no measurement error (σm.e. = 0) the OZABE model simplifies to 
the OZAB model. Under those assumptions, the species is always 
detected at plots it is present and the observed cover class corre-
sponds to the underlying cover proportion exactly.

To fit models, we used a Bayesian approach in Stan (Carpenter 
et al., 2016) called from r (R Core Team, 2016) with the rstan (Stan 
Development Team, 2016) package (Appendix S1). We describe our 
prior specification in the subsequent sections; generally, we used 
weakly informative priors for all parameters. For each model, param-
eters were estimated with four Markov chains consisting of 1,000 
iterations each after the first 1,000 iterations of each chain were 
discarded. For the empirical data, we assessed convergence using 
R̂ statistics and traceplots. To make our OZABE and OZAB methods 
accessible and improved on by others, we provide our model code 
and empirical datasets at https​://doi.org/10.5066/P99JX2ND.

2.3 | Empirical example with multiple species

We analysed multiple observer records of plant species in the Clarno 
unit of John Day Fossil Beds (hereafter, Clarno) collected as part 
of the Upper Columbia Basin Inventory and Monitoring Networks’ 
sagebrush steppe vegetation monitoring program (Yeo et al., 2009). 
We briefly discuss the field methods, see Esposito, Shanahan, and 
Rodhouse (2016) for further details. Two hundred twenty areal plots 
(1 × 1 m) were randomly sampled following a generalized random 
tessellation stratified (GRTS) design (Stevens & Olsen, 2004). At 
each plot, observers visually estimated the plant cover class using 
the Daubenmire system for each species detected (Daubenmire 
1959). Most plots were visited by a single observer, but two observ-
ers independently estimated plant cover in a portion (approximately 
30%) of the sampled plots. The multiple observer records allowed us 
to explore observation error for the various species of interest for 
this monitoring program.

We included data on four species of conservation concern, two 
invasive annual grasses (cheatgrass Bromus tectorum and medusa-
head Elymus caput‐medusae) and two native perennial bunchgrasses 
Poa secunda and Pseudoroegneria spicata, and bare ground to demon-
strate a joint species model that allows for a zero‐augmented beta 
latent variable and observation errors. The annual species actively 
invade steppe ecosystems following fire and other disturbances, 
and are very difficult to eradicate. When abundant, the native pe-
rennials, especially Pseudoroegneria spicata, can induce invasion re-
sistance and ecological resilience to fire. Hence, modelling patterns 
of both occurrence (establishment) and percent cover (abundance) 
for these species over space and time are critical, and influence ac-
tions that include habitat management for endangered species (e.g. 
greater sage‐grouse, Centrocercus urophasianus) and parks and pro-
tected‐area restoration.

To estimate the impact of observer errors, we compared infer-
ences from OZABE to OZAB with both models extended to incorpo-
rate multiple species. We modified the latent variable Y∗

i
 by allowing 

each plant species to have a different zero‐augmented beta distribu-
tion; [Y∗

i,s
]=ZAB(�s,�s,�s) with s denoting a particular species. Then 

the priors on (ψs, μs) were specified using the non‐centresd parame-
terization as follows Carpenter (2016),

where logit−1 denotes the inverse‐logit transformation with 
hyper‐priors [�std

s
], [�std

s
]=Normal(0, 1), [μ],  [δ]  =Cauchy(0,  2.5), and 

[σμ],  [σψ]  = half‐Cauchy(0,  2.5). Alternatively, a centred parameter-
ization could be used, for example μs = logit

‐1(αs) where αs ∼ N(μ, σμ). 
For both OZAB and OZABE, we specified independent priors on ϕs 
([ϕs] = half‐Cauchy(0, 2.5)). Our parameterization is a simplified joint 
species model that assumes independence among species. Our joint 
species model is similar to those available in the boral package in r 
that specifies species‐specific generalized linear models and allows 
a range of distributions (e.g. Tweedie, beta, gamma, etc, Hui, 2016), 
but does not accommodate the ordinal beta formulation we propose 
for plant cover classes.

Then to extend the OZABE observation process for a joint 
species model, we expand Equations 4 and 5 by allowing for spe-
cies‐specific baseline detectability with independent priors, 
[γ0,s] = Cauchy(0, 10). We assume a common relationship between 
detection and abundance (γ1 = γ1,s for all species s) and a common 
measurement error standard deviation (σm.e.) across all species with 
priors [γ1] = Cauchy(0, 5) and [σm.e.] = half‐Cauchy(0, 5). These as-
sumptions could be relaxed for other joint species applications by 
adding complexity into the OZABE observation process (Figure 1 
middle panel), e.g. hyper‐priors similar to Equations 8 and 9 and/or 
covariates to explain differences among species detectability. For 
our dataset, we explored fitting a model with species‐specific rela-
tionships with abundance (γ1,s), but the additional complexity led to 
posterior intervals that were uninformative.

2.4 | Empirical example with hierarchical 
sampling design

Multiple observer data were also collected in 2015 from Bighorn 
Canyon National Recreation Area (BICA). Fifty‐two plots were lo-
cated within each of three units (Unit 60, Unit 80, and Unit 90) 
following a GRTS sampling design within a unit (Esposito et al., 
2016). For BICA Unit 60, 12 plots were surveyed by two observ-
ers and 13 plots with three observers and Units 80 and 90 had 
50 and 51 plots, respectively, surveyed by double observers. We 
analysed the ordinal cover data for big sagebrush Artemisia triden‐
tata collected across three sample frames or management units of 
interest in BICA.

We specify unit‐specific parameters to account for the sampling 
design instead of species‐specific parameters. The same type of model 
structure can be used to account for sampling designs with a hier-
archical structure with primary units (e.g. a unit of interest) and sec-
ondary units (e.g. plots within an area). In this case, the subscript s in 
Equations 8 and 9 denotes each primary unit and i is still the 1‐m2 plot 
or secondary unit. We assume unit‐specific mean proportion cover 

(8)�s= logit−1(�+�std
s

×��),

(9)�s= logit−1(�+�std
s

×�� ),

https://doi.org/10.5066/P99JX2ND
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(μs), dispersion or spatial aggregation (ϕs) and occurrence probability 
(ψs). Applying OZABE to this dataset containing only one species (big 
sagebrush), we assume that the detection process parameters (γ0 and 
γ1) did not vary among the three units. We use similar Cauchy and half‐
Cauchy priors as for the Clarno joint species model example.

2.5 | Simulation study

We explored potential trade‐offs among recording data based on 
ordinal classes versus a continuous measure of percent cover when 
both are contaminated by observation errors using simulations. 
Further, we evaluated the performance (estimation error and inter-
val coverage) of the OZAB and OZABE model under a variety of data 
generating parameter values. We assume one species was recorded 
and a simple random sampling design with 100 plots (N = 100) and 
3 independent observations (K = 3) to each. The framework for sim-
ulating data is conveyed in Figure 1. Data were simulated following 
the ZABE model based on twelve combinations of ψ = {0.25, 0.7}, 
γ0 = { − 1, 0, 1}, and σm.e. = {0.5, 1.0}. The remaining parameters in 
the model were fixed across the scenarios with μ = 0.25, ϕ = 3, and 
γ1 = 3. For each simulated observation with a detection Xik = 1, we 
saved the continuous ‘visually assessed’ cover that included meas-
urement error (uik  ≠  yi) and the corresponding cover class based 
on the Daubenmire scale which could include classification error 
([cik = j|uik] ≠ [cik = j|yi]). We used the ordinal and continuous obser-
vations in order to compare whether inferences were affected by 
partially observing percent cover within an interval.

We fit four models to each simulated dataset based on using the 
ordinal or continuous measurements and whether the observation 
errors were ignored or not. For continuous percent cover, we used 
the zero‐augmented beta (ZAB) and zero‐augmented beta with er-
rors (ZABE) models proposed in (Wright et al., 2017). We fit the 
ZAB and OZAB models to the first observation (k = 1) at each sim-
ulated plot in the continuous and ordinal datasets respectively to 

reflect analyses that assume no observation errors. For comparison, 
we analysed all the simulated continuous and ordinal observations 
at each plot using the ZABE and OZABE models respectively. We 
simulated 250 datasets under every scenario described previously.

We assessed convergence of each model by checking R̂ statistics 
and only summarized results from models with all R̂ values less than 
1.1. Additionally, we excluded any results from models that issued 
a ‘divergent transition’ warning from Stan which can indicate prob-
lems with the sampler. Converged models that did not issue warn-
ings were summarized by plotting the average posterior means and 
average 95% posterior intervals (PIs) for the ecological parameters 
(ψ, μ, ϕ). We consider estimation error, the difference between the 
average posterior means and data generating parameter values, as a 
measure of bias for each model. For a model fit to a simulated data-
set, the average 95% PIs consisted of the average 2.5% and 97.5% 
posterior quantiles for the parameter specified. We summarized re-
sults by determining the coverage properties of the 95% posterior 
interval (number of times the posterior interval contained the data 
generating value) under the different scenarios for all four models.

3  | RESULTS

3.1 | Joint species ordinal zero‐augmented beta 
model with and without observation errors

For the five species we analysed, bare ground cover had the most 
discrepancy among observers (Table 1). Cheatgrass cover had the 
most measurement errors and the remaining three species had 
relatively little evidence of observer variation. For this particular 
dataset and survey protocol there was little difference between 
the models with and without observation errors (Figure 3), with 
the exception of bare ground. This finding is consistent with the 
general agreement among observers and high estimated prob-
ability of detections (Table 1). The estimated measurement error 

TA B L E  1  Summary of observer variation in Clarno and BICA during 2015. Clarno include four species and bareground. BICA data 
included only big sagebrush Artemisia tridentata and three units or areas of interest. A detection error occurred when one observer recorded 
a cover class of 1 or higher and the other observer recorded a zero (detect. error column). The cover class discrepancy column was the 
number of times observers recorded a different non‐zero cover class. Agreement was simply the number of times both observers recorded 
the same cover class. The estimated probability of detection (Prob. Detection) given 1% proportion cover (𝛾̂0+ 𝛾̂1× .01) was based on fitting 
the OZABE model to Clarno data. The BICA analysis assumed a constant probability of detection for sagebrush among the units

  Detect. error Cover class discrep. Agreement Prob. detection

Clarno species

Bareground 13 15 32 0.86 (0.79, 0.92)

Bromus Tectorum 2 23 35 0.96 (0.90, 0.99)

Elycap medusae 5 4 51 0.89 (0.77, 0.96)

Poa secunda 4 3 53 0.92 (0.82, 0.97)

Pseudoroegneria spicata 2 7 51 0.96 (0.85, 0.99)

BICA unit

60 1 0 24 0.89 (0.76, 0.96)

80 6 6 38 –

90 0 3 48 –
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standard deviation was 0.64 (95% posterior interval 0.54, 0.76) 
pooled across all species, which suggests an observer was most 
likely to assign the correct cover class and to a lesser degree incor-
rectly assign an adjacent category (Figure 2a,b).

3.2 | Hierarchical sampling design ordinal zero‐
augmented beta model with and without error

The mean estimated percent cover for sagebrush across all three units 
was generally ~20% (Figure 4 top panel). There was evidence of a dif-
ference among units in terms of the prevalence or occurrence of sage-
brush (Figure 4 bottom panel). For this particular dataset, there was 
even less evidence for observation errors and the results were similar 
between OZAB and OZABE. However, unit 80 had the highest degree 
of variation among observers and, as expected, the OZAB estimate 
for occurrence was less than and mean abundance was greater than 
the OZABE estimates. The estimated detection probability assuming 
1% cover was 0.89 (95% posterior interval 0.76 to 0.96), which is quite 
high and increases as percent cover increases. The estimated meas-
urement error variance for sagebrush was 0.51 (95% posterior interval 
0.33 to 0.76), similar to the other species analysed.

3.3 | Effects of observation errors on parameter 
estimation with ordinal and continuous percent 
cover data

In the simulation study, the ordinal models were more difficult to 
fit and had divergent transitions or failed to converge more fre-
quently than the continuous models (Table S2.5). These issues were 

more prevalent in the scenarios with lower occurrence probability 
(ψ = 0.25) and when detection probabilities (γ0) were lower. These 
simulation results were consistent with empirical examples (results 
not shown). The model fits with these issues were excluded from the 
remaining summaries because posterior estimates were considered 
unreliable and, therefore, were not an accurate representation of 
model performance.

Overall, models that ignored errors (OZAB or ZAB), regardless of 
whether the ordinal or continuous responses were analysed, showed 
more estimation error and reduced coverage than their counterparts 
that included the observation process (OZABE or ZABE). The mean 
proportion cover, μ, was over‐estimated on average using OZAB and 
ZAB models across all scenarios (Figure 5a). The positive bias was due 
to the relationship between cover and detectability (Wright et al., 
2017), and the magnitudes of bias were similar for both models that 
ignore observation errors (OZAB and ZAB). On the other hand, ig-
noring the observation process led to under‐estimating probability of 
occurrence (ψ) using OZAB and ZAB and the magnitude of estimation 
error was similar in the scenarios we examined (Figure 5b). For both of 
these parameters (μ, ψ) estimation error using OZAB and ZAB models 
was reduced as the probability of detection increased (γ0 = {−1, 0, 1}).

Accounting for the observation process using either the OZABE 
or ZABE models resulted in no estimation error for both parameters 
for the most part (Figure 5). Fitting these models to the scenario 
with ψ = 0.25 and γ0 = −1, however, resulted in the posterior means, 
on average, over‐estimating probability of occurrence (ψ). We be-
lieve this bias is due to the overall data sparseness in this scenario as 
well as having to exclude many of these model fits due to divergent 

F I G U R E  3  Posterior intervals for mean proportion cover (μs) 
and probability of occurrence (ψs) for OZAB and OZABE joint 
species or community model applied to data from 2015 collected in 
Clarno unit of John Day Fossil Beds National Monument. OZAB and 
OZABE allow for species‐specific dispersion of percent cover (ϕs) 
and baseline probability of detection (γ0,s). Posterior quantiles for all 
parameters provided in Tables S2.1 and S2.2

F I G U R E  4  Sagebrush (Artemisia tridentata) posterior intervals 
for mean proportion cover (μs) and probability of occurrence (ψs) for 
OZAB and OZABE by unit. Three units (Unit 60, 80, and 90) were 
surveyed during 2015 at Big Horn Canyon National Monument 
with 52 1 − mx1 − m plots within each. OZAB and OZABE allow for 
varying dispersion (ϕ) and assume a common baseline detection 
(γ0), relationship between detection and latent abundance (γ1), 
measurement error (σm.e.). Posterior quantiles for all parameters 
provided in Tables S2.3 and S2.4
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transitions or convergence issues. Again, when accounting for the 
observation process, the average posterior means and average 95% 
PIs were similar regardless of whether the ordinal (OZABE) or con-
tinuous (ZABE) responses were analysed.

For the final ecological parameter, precision (ϕ) or a measure of 

spatial aggregation 
(
�=

(
1

1+�

))
, inferences were not impacted by 

ignoring errors in the case of σm.e. = 0.50 and all models had similar 
average 95% PIs (Fig. S2.1). Interval estimates for ϕ were, on aver-
age, narrower for the scenarios with a higher probability of occur-
rence (ψ = 0.7) compared to when occurrence was lower (ψ = 0.25). 
However, increasing the measurement error (σm.e.  =  1.0) led to 
wider intervals and the potential magnitude of estimation error 
was more noticeable (Fig. S2.1). In that, OZABE and ZABE over‐es-
timated and ZAB and OZAB under‐estimated ϕ, on average, which 
would correspond to the converse for estimating spatial 
aggregation.

4  | DISCUSSION

We found estimated detection probabilities for most species in our 
datasets were high (>0.85, Table 1) and measurement errors were 
moderate (σm.e. ≈ 0.50). The measurement error estimate was con-
sistent with the finding that most observers differed by only one 
cover class (Esposito et al., 2016). These estimates corresponded 

to the examples shown in Figure 2 (panels a and b), notice that the 
measurement error portion of OZABE results in an increased proba-
bility of an incorrectly assigned adjacent cover class value due to ob-
servation error. The magnitude of σm.e. should increase if observers 
differed by more than one class. For plant species, the magnitude of 
observation errors likely depends on plot size, habitat type, species 
of interest, and other characteristics that vary across studies. The 
data explored here, for instance, were collected using quite small 
(1 × 1 m) plots that could in part explain the high detection prob-
abilities. Additionally, observers were trained in plant identification 
and using cutouts with known percent cover prior to the field season 
for calibration (Yeo et al., 2009). However, because there was some 
evidence to suggest detectability was related to cover, if abundance 
increases or decreases in a study area over time, detectability will 
also vary and cannot necessarily be ignored when estimating tem-
poral trends in plant surveys.

In simulations, high detection probabilities (corresponding to 
γ0  =  1) led to small differences among OZABE and OZAB, in fact 
our empirical datasets had a minimum estimated value of 𝛾̂0=1.8 
for bare ground at Clarno. Our simulations showed that the OZABE 
model is most beneficial when the probability of detection is low. 
However, without directly comparing the OZABE and OZAB models, 
it is impossible to know the extent to which ignoring observation 
errors could impact ecological inferences. Ignoring observation er-
rors in the analysis of ordinal plant cover data could result in biased 

F I G U R E  5  Average posterior intervals 
from simulated datasets under different 
parameter combinations for ψ = {0.25, 0.7} 
(correspond to columns) and levels of 
detection γ0 = {−1, 0, 1} (x‐axis reference). 
Point shapes represent the different 
models with X for ZAB, square for OZAB, 
triangle for ZABE, and circle for OZABE. 
All scenarios assumed 100 plots with 3 
observers to each, mean proportion cover 
μ = 0.25, dispersion ϕ = 3, relationship 
between detection and abundance 
γ1 = 3 and measurement error standard 
deviation σm.e. = 0.5. The patterns were 
similar for σm.e. = 1.0. The assumed data 
generating parameter values were similar 
to estimates from the empirical examples. 
Colours show the coverage rates for 
the true parameter values. (a) Average 
posterior intervals for mean proportion 
cover (μ); (b) average posterior intervals 
for probability of occurrence (ψ)



1758  |    Methods in Ecology and Evolu
on IRVINE et al.

point estimates and reduced coverage for interval estimates as our 
simulations showed. Even though our empirical results showed little 
impact of observation errors, we caution that imperfect detection 
and measurement errors have been widely reported in other vegeta-
tion studies (reviewed in Morrison, 2016).

Interestingly, in our simulation study, ordinal measurements pro-
duced similar estimates for mean proportion cover and occurrence 
to those of continuous measurements with or without errors. These 
results suggest that using the Daubenmire classification scheme 
does not compromise statistical accuracy or precision in comparison 
to estimating continuous percent cover when using our models. In 
our simulations, the assumed variation in percent cover among ob-
servers resulted in discrepancies among assigned cover classes as 
well and only directly modelling the observation process resulted in 
unbiased estimates of cover. Sometimes the motivation for using an 
ordinal scale to estimate cover, in addition to saving time, is that it 
may lead to less observer variation compared to estimating a contin-
uous percent cover for a plot. Our datasets cannot specifically ad-
dress this claim because ordinal values were only recorded and our 
simulations assumed that the magnitude of variation in continuous 
cover among observers resulted in the potential for an observer to 
assign an incorrect cover class. However, our modelling framework 
can be leveraged by others to determine and, importantly, quantify 
sources of observation errors in plant surveys.

Although we did not explore different sampling efforts in our 
simulation study, the general guidance provided for occupancy 
models would apply for our models (MacKenzie et al., 2018). 
Specifically, species with lower detection probabilities (p < .50) re-
quire a larger number of independent observations (K > 3). For our 
empirical datasets, two observers was sufficient because of high 
detectability, but in simulated scenarios with low detection proba-
bility (p ≈  .27) the occurrence probability posterior intervals were 
substantially wider (Figure 5b) and would likely decrease with more 
survey effort. An additional complication with ordinal data is that 
sparse representation of some cover classes can result in estima-
tion instability. For example, the number of simulated datasets that 
resulted in unreliable OZAB or OZABE posterior estimates was sub-
stantially greater when occurrence probabilities were 0.25 (Table 
S2.5). A possible remedy is to consider collapsing categories to in-
crease the number of observations in each cover class, but further 
work exploring optimal survey designs and alternative classification 
schemes would be beneficial.

Our hierarchical OZAB(E) framework can be modified to include 
correlations among species by specifying a multivariate normal 
prior with non‐zero off‐diagonal elements. In our examples, percent 
cover of all species within a plot was not constrained to equal 100% 
and not all species were recorded within a plot. Further study is 
warranted into a comparison of our joint species model formulation 
to other approaches (Damgaard, 2015; Schliep et al., 2016), par-
ticularly for datasets that record all species within a plot and have 
the constraint that percent cover equals 100%. The OZAB has ad-
ditional flexibility to explore how explanatory variables may influ-
ence the precision by using a log‐link (e.g. log(ϕ) = Xβ Cribari‐Neto 

& Zeileis, 2010), although we did not exploit this property for our 
datasets. A log‐link could be specified instead of the logit‐link on 
mean proportion cover (log(μ)) for studies interested in species–en-
vironment relationships. The interpretation of a species association 
with the environment when using a log‐link is as a multiplicative 
change in mean proportion cover. Finally, for any analysis, model 
assessments should be considered to interrogate data‐model 
agreement and can also inform the appropriate link functions to 
use (e.g. logit vs. log). Our proposed Bayesian framework allows 
for latent residual assessments as suggested for occupancy mod-
els (Wright, Irvine, & Higgs, 2019). Latent beta residuals defined as 
for beta regression (Espinheira, Ferrari, & Cribari‐Neta, 2008) could 
be beneficial for identifying model inadequacies in the abundance 
component of OZAB(E).

Our proposed framework for analysing cover class data holds 
appeal for two main interpretational benefits compared to other or-
dinal models. One is the ability to separate distribution from abun-
dance allowing for deeper ecological insight. For example, in another 
analysis we found evidence that cheatgrass was less likely to occur 
in steep north facing areas, whereas abundance was higher in flatter 
areas of John Day Fossil Beds. These statistical associations suggest 
potential ways for managers to prioritize areas in the monument for 
restoration activities to contain the current invasion or early detec-
tion efforts to prevent invasion (Rodhouse et al., 2014). The other 
benefit is by linking the cover classes to a latent beta distribution, we 
can interpret and visualize parameter point and interval estimates in 
terms of mean percent cover – the biological variable of interest. In 
the OZABE model, the observation process is linked to the under-
lying beta distributed cover values, therefore, after modelling the 
observation process, inferences are still in terms of mean percent 
cover. Even if different ordinal cover class systems were used, the 
results for the ecological abundance process (i.e. proportion cover 
parameters μ and ϕ) are still comparable across studies providing a 
unique opportunity for integration and synthesis among datasets, 
if appropriate. The flexibility of the OZABE framework to account 
for survey design features (observation errors, hierarchical sampling 
design, and multiple species) while maintaining a connection to the 
ecological process of interest provides an appealing alternative for 
plant cover class analyses.
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