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Abstract 

Forest tree species richness is an important indicator of sustainability. Forest monitoring 
allows stake-holders to track species richness over time. To test a hypothesis of whether an 
observed change in richness is significant or not, the analyst must choose a suitable estimator. 
Based on experience from comparative studies of potential estimators this study evaluates the 
performance of one design-based and three model-based estimators of change in species 
richness. The evaluation is done with Monte Carlo simulations of simple random sampling 
from four actual populations of forest tree species incidence data collected at two occasions 
from a fixed set of fixed-area forest inventory plots. The observed change in species richness 
(design-based) had the lowest root mean squared error, but was often more biased than 
estimates from the three model-based estimators. The bias issue and poor coverage of 95% 
confidence intervals dissuade the use of the design-based estimator (observed change). A 
newly developed urn-type estimator, easily adaptable to processing longitudinal data, was 
overall best in terms of bias and coverage. 

Keywords: Forest monitoring, Forest survey, Change estimator, Forest tree species richness, 
Urn-model  



Journal of Environment and Ecology 
ISSN 2157-6092 

2011, Vol. 2, No. 1: E1 

www.macrothink.org/jee 2

1. Introduction 

The number of forest tree species - henceforth referred to as richness (S) – in a landscape, 
region, or a country is an important indicator of biological diversity (Purvis & Hector, 2000; 
Waldhardt, Simmering, & Otte, 2004). Forest tree species richness may change over time due 
to the intrinsic dynamic nature of forest vegetation and its environment (Condit, Hubbell, & 
Foster, 1996; Kienast, Brzeziecki, & Wildi, 1996; Martin & Bailey, 1999; Radeloff, 
Mladenoff, He, & Boyce, 1999). Examples include biotic and abiotic disturbances (H. S. He, 
Mladenoff, & Gustafson, 2002; Radeloff, et al., 1999), changes in forest management 
(Halpern & Spies, 1995; Swindel, Conde, & Smith, 1984), invasion (Chong, Reich, Kalkhan, 
& Stohlgren, 2001), mortality and seedling establishment (Gavin, Beckage, & Osborne, 
2008). Since a given estimate of change in species richness can cover widely different 
realities - in terms of species turn-over and replacement rates - an accompanying indicator of 
species similarity between the species composition at the start and the end of a period 
between two sampling events is needed as well (Cao, Larsen, & White, 2004; Sarkar & 
Margules, 2002). 

To answer key questions regarding sustainable forestry, one must have reliable estimates of 
the state and change in a broad suite of forest attributes (McDonald & Lane, 2004). Required 
estimates are typically provided through sample-based forest monitoring programs designed 
to satisfy multiple purposes and requirements for accuracy (Foster, 2001; Magnussen, Smith, 
& Uribe, 2007; Spencer & Czaplewski, 1998). To test whether species richness has changed 
or not during a period of interest the analyst must choose a design-consistent estimator suited 
for estimation of both richness and change in richness.  

For the purpose of estimating forest tree species richness - at a given point in time - from 
species incidence data obtained from a probability-sample with fixed-area forest survey plots 
(quadrats), the analyst now has a choice of estimators with anticipated good performances 
provided the sample size is adequate (Magnussen & Boudewyn, 2008; Magnussen, Péllisier, 
He, & Ramesh, 2006; Magnussen, Smith, Kleinn, & Sun, 2010). The situation is different 
when it comes to estimation of change in richness since studies on the performance of 
estimators of temporal change in species richness have been lacking. This study aims to 
redress this situation. 

Estimating forest tree species richness from a forest inventory (monitoring) sample is a 
complex challenge with important issues related to temporal changes in the sample frame 
(Lister & Scott, 2009), sample size (Brose, Martinez, & Williams, 2003; Cao, et al., 2004; 
Hortal, Borges, & Gaspar, 2006), plot size (Brose, et al., 2003; Gimaret-Carpentier, Pelissier, 
Pascal, & Houllier, 1998; Shen & He, 2008), species identification (Archaux, 2009; Archaux 
et al., 2009), and choice of estimator (Mao & Lindsay, 2007; Walther & Morand, 1998). This 
study only deals with the last issue but fully recognizes that its importance depends critically 
on having satisfactory addressed all the other issues first.  

On the assumption that an analyst has acquired sample data that warrant an estimation of 
species richness and its change over time, the choice of estimator becomes important because 
the performance of available estimators varies considerably within a single application and 
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among applications to samples from different populations (Magnussen & Boudewyn, 2008; 
Walther & Morand, 1998; Yasuhiro, Hirofumi, & Kihachiro, 2004). 

Temporal changes in forest tree species richness can be estimated as the difference between 
two point estimates of richness. However, when data come from a monitoring program, with 
repeat observations on a fixed set of survey plots, the estimator of variance should allow for 
the expected temporal covariance of species incidence. For long-lived, sessile organisms like 
forest tree species, the covariance is expected to be positive, at least when the time interval 
between the dates of the repeated sampling is relatively short compared to the expected 
lifespan in the surveyed population. A positive covariance lowers the variance of a difference 
estimated from paired observations (Lophaven, Carstensen, & Rootzen, 2004).  

This study details – by examples with actual forest tree species incidence data collected at 
two points in time - the performance of one design-based and three model-based estimators of 
temporal change in species richness when data come from a repeated survey of a fixed 
number of sample plots in a finite area population of forest tree species. The model-based 
estimators achieved the overall best performance (bias and root mean squared errors) for 
estimation of species richness in two extensive comparative studies with forest tree species 
incidence data from low-intensity forest sampling (Magnussen, 2011; Magnussen, et al., 
2010). It is recognized that other estimators of richness may outperform the three chosen 
model-based estimators when sampling is intensified to impractical levels. 

The design-based estimator of temporal change in forest tree species richness  OS  is the 

difference between the number of distinct species in the last and first sample. With practically 

relevant sample sizes, the observed species richness  OS in a probability sample is typically 

a poor estimator of the actual species richness (Chiarucci, Enright, Perry, & Miller, 2003; 
Magnussen & Boudewyn, 2008; Wei et al., 2010). However, if the bias in the observed 
richness remains relatively constant during the period between two survey samples, the 
observed change in richness may become an attractive (design-based) estimator of actual 
change in richness. 

The first  URNS and second  HTS of the three model-based estimators have been 

proposed by Magnussen et al. (2010) and Magnussen (2011), respectively. They are both 
easily modified to cope with repeat observations of species incidence data. The third 

model-based estimator  HWS is the difference between a time two and a time one estimate 

of species richness obtained with the estimator proposed by Hwang and Shen (2010). This 
estimator cannot directly accommodate temporal covariances in species incidence data. To 
capture a temporal covariance in incidence data it becomes necessary to embed the estimation 
of change in richness within a modified bootstrap resampling scheme (Magnussen, 2009; 
Magnussen & McRoberts, 2011). 

As an aide to the interpretation of the presented estimates of change in species richness I also 
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provide summaries of Jaccard’s and Sørensen`s indices of similarity of species composition 
between the first and last sample (Fewster & Buckland, 2001). 

2. Material and Methods 

2.1 Population and sampling design  

To estimate the temporal change in species richness in a finite area population of forest tree 
species, a population is sampled on two occasions (t = 1, 2) by simple random sampling - 
without replacement (wor) - of n fixed-area plots. The population is tessellated into N 
fixed-area plots, and the n surveyed plots are the same on both occasions. There are St 
distinct forest tree species in the population at time t. Let SO1 and SO2 denote the observed 
number of distinct species in the n sampled plots at time one and two, respectively. The 

(longitudinal) sample data consist of indicator (0,1) variables tij of species plot occurrence 

(incidence) where 1tij   if species i (i =1,….. max(SO1, SO2)) is observed in plot j (j = 1,…, 

n) at time t (t = 1, 2), and tij  = 0 otherwise. A species that occurs in only one sample plot at 

time t is called a time t singleton species (SI).  For a given species richness estimator (EST, 

see below) let 1ESTS , and 2ESTS , denote the estimates of forest tree species richness at time 1 

and time 2, and let and ESTS  denote the estimator of change  2 1EST EST ESTS S S     . An 

estimate of the sampling variance for the estimate of change is required. A nominal 95% 
confidence interval for the true (but unknown) change in forest tree species richness is 
computed from the estimates of change and sampling variance. 

2.2 Observed change in species richness 

The change in the observed number of distinct species in the sample at time one and two is 

used here as a direct estimator of change in species richness 2 1O O OS S S   . With practical 

sample sizes, SOt is typically a poor estimator of species richness (Walther & Morand, 1998), 

however, if bias is approximately constant during the period in question, the estimator OS   

might perform well (i.e., approximately unbiased). 

The following variance estimator for the observed number of species at time t is proposed. 

(1)    
1

, ,
, , ,

1,

垐
垐 �var 1 1 1

ˆ

Ot Ot Ot OtS S S S
t i t j

Ot t i t i t i
i j i it ij

S
 

  






  
         
    

where the first term is a variance-inflation term (due to species covariances), and the last term 
is the sum of binomial variances of species presence (assuming independence of species 

occurrence). The variance of the difference 2 1O OS S  was computed as 
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where the correlation coefficient  1 2
ˆ ,O OS S was computed from 1500 paired bootstrap 

samples of size n taken (with replacement) from the combined t = 1 and t = 2 sample. 

2.3 A HT-type estimator of change in species richness 

Magnussen (2011) proposed the following sample-based HT-type estimator of species 
richness 
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where ,ˆt i  is a sample-based estimate of the inclusion probability for the ith species, ,ˆt iy  is 

a model-assisted estimate of the number of species with inclusion probability ,ˆt i  and 

,t iBIAS  is an estimate of the number of missed species with an inclusion probability of ,ˆt i . 

Computational details of ,ˆt i , ,ˆt iy , and ,t iBIAS are in Magnussen (2011). 

The HT-type estimator of 2 1S S can be written as  

(4) 
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where the right-hand-side of (4) facilitates a formulation of a variance estimator (below). In 
(4) the estimated change is: 1) the net change as estimated from species seen in both samples 

( 1 2OS  ) plus 2) the estimated number of new time two species (as estimated from the species 

seen only in the second sample  2 1OS   minus 3) the estimated number of species lost as 

derived from the species seen only on the first sample  1 2OS  . 

In place of a slightly liberal (10%-15%) variance estimator used in Magnussen (2011) a more 

conservative estimator of variance is proposed here for HT tS (Thompson, 1992, p 46) 
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Taken together, the estimators in (3) - (5) suggest the following variance estimator for HTS   
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where  HTS A  denotes a HT-type estimator of richness applied to a subset A  of the 

observed species. A positive correlation between 1 2and O OS S  will increase the variance of 

an estimate of change in species richness. 

2.4 An urn-model estimator of change in species richness 

Magnussen et al. (2010) proposed an urn-model for predicting species richness  URNS from a 

probability sample of species incidence data. With minor modifications it can predict S2-S1. 
The urn-model works by making one-step-ahead predictions of the discovery of new species 
in the N-n plots not included in the sample. It is called an urn-model because it employs an 
urn filled with labelled balls, each representing a plot with a known or predicted number of 
time t singletons (nSIt, t = 1, 2). A random draw of a ball from the urn triggers a plot-level 
prediction of a new discovery at time t (1, 2). After a prediction is made, the drawn ball and 
one additional ball are returned to the urn. This urn-scheme is continued until a prediction has 
been made for all N-n plots not in the sample or until the maximum time-specific probability 
of discovering new species is zero. Only the draw of a ball representing a plot with at least 
one SI can trigger the discovery of a new species. A step-by-step description of the urn-model 
is in Table 1.  

The urn-scheme in Table 1 was repeated 400 times to get a resampling distribution of the 

predicted change in species richness  2 1URN URNS S  . The mean and variance of the 400 

urn-replications serve as estimators of URNS  , and  var URNS  , respectively. Quantiles (0.025 
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and 0.975) in the urn replications of 2 1URN URNS S   were used as the upper and the lower limit 

of a 95% confidence interval for 2 1S S . 

Table 1. Algorithm for a single urn-prediction of species richness at time t=1 and t=2 from a 
probability sample of n fixed-area survey plots.  

Step Description 

0 Place n balls - each representing a survey plot - in an urn. On each ball is written the 
number of singleton species in the corresponding plot at the times of the repeated survey 
 ,

, 1, 2, 1, ...,
t i

nSI t i n  ; set nURN  = n. 

1 Set urn species counters equal to the observed species richness in the sample at times t=1 
and t=2 i.e. SURN1 = SO1, and SURN,2 = SO2. 

2 Draw at random a ball from the urn with index, say, *, * 1,...., URNi i n . 

 Create a new ball, representing a new plot, with singleton values  
1 *1 2 *2

,
i i

nSI nSI   

where 1 2and   are realizations of two random Bernoulli variables (0,1). Where: 

1 2 *1 *1

1 2 *1 *2

1 2 *1 *2

1 with prob. if 0 0

1 with prob. and 0 if 0 0

0 and 1 with prob. if 0 0

NEW i i

NEW i i
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p nSI nSI

p nSI nSI
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      with 

 observed mean number of species per plot at time 
t

s t  and 
A

 is an indicator variable 

taking the value of 1 when the event A occurs and 0 otherwise. 

The outcome 
*,

0 0 
t i t

nSI    constitutes a rediscovery of a singleton species, which 

therefore looses status as such. 

Note:  erf z  is the Gaussian error function, i.e. the integral of a standard normal 

variable (z) from zero to z. The chance of a new discovery (pnew) was estimated from 
available data. 
Return two copies of this ball to the urn (nURN = n+1). 

3 Update species counters: SURN1=SURN1+δ1, and SURN2 =SURN 2+δ2. 

4 
If nURN < N   1 , 2 ,

1 1

max , 0
URN URN

n n

i i

i i

nSI nSI
 

  GOTO 2.  

5 SURN 1 and SURN 2 are single replication predictions of richness at time t = 1, 2. 
Steps 0-5 are repeated M times to generate a resampling distribution of SURN 1 and SURN 2. 

2.5 Hwang’s estimator of change in species richness 

Hwang and Shen (2010) proposed a generalized jackknife estimator (HW) of species richness 

(7) , ,0
ˆ , 1, 2HW t Ot tS S f t    
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where ,0
ˆ
tf  is an estimate of the ‘unseen’ species at time t, which, in turn, is estimated from 

  1
,1ˆ 0t tg f n with ,t kf  equal to the number of species occurring in k sample plots at time t. 

The function        1

, , 11t t k t kg k n k E f k E f


         is approximated by an exponential 

regression model and estimated from the data via constrained nonlinear least squares 

regression (see Hwang and Shen for details);  ˆ 0tg  is then obtained by extrapolation. The 

HW estimator of species richness change becomes  

(8) 2 2,0 1 1,0
垐

HW O OS S f S f      

with variance estimator 

(9)        2 1 2 1var var var 2cov ,HW HW HW HW HWS S S S S           

Hwang and Shen recommend a bootstrap procedure to compute the variances of HW tS . Since 

no direct estimation of the covariance in (9) is possible, a modified bootstrap procedure 
(Magnussen & McRoberts, 2011) with B =100 replications was used to generate estimates of 

the needed variances and covariances. The B bootstrap estimates of HWS   were also used to 

obtain bias-corrected (accelerated) 95% confidence intervals (Efron & Tibshirani, 1993, p 
184). 

2.7 Case studies 

Forest tree species data collected at two points in time from one stem-mapped forested area 
(BCI), and three USA state-wide forest inventories (GA, MI, and MN) are used to 
demonstrate estimation of temporal change in species richness in finite populations from 
repeated wor sampling of n fixed-area plots. Data details are below. The net change in forest 
tree species richness in these data sets was modest (-2 to +5, see Table 2). In order to 
demonstrate the performance of the proposed estimators in presence of an important loss of 
species richness (approximately 5% to 10%) between time one and time two, the data were 
manipulated to this end. 

A given target loss in species richness  2 1S S  was achieved by the following 

manipulations of the species incidence matrix: i) elimination of some of the species seen only 
at time two; if the target is not reached by the manipulation in i) then additional changes were 
generated by ii) switching some species seen only at time two to species seen only at time 
one; if the target is still not met then the variance was met by iii) changing time two incidence 
to zero for a number of species found both at time one and time two.  
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BCI: This consists of a 50-ha Smithsonian research area on the Barro Colorado Island in the 
Panama Canal (Condit et al., 1998; F. He & Hubbell, 2003). The area holds a rich, old-growth, 
wet tropical forest dominated by Leguminosae spp. and Bombaceae spp. (Condit & Hubbell, 
1998; Hubbell et al., 1999). Data (tree location and species name of live trees) from the first 
(1981-1982) and sixth (2005) census are used here. The 1000 m × 500 m area was tessellated 
into plots of size 10 m × 10 m. A summary is in Table 2. 

GA, MI, and MN: Data from these three populations came from the USDA Forest Service, 
Forest Inventory and Analysis (FIA) program. The data represent state-wide forest 
inventories from Georgia (GA), Michigan (MI), and Minnesota (MN). The FIA sampling 
frame and design is described by Bechthold and Patterson (Bechtold & Patterson, 2005). All 
trees in a FIA plot with a stem diameter of 12.7 cm or larger at a reference level of 1.37 m 
above ground were counted and identified to species. Time one data were from plots 
measured in 2001-2004 and time two data were from the same plots measured again in 
2005-2008. The time between two surveys of the same plot was nominally 5 years. Only 
plots with a forest cover of at least 50% at time one are used here.  A summary of the GA, 
MI, and MN data is in Table 2.  

Table 2. Data summary 

Attribute BCI GA MI MN 

Population size (plots), N =  5000 3213 5851 4117

Plot size (m2) 100 671 671 671

Tree density at t = 1 (stems × ha-1) 4707 93 82 70

Tree density  at t = 2 (stems × ha-1) 5021 96 85 71

Species richness (S) at t = 1 306 142 97 68

Species richness (S) at t = 2 308 143 102 66

Species present at t =1 and t = 2 296 132 92 61

Mean number of species per plot (t = 1) 23.0 6.2 5.5 4.7

Mean number of species per plot (t = 2) 23.9 6.5 5.7 4.8

Quartiles of species relative plot occurrence × 103 (t =1)  2.6 1.6 1.0 1.7

Quartiles species relative plot occurrence × 103 (t = 2) 2.6 1.2 0.5 1.7

Quartiles of correlation (t = 1, t = 2) of species plot occurrence 0.41 0.71 0.71 0.68

2.8 Indices of temporal similarity in species composition 

Jaccard’s (Jaccard, 1901) and Sørensen’s (Sørensen, 1957) indices of species similarity were 
estimated from the simulated samples to gauge the rate of species turn-over between the two 
sampling occasions at time one and two. Jaccard’s index was computed as 
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and Sørensen’s as 
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2.9 Performance of estimators 

The performance of the four estimators of change , , , andO HT URN HWS S S S       was assessed 

in Monte Carlo (MC) simulations of simple random sampling without replacement from the 
four study populations. Sample sizes were fixed at n = 80, 150, 200, and 300. Each 
combination of sample size, population, and estimator was repeated M = 2000 times. The 
choice of M ensures an MC error of less than 0.3 in SO.  

Bias of an estimator of change in species richness is estimated as the difference between the 
average of M MC estimates and the corresponding value of the actual change. Root mean 
squared errors (RMSE) are estimated as the square root of the mean squared difference 
between an estimate and the corresponding true value. Coverage of computed 95% 
confidence intervals was estimated as the proportion of M intervals that included the true 
value of change. 

3. Results 

BCI. Jaccard’s index of similarity suggested a relatively high species turn-over rate of 
approximately 17% between the two occasions of observation (Table 3). Sørensen’s index, 

which is strongly correlated with Jaccard’s index  ,ˆ 0.96J QS  , suggests a fairly strong 

similarity of 0.91 (Table 3). Similarity indices were almost identical across scenarios of 
change. 

The least biased estimates of actual change in species richness between the first and sixth 
census were achieved with the HT-type estimator (Table 4); the most biased estimates came 
from the HW estimator. An increase in sample size lowered the bias of all estimators. RMSEs 
were  by far  the smallest for SO and largest for HW. RMSEs of SO were only 
approximately 33%-50% of the RMSEs of the HT estimator, which had the second lowest 
RMSEs. Computed 95% confidence intervals for HT estimates of change achieved coverages 
close to the nominal value (Table 4). 

When the change in species richness was manipulated to losses of 10 and 19 tree species, the 
least biased results were, most often, obtained with the HW estimator (Table 4),  and the 
most biased with the observed change (SO). For a sample size of 300 the bias of URN was 
similar to that of HW. In terms of RMSE it is again SO that is most attractive. It has an 
average RMSE approximately 44% smaller than the RMSE of HW estimates of change. 
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However, computed confidence intervals for SO estimates of change had very poor coverage 
while those of the HW estimator achieved coverages in the 0.92 – 0.99 range. 

GA. Jaccard’s index of similarity suggested a species turn-over rate of approximately 15% 
(Table 3) while Sørensen’s index suggests a relatively strong stability in species composition 
(Table 3). As in BCI the two indices appear unaffected by the magnitude of change in species 
richness. 

Table 3. Jaccard’s (J1,2) and Sørensen’s (QS1,2) indices of species similarities at time one and 
two. All table entries are the mean of 2000 MC replications with sample size n = 80. 
Monte-Carlo estimates of sampling error are in parentheses. 

Site S1-S2 J1,2 QS1,2 

BCI 2 0.83 (0.02) 0.91 (0.01)

BCI -10 0.83 (0.02) 0.91 (0.01)

BCI -19 0.83 (0.02) 0.91 (0.01)

GA 1 0.85 (0.04) 0.92 (0.02)

GA -7 0.86 (0.04) 0.92 (0.02)

GA -14 0.85 (0.04) 0.92 (0.02)

MI 5 0.89 (0.04) 0.94 (0.02)

MI -5 0.90 (0.04) 0.94 (0.02)

MI -10 0.90 (0.04) 0.95 (0.02)

MN -2 0.88 (0.04) 0.94 (0.02)

MN -5 0.89 (0.04) 0.94 (0.02)

MN -10 0.89 (0.04) 0.94 (0.02)

The actual increase of one species was estimated with the least amount of bias by the 
observed change in species richness (Table 5). The HT estimator had the second lowest bias 
for n < 300; at n = 300 the second best result in terms of bias came from the HW estimator. 
With a manipulated loss of seven species, the URN estimator was the least biased for n ≤ 150. 
For larger n the HT estimator was the least biased. When the loss was set to 14 species, the 
URN estimator was the least biased while the observed change was the most biased. The 
ranking of RMSEs was nearly identical to the RMSE rankings noted for BCI. Computed 
confidence intervals for HT and URN estimates were conservative (coverage > 0.95) for the 
first two levels of change in species richness, but generally liberal (coverage < 0.95) when the 
change in richness was set to -14 species. Confidence interval for the observed change had 
poor coverage when the manipulated changes were equal to losses of seven and 14 species. 

Table 4. Estimates of change in tree species richness in Barro Colorado Island plot (BCI). 
RMSE and coverage of 95% confidence intervals are in parentheses (RMSE, coverage). 
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2 1S S  
EST 80n   150n   200n   300n   

2 
OS   

-1.1 (6.8, 0.86) -0.6 (6.1, 0.92) -0.3 (5.8, 0.94) 0.0 (5.3, 0.97)

 
HTS   

1.1 (18.1, 0.95) 1.2 (15.8, 0.97) 1.5 (15.3, 0.96) 1.8 (13.5, 0.95)

 
URNS   

4.9 (39.3, 0.99) 4.6 (36.7, 0.98) 3.4 (31.4, 0.99) 2.8 (29.2, 0.98)

 
HWS   

-6.9 (40.1, 0.68) -5.7 (38.1, 0.67) -0.8 (36.4, 0.72) -0.8 (35.5, 0.72)

-10 
OS   

-1.7 (14.6, 0.33) -1.9 (14.4, 0.34) -2.1 (13.9, 0.37) -2.6 (13.3, 0.41)

 
HTS   

-1.7 (22.7, 0.84) -2.3 (22.7, 0.83) -3.0 (19.3, 0.87) -4.9 (17.6, 0.87)

 
URNS   

-0.2 (41.6, 0.98) -4.7 (32.7, 0.99) -5.9 (34.0, 0.98) -8.5 (30.8, 0.96)

 
HWS   

-3.1 (56.5, 0.98) -12.9 (47.3, 0.99) -9.9 (41.1, 0.99) -11.3 (37.9, 0.98)

-19 
OS   

-3.5 (28.1, 0.00) -4.9 (26.6, 0.00) -5.1 (26.5, 0.00) -6.4 (25.1, 0.00)

 
HTS   

-5.5 (31.4, 0.68) -10.0 (26.4, 0.75) -9.9 (26.0, 0.71) -13.2 (23.0, 0.75)

 
URNS   

-8.6 (45.4, 0.95) -16.5 (36.3, 0.91) -15.5 (34.9, 0.88) -21.5 (30.9, 0.90)

 
HWS   

-12.7 (59.2, 0.97) -21.3 (48.2, 0.92) -23.4 (42.1, 0.92) -21.3 (38.3, 0.95)

MI. Indices of species similarity were, as expected, higher than in sites with greater species 
richness (BCI and GA). Jaccard’s index suggests a species turn-over rate of approximately 
10% (Table 3) while Sørensen’s index suggests a fairly strong stability in species composition 
(Table 3). As before the two indices appear unaffected by the magnitude of change in species 
richness. 

The least biased estimate of the actual increase of five species came from the observed 
richness when the sample size was 80. For other sample sizes, the least biased estimator was 
HW (Table 6). When the loss of species was set to five, it was the URN estimator that 
produced the least biased estimates for n ≤ 200, and then HT for n = 300. With a loss of 10 
species it was HW that generated the least biased estimates. At n = 80 the bias of HW and 
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URN was equal at 8.2. Trends in RMSEs and coverage of computed confidence intervals 
were, by and large, similar to those reported for BCI and GA. 

Table 5. Estimates of change in tree species richness in Georgia (GA). RMSE and coverage 
of 95% confidence intervals are in parentheses (RMSE, coverage). 

2 1S S
 

EST 80n   150n   200n   300n   

1 
OS   

-0.1 (3.6, 0.89) -0.0 (3.4, 0.90) 0.5 (3.2, 0.91) 0.6 (3.0, 0.94)

 
HTS   

-1.4 (10.6, 0.98) -0.7 (10.4, 0.98) -0.6 (9.8, 0.98) -0.1 (9.3, 0.98)

 
URNS   

-2.6 (20.6, 0.98) -2.3 (20.4, 0.97) -2.0 (19.7, 0.98) -0.3 (17.7, 0.99)

 
HWS   

9.0 (36.5, 0.63) 7.4 (31.2, 0.60) 4.2 (30.1, 0.68) 1.8 (26.0, 0.68)

-7 
OS   

-0.3 (7.3, 0.23) -1.1 (6.6, 0.45) -2.0 (5.9, 0.63) -2.7 (5.4, 0.76)

 
HTS   

-3.0 (10.2, 0.97) -4.2 (9.9, 0.98) -5.9 (9.8, 0.97) -6.0 (9.3, 0.97)

 
URNS   

-7.0 (19.8, 0.97) -7.2 (19.4, 0.98) -9.4 (19.4, 0.96) -9.2 (16.8, 0.96)

 
HWS   

-0.3 (35.4, 0.62) -0.8 (31.3, 0.62) -2.7 (29.1, 0.70) -4.4 (25.9, 0.72)

-14 
OS   

-0.9 (13.4, 0.01) -2.2 (12.2, 0.03) -3.3 (11.2, 0.11) -4.5 (10.0, 0.23)

 
HTS   

-4.8 (13.1, 0.89) -7.2 (11.8, 0.93) -9.1 (11.3, 0.93) -10.1 (9.9, 0.96)

 
URNS   

-10.0 (20.6, 0.93) -12.6 (10.0, 0.89) -14.4 (19.3, 0.88) -14.9 (10.0, 0.85)

 
HWS   

-4.2 (34.3, 0.61) -7.1 (30.6, 0.84) -7.3 (28.5, 0.86) -9.7 (26.1, 0.84)

MN. Indices of species similarity were very similar to those reported for MI. 

The URN estimator was, for n > 80, the least biased for estimating the actual loss of two 
species (Table 7). With n = 80 the least biased estimate of change came from the HT 
estimator. The most biased estimator was HW. When the change was manipulated to a loss of 
five species it was URN that produced the least biased estimates. Yet, with a loss of 10 
species and sample sizes larger than 80, the HW estimator was best in terms of bias. For n = 
80 the least biased estimate came with the URN estimator. RMSEs were again the smallest 
for the observed change (SO) and approximately two to five times larger for the HW 
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estimator. RMSEs of the HW estimator were typically more than twice as large as the RMSEs 
of the HT estimator. RMSEs of the URN estimator were, as a rule, intermediate between 
those of the HT-type and the HW estimators. Computed confidence intervals for the URN 
estimates achieved, with one exception (change = -10 species, n = 300) a coverage in the 
range from 0.91 to 0.97.  

Table 6. Estimates of change in tree species richness in Michigan (MI). RMSE and coverage 
of 95% confidence intervals are in parentheses (RMSE, coverage). 

2 1S S
 

EST 80n   150n   200n   300n   

5 
OS   

1.2 (4.5, 0.38) 1.4 (4.2, 0.43) 1.4 (4.2, 0.46) 1.4 (4.2, 0.50)

 
HTS   

0.4 (8.6, 0.86) 1.5 (8.4, 0.93) 1.6 (7.7, 0.93) 2.2 (7.4, 0.96)

 
URNS   

-0.9 (16.6, 0.94) 0.3 (16.2, 0.96) 1.1 (15.2, 0.92) 3.7 (15.1, 0.92)

 
HWS   

11.1 (28.3, 0.63) 6.3 (25.6, 0.66) 5.8 (21.4, 0.74) 3.7 (11.4, 0.74)

-5 
OS   

0.5 (5.9, 0.10) 0.2 (5.6, 0.19) -0.1 (5.4, 0.25) -0.7 (4.8, 0.36)

 
HTS   

0.0 (8.2, 0.89) -1.4 (7.5, 0.94) -2.1 (7.7, 0.91) -3.6 (7.2, 0.92)

 
URNS   

-1.3 (15.2, 0.93) -3.9 (14.5, 0.95) -4.7 (14.8, 0.96) -7.7 (15.1, 0.94)

 
HWS   

-17.8 (28.0, 0.70) -13.6 (23.9, 0.67) -11.5 (19.2, 0.74) -1.0 (21.0, 0.71)

-10 
OS   

0.5 (11.6, 0.00) 0.1 (10.6, 0.00) -0.3 (10.0, 0.00) -1.0 (9.3, 0.03)

 
HTS   

-0.2 (11.7, 0.71) -1.7 (10.6, 0.79) -2.7 (10.2, 0.78) -4.4 (9.1, 0.84)

 
URNS   

-1.8 (16.0, 0.93) -4.1 (15.6, 0.94) -5.9 (15.0, 0.88) -8.2 (14.6, 0.84)

 
HWS   

-1.8 (28.2, 0.65) -12.5 (23.8, 0.69) -15.2 (21.3, 0.76) -11.1 (19.3, 0.92)
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Table 7. Estimates of change in tree species richness in Minnesota (MN). RMSE and 
coverage of 95% confidence intervals are in parentheses (RMSE, coverage). 

2 1S S
 

EST 80n   150n   200n   300n   

-2 
OS   

0.7 (3.5, 0.53) 0.5 (3.4, 0.60) 0.4 (3.3, 0.64) 0.2 (3.0, 0.73)

 
HTS   

0.6 (10.3, 0.90) 0.1 (7.5, 0.91) -0.3 (6.9, 0.91) -0.9 (5.8, 0.94)

 
URNS   

1.1 (14.7, 0.92) -0.9 (14.0, 0.94) -1.4 (13.3, 0.94) -1.9 (11.4, 0.97)

 
HWS   

6.3 (21.1, 0.62) 1.6 (20.0, 0.69) 1.2 (18.1, 0.72) -4.8 (16.6, 0.73)

-5 
OS   

0.6 (6.0, 0.12) 0.3 (5.7, 0.20) 0.0 (5.5, 0.21) -0.4 (5.1, 0.27)

 
HTS   

0.2 (8.6, 0.84) -0.6 (8.3, 0.87) -1.3 (7.5, 0.87) -2.4 (6.2, 0.92)

 
URNS   

-0.1 (15.0, 0.95) -1.5 (14.0, 0.94) -3.5 (13.8, 0.95) -4.6 (11.1, 0.92)

 
HWS   

4.9 (19.7, 0.62) -0.9 (19.6, 0.66) -3.1 (18.0, 0.69) -8.0 (16.0, 0.75)

-10 
OS   

0.41 (10.6, 0.00) 0.0 (10.3, 0.00) -0.3 (10.0, 0.00) -0.8 (9.4, 0.01)

 
HTS   

-0.3 (11.9, 0.65) -1.4 (11.1, 0.68) -2.2 (10.3, 0.73) -3.6 (8.6, 0.75)

 
URNS   

-1.2 (17.0, 0.92) -2.8 (15.6, 0.92) -4.8 (14.2, 0.91) -6.7 (11.6, 0.85)

 
HWS   

3.3 (19.5, 0.65) -2.8 (19.4, 0.65) -8.8 (18.2, 0.74) -8.5 (15.9, 0.67)

4. Discussion and Conclusions 

Maintaining forest tree species diversity is an important imperative in the context of 
sustainable forestry (Castaňeda, Palmberg-Lerche, & Vuorien, 2001; McDonald & Lane, 
2004; Mladenoff et al., 1993). Tracking the number of forest species and their abundance 
over time provides compelling information on the issue (Baffetta, Bacaro, Fattorini, Rocchini, 
& Chiarucci, 2007; Chiarucci & Bonini, 2005; Johnson, Mudrak, Beever, Sanders, & Waller, 
2008; Magnussen, et al., 2007). In the absence of exact knowledge about the status and trends 
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in forest tree species diversity, the required information is typically derived from a forest 
resource inventory with repeat observations on a network of permanent sample locations 
(Corona et al., 2010; Winter, Chirici, McRoberts, Hauk, & Tomppo, 2008). A professional 
identification of all encountered species is of paramount importance (Archaux, 2009; 
Archaux, et al., 2009). 

It is known that the number of observed forest tree species in regional or national forest 
monitoring programs typically underestimates the actual number of forest species present in 
the sampled forests (Cao, et al., 2004; Chiarucci, et al., 2003; Gimaret-Carpentier, et al., 1998; 
Hellmann & Fowler, 1999; Hwang & Shen, 2010; Lam & Kleinn, 2008; Magnussen & 
Boudewyn, 2008). The exceptions are in forests with few relatively rare species and in the 
absence of rare forest tree species. A handful of model-based estimators of species richness at 
a given point in time  with an anticipated good performance in terms of bias and root mean 
squared errors  are now available (Magnussen, 2011; Magnussen, et al., 2010; Mingoti & 
Meeden, 1992). The challenge of choosing the appropriate estimator for a given estimation 
problem, however, remains undiminished.  

A design-unbiased estimator of change in species richness would be choice since it avoids 
reliance on a potentially biased model (Gregoire, 1998; Little, 2004). However, the results 
from this study suggest that the observed difference in species count between two repeated 
probability samples may exhibit more bias than a model-based estimator of change. Despite 
an attractive root mean squared error, the widespread failure of computed confidence 
intervals to include the actual change in species richness stands as a serious detractor for 
using the observed difference as the estimator of change. This failure is not caused by a poor 
estimator of the sampling variance of the observed species count (Magnussen, 2009; 
Magnussen & McRoberts, 2011). Further studies are clearly needed to confirm whether 
performance of the direct estimate of change reported here is general or not.  

When a decision is made to use a model-based estimator of species richness and change in 
species richness between repeated sampling events, the question of which estimator to use 
emerges. For the purpose of estimating forest tree species richness – at a given point in time  
from a sample of species incidence data collected from fixed-area survey plots, the estimators 
by Shen and He (2008), Mingoti and Meeden (1992), Magnussen et al. (2010), and 
Magnussen (2011) hold promise. Although any estimator of species richness can be used for 
estimation of change from repeat sample-based observation of species incidence data, the 
efficiency of the chosen estimator, in terms of variance, depends on how well it captures the 
temporal correlation of species incidence. As demonstrated, both the HT and the URN 
estimators of species richness can be modified to deal with longitudinal data. Although the 
bootstrap resampling scheme is designed to capture temporal correlations, this study 
indicated that it is less efficient in doing so than either HT or URN. The temporal correlation 

between 2 1andHW HWS S   was lower (mean difference of approximately 0.3) than the temporal 

correlation between 2 1andHT HTS S   and also lower than the correlation 
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between 2 1andURN URNS S  . With the URN estimator of change the estimates of the temporal 

correlation were nearly as strong as the correlation between the observed sample-based 
species counts (mean of approximately 0.8). The direct use of longitudinal incidence records 
in the urn model is considered a likely explanation for this result. 

For estimation of change in species richness the URN estimator emerged as more attractive 

overall than its competitors (SO, HTS , HWS ) in terms of bias (it ranked first 22 times out 

of 48) and coverage of computed confidence interval (best coverage 28 times out of 48). 

None of the other estimators, SO, HTS and HWS , came close to this performance.  
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