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ABSTRACT

Aim The species–area relationship-based method of setting habitat-specific con-

servation targets assumes that detectability of species is perfect. However, this

assumption is often violated. This paper aimed to combine species–area rela-

tionship (SAR)-based target setting with multispecies occupancy models to bet-

ter represent communities with a large proportion of rare species, such as

marine invertebrate macrofauna, include variable species detection and quantify

uncertainty around conservation targets.

Location South African West Coast continental shelf.

Methods The macro-infaunal dataset used in these analyses consisted of 427

species from 42 sites and 220 samples. To examine the effect of variable species

detection and include uncertainty around conservation targets, we compared

asymptotic estimator-based targets with those based on multispecies site occu-

pancy models (MSOMs) in a Bayesian framework, which allowed us to account

for the observation process and quantify uncertainty more comprehensively.

Results Targets based on MSOM were generally higher than those based on

asymptotic estimators, with wider credible intervals. Between 10% and 15%

(95% credible interval) of the area should be protected to represent 80% of the

species, with the exception of one habitat with many common species that had

a conservation target of 2%.

Main conclusions Detection error-corrected targets based on MSOM are

higher than uncorrected targets based on asymptotic estimators for habitats

with lower detection and higher proportions of rare species. Our estimated

conservation targets are close to the 10% target for marine habitats set by the

Convention of Biological Diversity and in line with international studies but

should be considered minimum targets as they do not take into account species

persistence. Our results affirm the value of the modified SAR approach, which

is applicable to any marine or terrestrial ecosystem. Unlike earlier methods, our

modification naturally quantifies uncertainty in estimated conservation targets

providing a measure of target robustness for decision-makers.

Keywords

biotopes, conservation targets, multispecies site occupancy model, species–area
relationship, species richness, uncertainty.

INTRODUCTION

A rich biodiversity is fundamental to the healthy functioning

of marine ecosystems and the provision of ecosystem services

(Worm et al., 2006; Stachowicz et al., 2007; Palumbi et al.,

2009). Conserving biodiversity is therefore imperative for the

sustainability of ecosystem processes and services (Palumbi

et al., 2009). To this end, signatories of the Convention of

Biological Diversity (CBD) are committed to conserve at

least 10% of their marine and coastal areas in protected areas

by 2020. Systematic conservation planning has been adopted

as a quantitative method of identifying priority areas for
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management or protection (Margules & Pressey, 2000;

Cowling & Pressey, 2003; Clark & Lombard, 2007; Lombard

et al., 2007; Game et al., 2008; Ban et al., 2009; Sink et al.,

2012). A key step in this planning process is the setting of

conservation targets, that is the proportion of an area that

should be protected to represent most of its biodiversity.

Variable targets based on species–area relationships are

particularly utilized when comprehensive data on the biology

and ecology of particular species are not available (Rondinini

& Chiozza, 2010), which is often the case in the marine envi-

ronment. To determine these targets, surrogates for biodiver-

sity, particularly habitats or species assemblages, are required

(Pressey, 2004). Although the utility of surrogates is not con-

clusive (van Jaarsveld et al., 1998; Grantham et al., 2010;

Mellin et al., 2011), studies have shown that habitat surro-

gates are suitable for certain ecosystems, for example marine

macro-infauna biodiversity (McArthur et al., 2010). Species–
area relationship (SAR)-based targets do not incorporate per-

sistence and are data intensive, but adequately represent the

current distribution of the habitat and are relatively easy to

revise (Desmet & Cowling, 2004). Although the limitations

have been noted, recent conservation target analyses for the

marine sediment environment have utilized the SAR method

(Rondinini, 2011; Metcalfe et al., 2013).

Species richness estimation is an integral part of the SAR

method (Desmet & Cowling, 2004). Asymptotic species rich-

ness estimators, although frequently utilized, are data limited,

requiring large sample sizes to ensure efficiency (Gotelli &

Colwell, 2001; Chao et al., 2009). They are also not efficient

when datasets include many rare species (Ugland et al., 2003;

Chao et al., 2009), a common feature of marine macro-

infauna datasets (Gray et al., 2005). The bootstrap species

richness estimator based on species accumulation curves is

most commonly used in calculating SAR-based targets

because it produces the most conservative estimates (Desmet

& Cowling, 2004; Rondinini, 2011; Metcalfe et al., 2013).

However, these estimates do not account for variation in the

detectability of species (Karenyi, 2014).

Conventional species richness estimators assume that all

species are perfectly detected regardless of their abundance

(i.e. if a species is present, whether rare or common, it will

be detected). The presence or absence of a species may, how-

ever, be influenced by two processes, namely ecological and

observation processes. Occurrence refers to the true state of

presence or absence of a species and is dependent on ecolog-

ical processes, while detection refers to the ability to detect

the species given the observation methods employed

(Dorazio et al., 2006). This assumption of perfect detection

is usually violated and particularly so in marine macrofauna

datasets due to essentially blind, point sampling methods,

difficulty in sampling at greater depths and variable species

detection probabilities due to patchiness and high numbers

of rare species (Day et al., 1971; Field, 1971; Gray, 2000;

Gray et al., 2005; Karenyi, 2014). Furthermore, detectability

may vary spatially, with environmental variables such as

depth or across habitats (Karenyi, 2014), and therefore affect

conservation planning in undesirable ways. The issue of

imperfect detection of species has been raised as an impor-

tant consideration in marine population and species distribu-

tion studies (Katsanevakis et al., 2012; Monk, 2014). This

imperfect detection has had implications for conservation

planning and management actions in terrestrial systems

(Zipkin et al., 2010; Olea & Mateo-Tomas, 2011; Haynes

et al., 2013), but has not been widely applied in the marine

environment (Monk, 2014). The SAR method may therefore

be improved by the incorporation of a species richness esti-

mator that accounts for variable species detection.

The use of the most common species richness estimators

has resulted in point estimates for conservation targets for

marine habitats (Rondinini & Chiozza, 2010; Metcalfe et al.,

2013; Harris et al., 2014). However, targets are not absolute

and should be reported with a measure of uncertainty.

Quantifying uncertainty must be regarded as indispensable

during the development of targets as an adaptive process to

be improved and updated as the quality and quantity of the

data improve.

We aimed to calculate conservation targets using a

SAR-based method modified for datasets with large num-

bers of rare species, and yield a measure of uncertainty

around estimated conservation targets. We introduce a rel-

atively uncommon method of species richness estimation,

namely the multispecies site occupancy model (MSOM;

Dorazio et al., 2006) analysed in a Bayesian statistical

framework, as an alternative to more commonly employed

asymptotic species richness estimators. The adapted

methodology was applied to a macro-infauna dataset from

the unconsolidated sediment habitats of the South African

west coast.

METHODS

Study area

The South African west coast forms part of the Benguela

upwelling region (Chapman & Shannon, 1985; Bally, 1987;

Rogers & Bremner, 1991; Penney et al., 2007; Steffani, 2007).

Upwelling, during the austral summer season, results in high

primary productivity and frequent hypoxia near the sea floor

due to decomposition of organic matter (Bailey, 1991). The

region is also subject to sediment input from two major riv-

ers. This variable, highly productive area supports large algal

and faunal biomass (Crawford et al., 1987; Branch &

Griffiths, 1988).

Habitat map

The biotope map (Fig. 1, Karenyi, 2014) outlines the spatial

extent of unconsolidated sediment habitat types on the South

African west coast. The biotopes were based largely on depth,

sediment type, productivity and riverine influence (Karenyi,

2014). Six of the 11 sediment biotopes had enough data to

be included in these analyses.
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Biological survey data

Macro-infauna species presence/absence data collected

between 2007 and 2010 were collated into a single dataset

(De Beers Marine Ltd, unpublished data; Atkinson et al.,

2011; Karenyi, 2014). This dataset is the most comprehensive

for unconsolidated sediments of the South African west coast

continental shelf to date. It consists of 427 species from 42

sites (i.e. 220 samples), stretching from the border with

Namibia to just north of Cape Point, and spans the entire

width of the continental shelf from the beach to the shelf

edge (Fig. 1). Two to six replicated samples were collected

by beach excavation and grab sampling but sample area was

standardized (0.2 m2). Data for the Sandy and Muddy Shelf

Edge biotopes were combined due to low sample numbers

on the shelf edge.

Calculating conservation targets for biotopes

Outline of existing SAR-based method

Targets were calculated following the SAR-based approach

developed by Desmet & Cowling (2004) in which the SAR is

treated as a power function. This approach was deemed the

best available method for setting habitat-specific conservation

targets (Desmet & Cowling, 2004; Rondinini, 2011; Metcalfe

et al., 2013), even though limitations of this approach are

acknowledged (Lomolino, 2000; Scheiner, 2003; Dengler,

2009; Tjorve, 2009; Smith, 2010; Metcalfe et al., 2013).

For the purposes of conservation target setting, the SAR

power function (equation 1) was rewritten in terms of propor-

tions (equation 2, A0 and S0) as absolute values were not neces-
sary, eliminating the need to estimate the constant c (Desmet

& Cowling, 2004). This equation can then be reordered to rep-

resent the proportion of area required to represent a given

proportion of species (equation 3). In the log–log space, the

curve of the power model is a straight line with slope z; there-

fore, we can calculate the rate of accumulation of species (z)

without generating the actual species–area curve (Desmet &

Cowling, 2004). The z-value could therefore be calculated as

one with the slope of a straight line (equation 4).

S ¼ cAz (1)

[S = number of species, A = area, z = rate of accumulation

of species, c = constant]

S0 ¼ A0z (2)

logA0 ¼ log S0=z (3)

z ¼ ðy2 � y1Þ=ðx2 � x1Þ (4)

where y2 = log(total number of species in a habitat type),

y1 = log(average number of species per survey sample),

Figure 1 Biotope map for the South

African west coast showing the 42

sampled sites. Sites are indicated by

white circles. White blocks indicate hard

ground, islands and lagoons.
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x2 = log(total area of habitat in km2) and x1 = log(average

area of survey samples in km2). The total area for each habi-

tat (x2), was calculated from the biotope map in Quantum

GIS (QGIS Development Team, 2013). The average observed

number of species (y1) per sample and sampled area (x1)

were derived from the data following recent studies

(Rondinini, 2011; Metcalfe et al., 2013). To calculate the

z-value, it is therefore only necessary to estimate the total

number of species (y2). From the z-value, we then calculated

the conservation target representing 80% of the species in

accordance with previous marine studies (Rondinini, 2011;

Metcalfe et al., 2013).

If most species are widespread, y1 and y2 are similar

(equation 4), so z will be small and we only need to protect

a small area to protect 80% of the species. If most species

are localized, y1 is much smaller than y2 so z will be large

and we need to protect more area to represent 80% of spe-

cies. We are therefore concerned about biases in y2. In par-

ticular, as common and widespread species are more likely

to be sampled, the difference y2 � y1, and consequently the

conservation target, is probably often underestimated – we

tend to miss rare more localized species even if they actually

occur at our sampling sites. We examine a way of correcting

this source of bias. We next consider a number of methods

for estimating y2.

Species richness estimation

Although there is general agreement that the bootstrap esti-

mator is the preferred estimator for calculating conservation

targets (Desmet & Cowling, 2004; Rondinini, 2011), its esti-

mates increase with increasing sample size even at very large

sample sizes (Metcalfe et al., 2013). Therefore, estimates

based on this method are not stable. The bootstrap estimator

was, however, used in recent studies quantifying conservation

targets for marine unconsolidated sediment habitats in Eur-

ope (Rondinini, 2011; Metcalfe et al., 2013). We therefore

include the bootstrap and two other popular estimators (i.e.

jackknife 2 and Chao 2) based on incidence data, using the

specpool function in the VEGAN package (Oksanen et al.,

2013) of program R Version 3.0.1 (R Core Team, 2013). If

standard errors of bootstrap or Chao estimates were < 5%,

they were considered stable as defined in Desmet & Cowling

(2004). We calculated 95% log-linear confidence intervals for

Chao estimates (Chao, 1987) and 95% confidence intervals

for Bootstrap estimates as estimate � 1.96 9 standard error.

The Chao, bootstrap and jackknife estimators were compared

to a more recent method based on occupancy models.

Multispecies site occupancy models estimate species rich-

ness accounting for variable species detectability at each site

(Dorazio et al., 2006). The MSOM uses replicate samples to

estimate detectability and occurrence of individual species

across a number of sites in order to estimate true species

richness at each site and for the entire habitat (Dorazio

et al., 2006). The samples must be replicated within a

sufficiently short time period so that colonizations and

extinctions in the sampled community are negligible (known

as the closure assumption, Dorazio et al., 2006). Our data

lent themselves well to this type of analysis because we had

replicate samples taken immediately after each other for all

sites. However, the closure assumption in our case implies

that the replicates sampled the same community. The beach

samples were taken within an area of 50 m2 and the benthic

samples were taken from the same ship position. The closure

assumption is therefore likely valid.

The MSOM is a hierarchical model and may be written as

the following conditional probabilities (K�ery & Royle, 2016):

1. Supercommunity process: wi~Bernoulli(Ω)

2. State process (occurrence): zij|wi~Bernoulli(wiΨi)

3. Observation process

(detection):

xij|zij~Binomial(Kij, zijhi)

4. Models of species

heterogeneity:

logit(Ψi)~Normal(llpsi, r2
lpsi)

logit(hi)~Normal(lltheta, r2
ltheta)

Our hierarchical model consists of four levels. xij is the

number of times we observed species i at site j in K visits

(level 3). We assume that the metacommunity, N, includes

species we did not observe, so we augmented the dataset

with unobserved species to create a supercommunity of

known size M species. To determine how many of these M

species are actually present in our metacommunity, we intro-

duced a latent Bernoulli random variable, w, which indicates

the species of the supercommunity M that are members of

our metacommunity N with a probability of Ω (Dorazio

et al., 2006). For the state process, we introduced a second

latent structure, namely the true presence/absence matrix z.

The occurrence of a species (z) is conditional on w; if the

species is a member of our metacommunity (i.e. w = 1),

then species i is either present at site j, zij = 1, with a proba-

bility of occurrence, Ψi, or absent from site j, zij = 0. Our

ability to observe a species is conditional on the presence or

absence of that species in our metacommunity. If we observe

the species xij = 1, we know that zij = 1. However, if we do

not observe the species, it may be either absent from the

community or present but not observed (Dorazio et al.,

2006; K�ery & Royle, 2016). hi is the probability of detection

of species i across all the sites. In addition, we model hetero-

geneity among species in occurrence and detection probabili-

ties (i.e. logit(Ψi) and logit(hi), respectively), assuming that

the species-specific occurrence and detection probabilities

follow a normal distribution around the overall means (llpsi
and lltheta) with variances r2

lpsi and r2
ltheta.

The MSOM was applied to the data from the six biotopes

independently, each including four or more sites and more

than 10 samples in total per site. We implemented the model

in a Bayesian framework using data augmentation to esti-

mate the number of species that were likely present but

never observed (Royle & Dorazio, 2012). Each habitat dataset

was augmented with 500–2000 all-zero survey histories

depending on observed number of species. We fitted the

model using Markov chain Monte Carlo methods (MCMC,
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three chains, 100,000 iterations, 50,000 burn-in and keeping

every 20th sample) in WinBUGS (Lunn et al., 2000) called

from R via the ‘bugs’ function in the R2WINBUGS package

(Sturtz et al., 2005). We used uninformative uniform priors

and allowed species-specific detection and occupancy proba-

bilities to vary using random effects. We checked conver-

gence using the Rubin–Gelman diagnostic (Brooks &

Gelman, 1998) and by inspecting the trace plots. We also

ensured that augmentation was sufficient by checking that

the histograms of posterior distributions for the habitat-spe-

cific species richness estimates showed no signs of truncation

and that the total number of augmented species exceeded the

97.5th percentile of that posterior distribution. For an exam-

ple of the code and a more detailed explanation of the

MSOM, see Appendices S1 and S2 in Supporting Informa-

tion, respectively. We kept 7500 samples of the posterior dis-

tribution for species richness, using the median as expected

value and the 2.5th and 97.5th percentiles as lower and

upper limit of the 95% credible interval. The posterior distri-

butions turned out to be slightly skew and we chose the

median (as opposed to the mean) because it was a more

conservative estimate of expected species richness.

Conservation target calculation

We applied equation 4 to the Chao 2, bootstrap and jack-

knife 2 species richness estimates and confidence interval

limits for the six biotopes. The targets based on these estima-

tors therefore include a measure of uncertainty, while the

jackknife 2 estimates produced single estimates. We also

applied equation 4 to all MCMC samples from the posterior

distribution for species richness (y2) of each biotope. The

resulting 7500 z-values produced and targets obtained in this

manner represent the effect of uncertainty in the species

richness estimate on the conservation target estimate. We

report the median and 95% credible interval for each as the

point estimate and a measure of the uncertainty around each

target.

RESULTS

The bootstrap estimator consistently produced the lowest

species richness estimates (Table 1). Chao 2 and jackknife 2

estimators produced estimates similar to those of the MSOM

for the Sandy Coast, Muddy River-influenced Middle Shelf

and Muddy Organically Enriched Middle Shelf. The boot-

strap estimates were considered stable (i.e. SE < 5% of esti-

mate) for the Muddy River-influenced, Muddy Organically

Enriched and Sandy Middle Shelves as well as the Sandy

Outer Shelf, whereas none of the Chao estimates stabilized.

However, MSOM estimates for the Sandy Middle Shelf,

Sandy Outer Shelf and the Shelf Edge were higher than those

of the remaining estimators. The proportion of unique spe-

cies (i.e. those found in only a single sample) based on

observed incidence data was lowest in the Sandy Coast

(21.1%) and Muddy River-influenced Middle Shelf (28.1%), T
a
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with the remaining biotopes having between 35.1% and

46.7% unique species.

The rate of accumulation of species (z) is similar based on

all estimators including MSOM for the Sandy Coast, Muddy

River-influenced Middle Shelf and Muddy Organically

Enriched Middle Shelf biotopes (Table 2). In terms of the

Sandy Middle Shelf, the MSOM-based z-value is much

higher than for the other estimators. The median MSOM-

based z-values for the Sandy Middle and Outer Shelves as

well as the Shelf Edge were higher than the upper confidence

interval limit of z-values based on the remaining estimators.

The median targets based on MSOM ranged between 7.7%

and 12.3%, with the exception of the Muddy River-influ-

enced Middle Shelf that had a median conservation target of

0.9% (Fig. 2). Conservation targets were similar for the

Sandy Coast and Muddy River-influenced Middle Shelf. Tar-

gets increased from the Sandy Middle Shelf to the Shelf Edge

(Fig. 2); however, the discrepancies between targets based on

MSOM and those on asymptotic estimates were greatest

across these biotopes. Targets based on bootstrap estimates

were consistently smaller (i.e. 0.8–6.7%) than for the remain-

ing estimators. Asymptotic estimator targets had compara-

tively narrow confidence intervals compared to MSOM

targets. According to the asymptotic richness estimators, tar-

gets for the Muddy Organically Enriched Middle Shelf were

substantially higher than for the Sandy Middle Shelf, but the

targets based on MSOM were equivalent. The 95% credible

interval was narrowest for the Sandy Outer Shelf and widest

for the Sandy Coast. The upper limit of the 95% credible

interval was approximately 10% for the middle and outer

shelf habitats but higher for the Sandy Coast (12.6%) and

the Shelf Edge (14.8%).

The distribution of species-specific detection probabilities

(Fig. 3) was widest for the Sandy Coast with a median of 0.5

but narrowed and decreased across the shelf to the deepest

biotope, the Shelf Edge (median of 0.2). The median detec-

tion probabilities of the three middle shelf biotopes were

similar; however, the distribution narrowed from the Muddy

River-influenced to Muddy Organically Enriched to Sandy

Middle Shelves. The distributions of the probability of occur-

rence (Fig. 3) were centred on 0.2–0.3 for most of the

biotopes with the exception of the Muddy River-influenced

Middle Shelf that had very high probabilities of occurrence,

mainly between 0.6 and 0.8. The Sandy Shore also had great

variability in species occurrence probabilities but ranged

mainly between 0.2 and 0.4.

DISCUSSION

The interpretation of conservation targets calculated using

the SAR-based method has thus far required an understand-

ing of community responses to their environment (Desmet

& Cowling, 2004) and numerical factors affecting the SAR-

based method (Metcalfe et al., 2013). Imperfect detection of

species and its impact on true species occurrence have not

yet been considered in either terrestrial or marine habitat

conservation target calculations although both sectors

acknowledge that it may greatly influence conservation prior-

ities (Zipkin et al., 2010; Olea & Mateo-Tomas, 2011; Haynes

et al., 2013; Monk, 2014). Variation in detection influences

species richness estimation (Dorazio et al., 2006), an integral

part of the SAR-based method. Therefore, it becomes impor-

tant to include the interplay between detection and occur-

rence of species when interpreting conservation targets. In

this study, we produced targets that accounted for variable

species detection, and provided a measure of uncertainty not

typically specified in earlier studies.

The detection error-corrected targets (based on multi-

species site occupancy models, MSOMs) for the west coast of

South Africa were 7–12% to protect 80% of the species, with

a single exception having a 1% target. These targets are con-

centrated around the lower limit of the range of interna-

tional quantitative conservation targets (10–32%) calculated

for unconsolidated sediment habitats (Heppel et al., 2008;

Rondinini, 2011; Metcalfe et al., 2013; Harris et al., 2014).

The uncorrected targets calculated using asymptotic species

richness estimators (bootstrap, Chao and jackknife) were

mostly lower than the corrected targets and international

quantitative targets. For biotopes with high detection proba-

bilities and/or high occurrence probabilities, namely the

Sandy Coast and Muddy River-influenced Middle Shelf, the

detection error-corrected and uncorrected targets were

Table 2 Comparison of species accumulation rates (z) for unconsolidated habitats on the South African west coast based on

calculations utilizing the most popular estimators and the multispecies site occupancy model (MSOM).

Habitat

Chao 2

z (95% confidence interval)

Jackknife 2

z

Bootstrap

z (95% confidence interval)

MSOM

Median z (95% credible interval)

Southern Benguela Sandy Coast 0.087 (0.082–0.100) 0.090 0.083 (0.077–0.087) 0.087 (0.077–0.108)

Muddy River-influenced

Middle Shelf

0.048 (0.044–0.055) 0.052 0.046 (0.042–0.049) 0.047 (0.043–0.056)

Muddy Organically Enriched

Middle Shelf

0.085 (0.082–0.089) 0.087 0.074 (0.070–0.078) 0.087 (0.077–0.098)

Sandy Middle Shelf 0.076 (0.074–0.078) 0.080 0.070 (0.066–0.073) 0.087 (0.079–0.096)

Sandy Outer Shelf 0.085 (0.083–0.086) 0.088 0.077 (0.074–0.080) 0.090 (0.085–0.096)

Sandy and Muddy Shelf Edge 0.096 (0.094–0.097) 0.098 0.083 (0.079–0.087) 0.107 (0.097–0.117)
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similar because species were generally easy to detect and/or

common across the biotope. But where detection became

more difficult and a larger proportion of species was rare

(e.g. the Shelf Edge), the asymptotic estimators underesti-

mated species richness in accordance with a previous

comparison (Mc New & Handel, 2015). Therefore, detection

error-corrected targets can be considered more reliable than

uncorrected ones.

The use of the SAR method produces two types of uncer-

tainly: (1) uncertainty about how well the target ensures per-

sistence of biodiversity due to limitations of the method

(Desmet & Cowling, 2004) and (2) statistical uncertainty

around the value of the conservation target. Although we

acknowledge the first type of uncertainty, it does not fall

within the scope of this research. Instead, we recommend

that all targets produced by the SAR method be considered

minima (Desmet & Cowling, 2004; Metcalfe et al., 2013).

The methods we employed do, however, allow us to quantify

statistical uncertainty around the target value, providing

information on the precision of the calculated target. Uncor-

rected targets have high precision mainly due to the method

of calculation. The asymptotic estimators are designed to

determine a point estimate (Gotelli & Colwell, 2001), so the

standard error is calculated over only extrapolated values

(Colwell et al., 2012), underestimating uncertainty around

the target. As we fitted the MSOM using MCMC methods,

we made use of the full posterior distribution to calculate

uncertainty bands (i.e. 95% credible intervals). The credible

intervals of detection error-corrected targets were much lar-

ger than the confidence intervals of uncorrected targets, pro-

viding a more probable range of uncertainty given the size of

the dataset. The use of asymptotic estimators therefore likely
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gives a false sense of certainty to the targets communicated

to decision-makers.

The Sandy Coast and Shelf Edge targets had the largest cred-

ible interval indicating that further sampling was required to

improve the precision of the conservation targets. The Sandy

Outer Shelf, known as a very homogeneous habitat (Karenyi,

2014), had the smallest credible interval range, implying that

the target was more precise. The quantification of uncertainty

around these targets provides decision-makers with important

information on the robustness of the target. Large credible

intervals indicate that targets may change quite substantially

with the inclusion of further data, whereas narrow credible

intervals are less likely to change as data are improved.

Based on the precautionary principle, we suggest using the

upper limit of the credible interval (i.e. 10–15%) of the esti-

mated conservation targets to ensure representation of exist-

ing biodiversity. These upper limit targets were within the

range of those for the English Channel (10–26%; Metcalfe

et al., 2013), whereas the upper confidence limits of the

uncorrected targets were much lower than the international

range. Therefore, the modified SAR-based method produced

plausible conservation targets comparable to those of uncon-

solidated sediments of relatively well-sampled areas using

popular species richness estimators. Although these targets

are at the lower end of the international range, they are scien-

tifically defensible targets based on the best available data and

can be updated as more data become available. However, to

determine the accuracy of targets derived by this method, it

would have to be tested on a more comprehensive dataset.

Conservation targets appear to follow the depth–diversity
patterns across the shelf (Fig. 2, Karenyi, 2014). In our study,

detection error-corrected targets were similar for the Sandy

Coast and middle shelf habitats, but increased in the Sandy

Outer Shelf and Shelf Edge (Fig. 2) reflecting the depth–di-
versity pattern determined in Karenyi (2014). Lower detec-

tion probabilities in these deeper habitats imply that many

of the species that are present will not be detected; thus, we

would have underestimated the total number of species had

we used the conventional estimators. The MSOM compen-

sates for the lower detection rate, elevating the species rich-

ness accordingly to give a larger, more realistic estimate

(Dorazio et al., 2006) and thus a larger conservation target.

The uncorrected targets were much lower particularly for the

Sandy Middle and Outer Shelves differing from the depth–
diversity pattern (Karenyi, 2014). We would therefore have

missed the congruence between the depth–diversity patterns

and the conservation target–depth pattern had we utilized

the asymptotic richness estimators. In the English Channel

and north-east Atlantic, utilizing much larger datasets, tar-

gets also reflected the depth–diversity relationship (Foster

et al., 2013; Metcalfe et al., 2013). In all cases, these patterns

in targets were not related to total area sampled or total area

of each habitat. However, as detection and occurrence were

not considered in previous studies setting conservation tar-

gets, derived targets may have been underestimated for habi-

tats with low species-specific detection probabilities.

Conservation targets calculated for Sandy Coasts (12.6%)

in this study were much lower than those calculated for all

South African sandy beaches (27%; Harris et al., 2014). The

discrepancy is most likely attributed to the fact that only one

of four levels of the beach was sampled in the current study;

therefore, the species richness estimate does not apply to the

whole beach as in the case of Harris et al. (2014).

Species turnover between sites impacts the calculation of

SAR-based conservation targets (Desmet & Cowling, 2004).

If species turnover is low within a habitat, then most species

are widely distributed and we are required to protect less

area. Conversely, if species turnover is high, then most spe-

cies are uncommon or localized and we require larger areas

for protection. Factors affecting species turnover thus have

an impact on conservation targets, for example sediment

type, habitat heterogeneity or patchiness (Foster et al., 2013;

Metcalfe et al., 2013). The Muddy River-influenced Middle

Shelf biotope in our study had the lowest target (2%) due to

exceptionally low turnover between sites indicated by high

occurrence probabilities although detection probabilities were

similar to that of other biotopes. The small set of hardy

organisms inhabiting this particular biotope are subject to

burial as a result of sediment deposition from the Orange

River and frequent low oxygen events (Rogers & Rau, 2006;

Karenyi, 2014; Jarre et al., 2015). Thus, the physical environ-

ment is a limiting factor for the diversity of this biotope

resulting in a much smaller target for the Muddy River-

influenced Middle Shelf compared to the other middle shelf

biotopes. The low target for, and dynamic physical environ-

ment of, the Muddy River-influenced Middle Shelf provides

some evidence of the resilience of this habitat. However, this

minimum target does not ensure protection of the important

physical processes responsible in part for the deposition of

terrigenous sediment onto the continental shelf (Rogers &

Bremner, 1991; Rogers & Rau, 2006).

Detectability of macro-infaunal species influences species

richness estimates and is most likely variable due to actual

differences in the abundance of species and differences

caused by sampling gear efficiency. In areas of high observed

species richness, abundances of individual species are variable

influencing detectability (Karenyi, 2014). Sampling gear effi-

ciency may be affected by the depth of the water column

through which the gear must travel (Karenyi, 2014) or the

sediment type (Christie, 1975). The MSOM estimates both

detectability as a result of the observation process and the

occurrence of species simultaneously, thus improving estima-

tion of species richness (Dorazio et al., 2006). The west coast

macro-infauna dataset has a large proportion of rare species

with approximately 40% of species found in single samples

(Karenyi, 2014), conditions under which the MSOM per-

forms well (Dorazio et al., 2006). Where few, common spe-

cies were observed, for example the Sandy Coast and Muddy

Organically Enriched Middle Shelf habitats, detection proba-

bilities and occurrence probabilities were high, respectively.

Thus, asymptotic estimators (Chao 2 and jackknife 2) and

MSOM produced estimates similar to the observed species
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richness. However, in the deeper sandy habitats, where

observed species richness was higher and detectability of spe-

cies became more variable, the MSOM estimated species

richness to be greater than that of the asymptotic estimators.

As asymptotic estimators are based on species accumulation

rates in the observed data, these results mirror the findings

that (1) species richness increases with depth and (2)

detectability is most variable in species-rich sites or habitats

at greater depths (Karenyi, 2014).

Conservation targets, whether fixed or SAR based, should

be considered minimum targets as they only focus on the

representation of species (Rodrigues et al., 2004), not species

persistence or resilience to future scenarios, for example cli-

mate change (Pressey et al., 2003; Rondinini & Chiozza,

2010). A number of studies have used heuristic principles to

adjust the minimum conservation target based on threat sta-

tus of species or habitats (Pressey et al., 2003; Harris et al.,

2014), provision of ecosystem services (Rondinini & Chiozza,

2010; Harris et al., 2014), ecological and evolutionary pro-

cesses (Klein et al., 2009). Marine unconsolidated sediments

make up the largest single benthic ecosystem on earth with

sedimentary organisms playing a major role in ecosystem ser-

vices such as nutrient cycling, trophic transfer, pollutant

metabolism, sediment transport or stability, and food pro-

duction (Snelgrove, 1997). Processes required for the persis-

tence of these sediment habitats and their species should be

included in conservation plans. Future work should consider

new ways of incorporating persistence.

In conclusion, the process of setting conservation targets

for continental shelf sediments in South Africa revealed that

SAR-based conservation targets are influenced by the

detectability of species, particularly for habitats containing

many rare or uncommon species. The inclusion of the

MSOM estimator which separates ecological from observa-

tion processes likely produces better estimates of species rich-

ness than the more popular asymptotic estimators, but

requires repeated detection/non-detection data for each site.

We therefore recommend that SAR-based flexible conserva-

tion targets should be calculated where possible, using the

best available data and including a measure of uncertainty.

The resulting targets are more scientifically defendable while

providing important information to decision-makers and

spatial planners on the uncertainty around these targets,

highlighting the fact that these values may change as more

data become available. Quantitative targets should not be

applied blindly. Instead, underlying influences on targets

should be elucidated to ensure the correct interpretation of

targets for inclusion in conservation plans.
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SUPPORTING INFORMATION

Additional Supporting Information may be found in the

online version of this article:

Appendix S1 General description of the Multispecies Site

Occupancy Model (MSOM) for estimating species richness

of a habitat.

Appendix S2 An example of the Multispecies Site Occupancy

Model code for the Sandy Coast Biotope referred to as

‘beach’ in the code.

Appendix S3 Collated data for the Sandy Coast Biotope

referred to as Beach.csv in Appendix S2.

Table S1 Comparison of conservation targets based on Chao

2, Jackknife 2, Bootstrap and MSOM estimators compliment-

ing Fig. 2 in the manuscript.
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