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Abstract There is a critical need for monitoring programmes to assess change or trends

in species status to inform conservation. A key aspect in developing such programmes is

evaluating their statistical power—the ability to detect a real change. Here we examine the

capacity of a broad-scale biodiversity monitoring programme in Alberta, Canada to

measure changes in species prevalence. Using observed variation in detectability and

prevalence for 252 species monitored at 85 sites, we simulated 3% annual declines and

evaluated sample size (6 different sizes) and length of monitoring (5 different durations)

necessary to detect change with a 90% certainty (power) at an a of 0.1. Our results suggest

that after four monitoring cycles (e.g., 20 years for a 5-year cycle) a power of 90% can be

expected for 99% of species when monitoring 1,625 sites, 65% of species for 300 sites,

27% of species for 75 sites, and 8% of species for 25 sites. We found that 66% detectability

and 50% prevalence were needed to ensure that 3% annual change is detected at 50 sites

over a 20-year period. Our results demonstrate that broad-scale monitoring programmes

cannot effectively detect trends in all species at all spatial scales. The time period and

spatial scale necessary to detect a real change at a specified level needs to be provided to

stakeholders to ensure the short-term success of biodiversity monitoring programmes and

to ensure that the most robust indicators of biodiversity are selected.
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Introduction

Many countries are striving to reduce the rate of biodiversity loss by 2010 (Secretariat of

the Convention on Biological Diversity 2005). To achieve this target, signatories require

monitoring programmes capable of measuring trends in biodiversity. However, biodiver-

sity cannot be measured in its entirety, forcing the use of surrogates. Biodiversity

monitoring sometimes relies on coarse filter surrogates, such as habitat quantity or quality,

measured via remote sensing or field mapping (Duro et al. 2007; Lengyel et al. 2008a).

However, habitats may persist even though key elements of biodiversity are lost (Huggard

et al. 2006) making habitat an inappropriate measure of status for some species. For

instance, in Africa numerous mammals were displaced through hunting activities not

correlated with human density and land use, while exotic species contributed to losses of

mammals in Australia (Ceballos and Ehrlich 2002). To ensure coarse filter surrogates of

biodiversity do not overlook important on-the-ground changes it is necessary to monitor

biota.

Approaches to monitoring biota can be categorized as either targeted or surveillance

monitoring (Nichols and Williams 2006). Targeted monitoring tends to be hypothesis-

driven, stressor-specific, and restricted to a few well-studied, charismatic, or rare species.

Surveillance monitoring is taxonomically-broad, species-rich, and most frequently

hypothesis-free (Yoccoz et al. 2001; Nichols and Williams 2006). Although targeted

monitoring appears to be an attractive short-cut for indexing biodiversity condition,

indicator species are rarely reliable surrogates for larger groups of species or other taxa

(e.g., Prendergast et al. 1993; Simberloff 1998; Lindenmayer et al. 2002; Favreau et al.

2006). Accurate measures of biodiversity necessitate that more than a few indicator species

be considered. Designing a monitoring programme to measure and detect trends for

multiple species and taxa is, however, challenging. Benefits gained by monitoring large

numbers of species need to be weighed against the loss of precision and accuracy asso-

ciated with rapid-assessment survey protocols.

Prospective power analyses has become standard practise when determining how to

allocate monitoring effort, but most published reports describe how to optimize effort

for single species (Taylor and Gerrodette 1993) or a single taxon (Roy et al. 2007; Van

Strien et al. 1997; Archaux and Bergès 2008; Manley et al. 2004, 2005). The design

attributes that affect statistical power for a single species or taxon are the same for

taxonomically-broad monitoring programs, including: number of sites monitored,

duration of monitoring, process and sample variability, statistical method, choice of a
and b levels, and effect size (Fox 2001; Field et al. 2004; Legg and Nagy 2006). The

difference lies in the constraints faced by taxonomically-broad programmes. Monitoring

effort cannot be optimized for all species simultaneously. When multi-stakeholder

monitoring is designed to be large-scale and long-term, the often-prescribed solution of

monitoring a few sites intensively and many sites superficially is not desirable (e.g.,

reduced-effort schemes, Roy et al. 2007). It is better to focus on minimizing and

understanding sampling error and employing design attributes that allow the programme

to make robust inferences to the population of sites, such as a random or systematic

sampling design.

At present, few programmes have been implemented over long enough periods or at

large enough scales to gauge their capability to identify biodiversity loss. We report here

on the prospective capacity of a large-scale taxonomically-broad monitoring programme to

identify trends in the prevalence of species (proportion of monitoring sites a species was

detected) using a combination of real-world field data from Alberta, Canada and numerical
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simulations. Species prevalence was chosen as our measure of abundance because it is

simple to communicate and measure, although it may have lower statistical power than

other metrics such as relative abundance or density (Purvis and Hector 2000). Our

objectives were to: (1) determine the number of monitoring sites and duration of moni-

toring necessary to detect a 3% annual change in species prevalence; (2) evaluate the

degree to which detectability and prevalence influence statistical power; (3) develop a

simple predictive model to estimate how statistical power was affected by species prev-

alence, detectability, number of monitoring sites, number of repeated visits, and an a of

0.1; and (4) determine whether certain taxonomic groups are more effective at detecting

trends than others.

Methods

Study area and monitoring design

We simulated statistical power for a large-scale, long-term biodiversity monitoring ini-

tiative recently initiated in Alberta, Canada by the Alberta Biodiversity Monitoring

Institute (ABMI; Stadt et al. 2006). ABMI’s monitoring design consists of 1,656 sites

evenly spaced across Alberta using a 20-km grid. Site locations are permanent with exact

GPS coordinates recorded, so they can be surveyed repeatedly over time. Sites have been

randomly divided into five panels with each panel to be surveyed once every 5 years.

During 2003–2005, prototype data for ABMI were collected at 85 of the 1,656 permanent

monitoring sites, primarily in central Alberta’s boreal forest (Fig. 1). Ten of the 85 sites

were re-surveyed each year for 3 years to allow assessments of the reliability of monitoring

protocols, including species detectability.

Survey methods

At each of the 85 monitoring sites, the presence–absence (detected/non-detected) and

relative abundance of songbirds, vascular plants, and bryophytes were recorded (ABMI

2007). Songbirds were surveyed using single-visit point counts to each monitoring site

during the breeding season (June). An omni-directional microphone was used to digitally

record singing birds for 10 min at each of nine stations. The stations were spaced 300 m

apart in a 3 9 3 grid. All audio recordings were interpreted by a single expert in a

standardized laboratory setting. Vascular plants and bryophytes were surveyed within a 1-

ha square plot that was centred on a permanent ABMI site marker. The 1-ha plot was

flagged into four 0.25-ha sub-plots, and vascular plants were surveyed during July for each

sub-plot using area-restricted, 20-min searches. Species not identified in the field were

collected for expert identification in the laboratory. During the same visit in July, pres-

ence–absence of bryophytes was determined using time-limited searches of microhabitats.

Technicians searched the 1-ha plot and created a list of all pre-defined microhabitats found

(types of lowland and upland substrates, trees and stumps, downed woody material, and

rocks). A technician then searched microhabitats for bryophytes over a two hour period.

Samples of each moss and liverwort that appeared distinctive were collected for identifi-

cation by expert bryologists in the laboratory. The cumulative list of species observed over

all sub-samples (bird points, sub-plots, or microsites) was used as our measure of pres-

ence–absence for the monitoring site.
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Simulations and analysis of trends

We simulated 3% annual declines in the prevalence of each species for those with an initial

prevalence where detected of 0.1 or greater. Although 3% is arbitrary, a 3% annual decline

for 10 years would result in a 27% overall decline, which was viewed as a meaningful

change by managers in Alberta. The prevalence of each species at the 85 sites we sampled

in ABMI was used to populate our simulation at year t. In our simulation, species prev-

alence was tracked each year at each site. We then ‘‘sampled’’ from this known population

as per the systematic sampling design used by the ABMI. Declines in prevalence were

Fig. 1 Location of sites from the Alberta Biodiversity Monitoring Institute (ABMI) used to evaluate
programme monitoring power. The ABMI network is a 20 km 9 20 km systematic grid of permanent
monitoring sites. Location of Alberta in Canada shown in the lower left of the figure
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modelled as a deterministic reduction in the number of sites where a species occurred by

reducing the number of occupied sites by 3% each year. Sampling variation at sites where

species were present was introduced to the simulations by detection probabilities (i.e.

probability that a species is detected given that it is present). Detectability was estimated

from the mean occurrence of a species at each of the ten sites that were re-surveyed for

each of the three years. Species detectability for each site ranged from 0.33 (recorded only

once during the three years) to 1 (recorded all three years). A uniform random number was

generated at each step in the simulation to determine whether a species was detected at a

site given that it was present. If the random number was less than the species detectability

value, the simulation treated that site as an absence (zero) in subsequent analysis (i.e. false

negative). As ABMI sites were permanent and protocols constant, the detectability value

we used in simulations represents a combination of observer/method-associated variability.

It also includes natural inter-annual variation that could have included short-term seasonal

changes or year-to-year variation in occurrence or detection probability at a site.

A total of 500 simulations at 3% annual declines in species prevalence were generated

for each of 252 species and 30 scenarios representing six sample sizes (25, 50, 75, 100,

300, and 1,625 sites; Table 1) and five time-horizons for monitoring (10, 20, 30, 40, and

50 years). All sample sizes and monitoring periods were divisible by 5, as Alberta pro-

tocols call for grouping sites into five panels that are each re-monitored in a single year

(Table 1). Given the number of species and scenarios examined, 7,560 unique estimates of

statistical power were determined based on 3,780,000 data points (500 replicates per

scenario).

For each species and scenario combination we assessed the power of detecting a trend in

the species prevalence when simulated using population-averaged panel-data via Gen-

eralized Estimating Equation (GEE) in STATA 9 (StataCorp 2005). GEEs allow for direct

identification of data correlations associated with longitudinal measurements and obser-

vations that are clustered around a common group or panel (Liang and Zeger 1986). Each

simulated monitoring site was randomly grouped into one of five panels and each panel

‘surveyed’ during a different year. This mimicked the ABMI monitoring design consisting

of five rotating panels where surveys were completed once every 5 years. Year of simu-

lation was set to identify a longitudinal data series. A binomial family and logit link GEE

with an autoregressive order 1 within-group correlation structure for panels was used to

account for temporal autocorrelation of grouped monitoring sites and the variable year
tested for a trend. To efficiently estimate models and manage the results of simulations, we

used the STATSBY command in STATA where GEE models were repeated for each of the

Table 1 Number of monitoring sites and panel sizes (number of monitoring sites within a panel) con-
sidered in assessments of statistical power for detecting 3% annual changes in species prevalence

Number of monitoring sites Panel size Area (km2)a Regional scale represented

25 5 10,000 Forest management agreement

50 10 20,000

75 15 30,000 Natural sub-region

100 20 40,000

300 60 120,000 Natural region

1,625 325 650,000 Province of Alberta

a Scales represented in Alberta based on a 20-km by 20-km systematic grid are provided

Biodivers Conserv (2009) 18:2961–2978 2965

123



500 simulations per scenario and species combination and the statistics from each model

collected (saved). We recorded the number of times a trend parameter for year exceeded

the critical F-value assuming an a of 0.1. Because the consequences of either declaring a

spurious change significant (type I error) or overlooking a significant change (type II error)

can be equally undesirable (Fairweather 1991; Mapstone 1995; but see Field et al. 2004),

we balanced a (type I error) and b (type II error) by setting b at 0.1. Therefore, when 90%

of simulations in a species-monitoring scenario (number of monitoring sites and length of

monitoring) exceeded the critical a of 0.1, we recorded the scenario as correctly detecting a

trend.

Influence of number of monitoring sites and length of monitoring on statistical power

Power of detecting change for monitoring scenarios were plotted as taxa-specific means

(±1 SD) based on sample size and length of monitoring. We also recorded the percent of

species within a taxonomic group that correctly identified a trend (b = 0.1, a = 0.1). To

guide evaluation of monitoring effectiveness, we report the sample size and monitoring

period necessary to correctly identify a trend for 50, 75, and 100% of monitored species.

Influence of prevalence and detectability on statistical power

Statistical power was compared among taxonomic groups (songbirds, vascular plants, and

bryophytes) using a Kruskal–Wallis rank sum test for the sample size and monitoring

period of 50 sites and 20 years (scales chosen at what appeared to be the most pronounced

differences among taxa). Power was estimated for each scenario and species combination

as the proportion of the 500 simulations exceeding the critical F-value at an a of 0.1. Using

species prevalence, detectability, panel sample size (number of sites monitored each year

or 20% of the total sample size), and number of monitoring cycles (years/5), we estimated

a generalized linear model with a logit link and robust variance estimators (StataCorp

2005) to predict the statistical power of the monitoring programme. Variables were

standardized to a mean of zero and standard deviation of one and the model re-parame-

terized to estimate standardized coefficients (b Z-StanVar) to evaluate the relative

importance of individual predictors. Percent change in odds ratio for a standard deviation

increase in covariate X (%StdX) was also used to evaluate variable contribution. Prior to

model estimation, data from simulations were partitioned into a model training and model

testing data set using a 75–25% allocation respectively. Training and testing sets were

systematically selected based on the ranked order relative to species prevalence and

detectability. Every fourth species (in ranked order) was removed from the training dataset

and retained for later evaluation. Predictive accuracy of model estimates were determined

by regressing observed power against predicted power for the testing (removed) dataset

and the regression fit tested for a slope of 1 and intercept of 0 using an F-test (Haefner

2005).

To explore how statistical power would increase in the short-term if we accepted a

greater probability of error by including rare, cryptic species, we re-ran simulations for two

scenarios. The first represented power for common, easily-detected species, while the

second represented power for rare, difficult to detect species. Each scenario was simulated

for a 10-year period, an a and b of 0.2, and for the same six sample sizes used previously

and outlined in Table 2.
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Results

Monitored species

A total of 663 species (119 bird species; 166 bryophytes and 378 vascular plants) were

detected at 85 monitoring sites. Bird species detected include 85% of the 87 Passeriformes

known to inhabit Alberta’s boreal forest (J. Schieck, unpublished data), as well as one

introduced species (domestic chicken). Bryophytes detected represent 37% of 219 boreal

species (R. Belland, unpublished data), while vascular plants detected represent 39% of

854 species (Moss 1994; J. Gould, unpublished data) previously recorded in Alberta’s

boreal. In addition to species native to the boreal, we recorded 26 vascular plant species

introduced to North America and 20 plant species native to Alberta, but not previously

recorded in the boreal ecoregion. We detected a total of 61 species considered to be

sensitive (13 bird species), potentially at risk (1 bird species), or of conservation concern

(41 bryophyte and 6 vascular plant species) (Alberta Natural Heritage Information Centre

2006a, b). Of 663 species detected, 252 were present at 10% or more of the sites. Prev-

alence and detectability data from these 252 species were used to examine statistical

power.

Influence of number of monitoring sites and length of monitoring on statistical power

Using average statistical power by species within taxonomic groups for monitoring sce-

narios (number of sites and length of monitoring period), species within all three

taxonomic groups achieved an average power of 90% when 1,625 sites were monitored

over 20 years and for 300 sites monitored over 30 years (Fig. 2). In fact, when considering

the percent of species within a taxonomic group, all but one species (a bryophyte) achieved

a 90% power after 20 years of monitoring on 1,625 (provincial scale) sites with the

majority of species reaching 90% power after only 10 years of monitoring (Table 3).

Assuming 300 monitoring sites (the approximate scale of natural regions in Alberta),

50 years of monitoring resulted in at least 90% power for all sampled species. More than

75% of the species reached 90% power within 30 years and the majority of species

achieved this target after 20 years (Fig. 2). We found that 50 years of monitoring were

required to achieve an average of 90% power if 75 or fewer sites were monitored for

songbirds and vascular plants and if 50 or fewer sites were monitored for bryophytes

(Fig. 2). The majority of species reached 90% power after 40 years of monitoring at 75

sites and 50 years of monitoring at 50 sites (Table 3). When monitoring was restricted to

25 sites (the approximate scale of forest management areas in Alberta), about one-third of

all species tested reached 90% power after 50 years and about one-tenth reached 90%

power after 20 years of monitoring (Table 3).

Table 2 Prevalence and detectability of species used in simulations, as measured at selected ABMI
monitoring sites in the boreal natural region of Alberta

Taxonomic group Number of species Prevalence Detectability

Mean SD Mean SD

Birds 62 0.41 0.25 0.59 0.20

Bryophytes 65 0.42 0.23 0.63 0.16

Vascular plants 125 0.35 0.24 0.69 0.22
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Influence of prevalence and detectability on statistical power

Assuming 50 monitoring sites and a 20-year period of monitoring, no difference in statistical

power was evident among taxonomic groups (v2 = 1.11, df = 2, P = 0.575). Prevalence

and detectability both influenced statistical power, although the influence of prevalence was

Fig. 2 Power curves by taxonomic group (a birds, b bryophytes, c vascular plants) for six sample sizes
according to years of monitoring. Percent decline in prevalence for each time period based on a 3% annual
decline is illustrated and the results for a specific length of monitoring are staggered for ease of visualization
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dependent on the level of detectability. At 60% detectability or less, prevalence had little

effect on statistical power (Fig. 3). However, at high levels of detectability (i.e. [60%),

power was positively related to species prevalence, especially when prevalence ranged

between 0.4 and 0.6 (Fig. 3). All taxa had species with high prevalence and detectability

making no particular group more statistically powerful than another.

Table 3 Percent of species where 3% annual declines were detected at a power of 90% (b = 0.1) and an
a = 0.1 for combinations of sample size (number of monitoring sites) and period of monitoring (years and
number of re-visits) by taxonomic group

     
 

Number of monitoring sites (Number per panel) 

Taxa Years  

 
Number of  

re-visits 
25      
(5) 

50      
(10) 

75      
(15) 

100     
(20) 

300      
(60) 

1625    
(325) 

 
Birds 10 2 0 3 6 13 18 62 
 
(62 spp.) 20 4 11 18 21 27 64 100 
 
  30 6 16 29 39 55 80 100 
 
  40 8 21 42 60 66 97 100 
 
  50 10 31 58 69 77 100 100 
            
 
Bryophytes 10 2 0 2 2 6 23 70 
 
(65 spp.) 20 4 6 18 23 40 71 98 
 
  30 6 18 37 48 60 91 100 
 
  40 8 23 48 68 71 97 100 
 
  50 10 37 66 74 85 100 100 
             
 
Vascular 10 2 0 2 5 12 34 66 
 
 plants 20 4 8 28 32 38 62 100 
 
(125 spp.) 30 6 26 36 46 54 82 100 
 
  40 8 30 45 56 63 95 100 
 
  50 10 32 53 65 76 100 100 
 
    10000 20000 30000 40000 120000 650000 

 
      

Spatial scale (km2) at 20-km spacing 

 
Light and dark grey shading represents scenarios where at least 50 and 75% of species respectively reached
desired power. A box outlines those scenarios that reached an optimal success of 100% of species
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Predicting statistical power for monitoring changes in species prevalence

The model that best described statistical power for monitoring changes in species preva-

lence included number of monitoring sites per panel, length of monitoring period (number

of monitoring cycles), prevalence of the species, and detectability. The model accounted

for 87% of the deviance in the original data (r2 calculated following Menard (2000),

Table 4). As would be expected, statistical power increased in a non-linear manner as

number of monitoring sites, length of monitoring, prevalence, and detectability increased.

Interaction terms among detectability and prevalence and number of monitoring sites per

panel and the number of monitoring cycles were also important determinants of statistical

power (Table 4). Based on Z-standardized b coefficients and the percent change in odds

ratio for a standard deviation increase in each variable (Table 4), the factors most influ-

encing on statistical power were programme design variables with the most important

being an interactive effect between the number of monitoring sites and length of moni-

toring (number of monitoring cycles) followed by the individual factors of number of

monitoring sites and length of monitoring. For example, even if detectability and preva-

lence were at unity, if monitoring was restricted to five sites per panel and two monitoring

cycles (10 years), power reached a maximum of 0.88. However, even with minimal

detectability and prevalence (0.33 and 0.1, respectively), the desired power (0.9) was

exceeded when monitoring 325 sites per panel for three monitoring cycles (15 years). The

most important species variables were the interaction between prevalence and detectability

(Table 4).

Fig. 3 Relationship between statistical power and species prevalence and detectability for a 3% annual
decline at 50 monitoring sites and for 20 years of monitoring
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There was high correlation (r2 = 0.91) between predicted and observed power for

species withheld during model building (25% of total), indicating excellent model pre-

diction. However, the slope and intercept between predicted and observed power differed

from 1 and 0 respectively (F = 52.88 [ F2,1853 = 2.99), suggesting slight biases in pre-

dictions over some ranges of data. This may reflect an artifact of non-converged GEE

models for scenarios with small sample size and short monitoring periods on species with

low prevalence and detectability. The consequence was an over-estimate of statistical

power for these scenario combinations.

Influence of a and b

For rare, cryptic (low detectability) species, power to detect change over a 10-year mon-

itoring period increased by approximately 10%, when a was doubled to 0.2. This increase

in power was consistent regardless of number of monitoring sites assessed (Fig. 4). Power

reached a maximum of 0.6 (b * 0.4) when the number of monitoring sites was at 1,625.

Minimum b was therefore approximately twice as large as a for rare species at the scale

equal to the province of Alberta. For common, easily detected species, a larger a also

resulted in increased power, although the difference between the two levels of a diminished

as power approached 100% (Fig. 4). Using an error probability of 0.1, 60 sites per panel

Table 4 Estimated coefficients (bi), standard errors (SE), P values (Wald z statistic), percent change in
odds ratio per unit increase in covariate X (%), coefficients for Z-standardised variables (b Z-Std Var),
percent change in odds ratio for a standard deviation increase in covariate X (%Std X), and standard
deviation of X (SD of X) for estimating the power of a monitoring programme (a = 0.05, df = 5,665, 190
clusters, r2 = 0.87)

Variable Unstandardized variables Standardized variables

b SE P (%) b Z-Std
Var

%Std X SD
of X

Monitoring design variables

Number of monitoring sites per panel 0.025 0.002 \0.001 37.7 2.85 1,624 113.2

Number of monitoring cycles 0.624 0.035 \0.001 68.7 1.77 485 2.8

Number of monitoring sites per
panel squared

-0.770a 0.048a \0.001 36.8 -2.97 -94.9 38,660

Number of monitoring cycles
squared

-0.027 0.002 \0.001 35.8 -0.95 -61.3 34.6

Species variables

Prevalence 3.036 0.18 \0.001 766 0.7 101.4 0.231

Detectability 0.273 0.214 0.202 48.3 0.06 5.7 0.204

Prevalence squared -3.432 0.304 \0.001 1.2 -0.74 -52.3 0.216

Detectability squared 1.035 0.189 \0.001 104 0.28 32.5 0.272

Interaction terms

Detectability and prevalence 4.314 0.339 \0.001 2,751 1 172.4 0.232

Number of monitoring sites per panel
and number of monitoring cycles

0.508b 0.066b \0.001 37 3.95 5,103 777.5

Constant -4.534 0.161 \0.001 0.4 2.89

a Coefficients and SE 10,000 times original value
b Coefficients and SE 100 times original value
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were required to reach a power of 90% for common species, while 10–15 sites per panel

were required to reach a power of 80% when using an a of 0.2.

Discussion

Monitoring programmes having the goal of detecting trends or changes in species popu-

lations have traditionally focused on measures of local abundance (count-based

monitoring), with area-occupied and presence–absence monitoring only more recently

gaining popularity (Marsh and Trenham 2008). Despite a reduction in local information,

presence–absence is viewed by many as a good indicator of change in population size and

species range (Gaston 1994), especially in heterogeneous environments (Karr and Chu

1999). In contrast to count-based (abundance) monitoring of a few select species or single

taxonomic group, much less is known about the effectiveness of monitoring trends in

presence–absence for taxonomically-broad monitoring programmes that have numerous

species within numerous taxonomic groups. In Alberta, Canada, a large-scale (1,656 sites

with 20-km spacing), long-term (100-year) systematic biodiversity monitoring programme

managed by ABMI (Stadt et al. 2006) is attempting to detect 3% annual declines in species

prevalence (presence–absence across multiple sites) over a 20-year period and ideally at

spatial scales as small as forest management areas.

Based on our simulations and sampling design, we found that 3% annual declines were

detected for all but 1 of 252 species over a 20-year period of monitoring at a provincial

scale (1,656 sites) and that declines could be detected for the majority of species (65%) at

the level of a natural region (300 sites). However, at a forest management scale (25 sites)

short-term trends were detected for only 8% of the species examined (species with a

prevalence of 10% or more). Because our measure of detectability was across years, not

within a season, change may have occurred during the period of monitoring making our

estimates conservative. Detectability was also based on only ten permanent monitoring

sites surveyed each year over a three year period resulting in detectability rates of species

for any one site being either 33%, 66%, or 100% (low, moderate, or high). In contrast to

Fig. 4 Power to detect change over time for a = b at 0.1 and 0.2. These analyses were conducted for a
common, easily-detected species (prevalence = 0.74, detectability = 0.89) and a rare, difficult to detect
species (prevalence = 0.13, detectability = 0.33)

2972 Biodivers Conserv (2009) 18:2961–2978

123



detectability, prevalence was based on 85 monitoring sites where surveys were completed

in at least one of the three years. Since our intent was to evaluate how changes in mon-

itoring design variables (number of monitoring sites and duration of monitoring) and

species variables (detectability and prevalence) affected statistical power for a long-term

monitoring programme using species parameterized by best-available data, we do not see

these limitations as problematic. Indeed, prevalence and detectability could have been

randomly assigned to simulated species using some pre-defined distribution. This, how-

ever, would have compromised our goals of determining whether differences existed

among taxonomic groups and whether the ABMI programme had sufficient power to detect

short-term trends at local scales.

Our results are similarly to those of Manley et al. (2004, 2005) who detected (a = 0.2,

power = 0.8) a 20% one-time change in species occurrence for 66% of Lake Tahoe

vertebrates at *2,760 sites using the United States Forest Service Multiple Species

Inventory and Monitoring protocol. In the short-term, statistical power for Manley et al.

(2004) was slightly higher than what we found due to the large number of sites surveyed

(higher grid density) and higher a. Choice of a is arbitrary. An a priori discussion of what

should be deemed a statistically significant trend needs to be agreed upon prior to

implementation of a biodiversity monitoring programme. Grid density, on the other hand,

can be modified to improve short-term detection of trends. ABMI has a low systematic grid

density (20-km spacing) and although it would be impractical to increase density for the

entire Province due to monitoring costs and logistics, certain regions of the Province that

are more threatened could be delineated and density of sites increased to improve short-

term detection of biodiversity trends.

Indeed, one of the strengths of a systematic sampling design is that users can draw

inferences about trends at different spatial scales. However, as the spatial scale decreases,

so does the power to detect trends over short periods of monitoring. Prevalence of the

species is also important. Detecting trends in rare species, especially in localized regions, is

more difficult than for common species, resulting in fewer short-term indicators. We

suggest that detectability needs to be at least 66% and species prevalence above 50% to

detect short-term (*20 year) changes at relatively few sites (*25 sites). Using this rule-

of-thumb, 11% of the 252 species evaluated (all common species) would be considered

candidates for monitoring short-term trends in a localized region (i.e., a forest management

area of Alberta). No single taxon (songbirds, bryophytes, and vascular plants) had a sta-

tistical advantage for detecting change. Assuming similar rates and encompassing all taxa

included in ABMI (vascular plants, mosses, fungi, lichens, phytoplankton, birds, mammals,

fish, springtails, mites, zooplankton, and benthic invertebrates), we estimate that *200

species could be used as short-term indicators for regional assessments. For some taxa

where sub-samples are collected at a site, statistical power would likely improve if sub-

samples were used as units of replication (with a random effect for site).

One possible solution for monitoring short-term trends in rare species is to extrapolate

trends from common species to rare species who share ecological similarities or vulner-

abilities (Edwards et al. 2004; MacKenzie et al. 2005a). However, if the emphasis of the

monitoring programme is ecosystem-wide, long-term biodiversity monitoring, then taxo-

nomically-broad surveillance techniques that emphasize common species should be

supported. Monitoring common species does not presently fit the priorities of most con-

servation groups or existing monitoring programmes (for instance the Red List Index by

Butchart et al. 2005). However, recent work suggests that even small proportional declines

in common species can result in significant modifications to ecosystem structure, function,

and services (Gaston and Fuller 2008). We suggest that species-based monitoring
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programmes need to include the complete range of species, including common species, and

that long-term, ecosystem-wide monitoring cannot be used as a replacement for existing

monitoring initiatives focused on rare species (e.g., Canada’s Species At Risk Act) or

specific management concerns.

Regardless of the prevalence of species being monitored, modifications can be made to

the monitoring and analytical designs of the programme to enhance statistical power. This

may include one or more of the following changes: (1) reduce observer error through staff

training and modify survey protocols to increase detection probabilities; (2) account for

detection probabilities of less than one through statistical analyses; (3) augment the tra-

ditional rotating panel survey design with monitoring sites that are visited repeatedly to

account for natural annual variation; (4) stratify monitoring sites to better account for

variance; (5) use community-level information to evaluate trends rather than analyses of

individual species; and (6) integrate raw information or estimates from other monitoring

programmes. Below we discuss possible advantages of each modification and practical

challenges for implementation in a monitoring programme like that of the ABMI.

If a species has low detectability, it may be possible to modify survey methods to

improve detectability and consequently increase power. Methods to reduce observer error

will also boost detectability and increase statistical power (Strand 1996; Thompson and

Mapstone 1997; Lotz and Allen 2007). For example, better training of field staff may be a

cost-effective approach to minimizing observer error and increasing detectability. Gains

from increased training however, may be limited for some taxa. For instance, even highly

trained experts failed to detect 33% of lichen species that were known to occur at a site

(McCune et al. 1997). Reducing observer error through modifications of survey methods or

increased staff training should clearly be a priority for monitoring programmes, but should

not be considered the only solution for monitoring species with low detectability.

In addition to increased training and modification of survey methods to reduce observer

error, statistical approaches can be used to account for low species detectability when sites are

resurveyed within a single monitoring period (MacKenzie et al. 2005b). However, revisiting

sites on a different date would substantially increase monitoring costs (double the cost for one

revisit and triple the cost for two revisits) making these methods improbable for large-scale

monitoring programmes that occur in remote locations such as the ABMI programme.

Reduced-effort schemes that select only a sub-set of sites for intense, repeated sampling (Roy

et al. 2007) may provide one compromise assuming that intensely-sampled sites were rep-

resentative of reduced-effort sites. Repeat visits, however, assume a ‘‘closed’’ status where

occupancy does not change between repeated surveys (MacKenzie et al. 2005b). For sed-

entary species (i.e. vascular plants), increasing the sample effort (i.e. time spent surveying) to

enhance detectability will often be more cost-effective than returning to a site on a different

date because of travel costs (Drapeau et al. 1999). In some cases, re-sampling existing data

may act as a surrogate for repeated visits, although this changes the definition of the spatial

and/or temporal scale of sampling. For instance, bird songs are permanently recorded as 10-

min surveys in the ABMI programme allowing re-sampling of the surveys into sub-samples

for estimation of detection probabilities and corrections of occupancy at a site. For other taxa,

use of multiple, independent observers during a single survey visit may prove to be a cost-

effective solution to estimating detection probabilities.

Another approach to boosting statistical power of monitoring programmes that are

based on rotating panel or serially alternating monitoring designs is to incorporate an

augmented design. In augmented designs, a select set of sites (typically 20–50% of total)

are repeatedly visited during a monitoring cycle (either in consecutive years for multiple

panels or one panel selected for annual surveys) to measure and account for natural annual
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variation. By accounting for annual variation in augmented designs, trends can be docu-

mented more effectively for a set number of monitoring sites than if the same effort was

spent visiting new sites (Urquhart and Kincaid 1999). Since in our example the number of

monitoring sites was fixed and the detectability and prevalence of species was critical to

short-term detection of trends, we expect that an augmented rotating panel design will

result in only small gains in power, yet substantially increase monitoring costs. Our

expectation has not been tested.

When there is a priori knowledge about a species preferred habitats, stratified sampling

that emphasizes important habitats can be employed to increase statistical power at any

given level of effort. Rare species are often associated with particular habitats making

stratified surveys especially effective for these species. However, stratified designs are

problematic for long-term biodiversity monitoring programmes, since stratification must

remain constant in the presence of natural and anthropogenic-induced ecosystem change

(climate change, natural disturbances, etc.). In the presence of these changes, the extent

and location of strata will change resulting in the loss of initially optimized statistical

power. Although a systematic sampling grid may not initially be as optimal for detecting

trends in some species as compared to a stratified design, the systematic monitoring design

will not be dependent on initial conditions and will maintain its power over time. Sys-

tematic designs are therefore often favoured over stratified designs for long-term

monitoring initiatives.

An alternative to analysis of trends for individual species is the integration of analyses

among species. Relationships between biota and environmental conditions often are

stronger for community-level analyses than for single species analyses (e.g., McCune et al.

1997) and the inclusion of additional species strengthens relationships for single species

analyses (Plattner et al. 2004; Clarke and Murphy 2006). Metrics of species intactness

(Buckland et al. 2005; Nielsen et al. 2007) can also be considered. For example, Lamb

et al. (2009) found species intactness to be more effective for detecting trends than

common measures of community diversity (i.e. Shannon or Simpson diversity) or multi-

variate analyses (i.e. Mantel test) of community change. As such, community analyses that

build upon statistical models of intactness are expected to better elucidate changes for rare

species than individual analyses of species using prevalence.

Statistical power of monitoring programmes can also be enhanced by integrating raw

information or parameter estimates from other monitoring programmes (Henry et al. 2008;

Lengyel et al. 2008b). Analytical techniques, such as meta-analysis or weighted analysis,

can be used to combine information from other monitoring programmes allowing for more

immediate assessments of biodiversity change (Henry et al. 2008). Critical to this inte-

gration is clear definitions of survey methods. In the long-term, creation of a standardized,

international monitoring network or a common set of biodiversity monitoring protocols is

needed to facilitate direct comparisons and reporting of biodiversity trends (Henry et al.

2008; Lengyel et al. 2008b).

In summary, we advocate that biodiversity monitoring programmes include a continuum

of species from rare to common. The inclusion of rare species will build support for the

monitoring programme because loss of rare species is easily understood by the general

public (Biggs 2000). However, large-scale biodiversity monitoring programmes can not be

expected to be a replacement for existing monitoring programmes that focus on rare

species, since detectability and observer error from more general survey methods are likely

to compromise detection of trends. Furthermore, emphasis on rare species may be mis-

placed ecologically since even small reductions in abundance of common species will have
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profound effects on ecosystems (Gaston and Fuller 2008), making such species important

components of monitoring programmes. Inclusion of common species should also increase

statistical power of the programme and facilitate community-based metrics of biodiversity.

We think that taxonomically-broad monitoring programmes will be of great value to

managers and increase in value with time. For instance, it will be possible to evaluate the

effects of climate change on species distribution (geographic range) using information

from long-term, large-scale monitoring programmes that measure a broad spectrum of

species. Taxonomically-broad monitoring is also more likely to facilitate a proactive

monitoring and management approach to conservation by recognizing trends early on and

thereby maintaining common species while being common, as opposed to a reactive

monitoring and management paradigm that focuses on rescuing rare species that have

already declined markedly.
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