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Abstract We used survey data collected from a large plot
(20 ha) of sub-tropical forest in the Dinghushan Nature
Reserve, Guangdong Province, southern China, in 2005
to test the comparative performance of nine species-
richness estimators (number of observed species, three
species-individual curve models, five nonparametric
estimators). As the true species richness, we used the 210
free-standing shrub and tree species of >1 cm diameter
at breast height recorded during the survey. This true
species richness was then used to calculate performance
measures of bias, accuracy, and precision for each esti-
mator, whereby we distinguished performance for low,
medium, and high sampling intensity. Unsurprisingly,
all estimators performed better than the number of ob-
served species in terms of bias and accuracy. Surpris-
ingly, however, two curve models (logistic and
logarithm) outperformed all other estimators in terms of
bias, accuracy, and precision, which is in contrast to
most other previous studies, in which nonparametric

methods usually outperform curve models. Intriguingly,
relative estimator performance changed between low,
medium, and high sampling intensity, sometimes dra-
matically, reinforcing the assertion that the influence of
sampling intensity on estimator performance is an
important aspect to investigate and to consider when
choosing estimators for ecological surveys. Because
these results are based on only one dataset, the results
should be treated with caution, both because (1) the
generality of these results needs to be confirmed with
simulated datasets and (2) more work is needed to
establish what ‘‘true’’ species richness is extrapolated by
each of the tested estimators in both the statistical and
the practical sense. Nevertheless, the two curve estima-
tors, namely Logistic and Logarithm, should be consid-
ered in future studies of comparative performance of
species-richness estimators because of their outstanding
performance in this study.

Keywords Bootstrap Æ Chao1 Æ Chao3 Æ Jackknife Æ
Species-individual curves Æ Species-richness estimation

Introduction

One of the most commonly used measures of species
diversity, or biodiversity, is species richness (Chiarucci
et al. 2003; Colwell and Coddington 1994). Complete
enumeration of species richness for a large-scale study of
community ecology is difficult, especially for sampling
units exceeding a few hundreds of square meters
(Chiarucci et al. 2003; Palmer 1995; Palmer et al. 2002).
To reliably estimate species richness, various numerical
methods have been developed (Arrhenius 1923; Chao
1984, 1987; Colwell and Coddington 1994; Efron and
Thisted 1976; Heltshe and Forrester 1983; Smith and
van Belle 1984; Walther and Moore 2005). These
methods can be categorized into the following four types
of estimators: (1) number of observed species, (2)
extrapolations of species-accumulation curves, (3) non-
parametric estimators, and (4) the fitting of species
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abundance models (Colwell and Coddington 1994; Pal-
mer 1990, 1991; Walther and Martin 2001; Walther and
Moore 2005; Walther and Morand 1998).

The number of observed species is simply a plot of the
number of discovered species as sampling intensity in-
creases. Fitting species-accumulation curves (or species-
area curves) to such a simple sampling intensity-species
richness plot and extrapolating asymptotic species rich-
ness is a method that has long been appreciated in
ecological studies (de Candolle 1855; Jaccard 1902,
1908) and widely used to estimate species richness
(Evans et al. 1955; Grassle and Maciolek 1992; Hubbell
and Foster 1983; Kilburn 1966; Palmer 1990, 1991; Rey
Benayas and Scheiner 2002; Ugland et al. 2003; Walther
and Martin 2001).

The most widely used nonparametric methods are
probably the bootstrap, jackknife, and Chao families
(Chao1984;EfronandThisted1976;HeltsheandForrester
1983; Smith and van Belle 1984). These nonparametric
estimators are especially applicable to quadrat-based
datasets that canbe treated as either the randomsamples of
space or as the fixed samples of individuals (Heltshe and
Forrester 1983). They are also applicable for estimation
using abundance data and incidence-based data (presence/
absence).

Fitting of species abundance models has also been
used (e.g., Palmer 1990, 1991), but not as widely and
successfully as the other two methods (Walther and
Moore 2005).

One of several critical problems in species-richness
estimation is that underestimation may result from low
sampling intensity, e.g., because the area of the field sur-
veys is too small (Chiarucci et al. 2003). Owing to the
limitation of appropriate data collections for testing spe-
cies-richness estimators, effects of sampling intensity on
different richness estimators are therefore usually evalu-
ated with simulated datasets (Baltanás 1992; Burnham
and Overton 1979; Heltshe and Forrester 1983; Norris
and Pollock 1996;Walther andMorand 1998; Zelmer and
Esch 1999). However, the recent availability of large plot
survey data in tropical forests facilitates the test and
comparisons of different methods with real datasets
(Chazdon et al. 1998; Chiarucci et al. 2003; Palmer 1990,
1991; Skov and Lawesson 2000). For example, using data
from studies in three 50-ha plots found that Chao and
jackknife estimators performed poorly and underesti-
mated the true value of species richness (Condit et al.
1996). Another study in a 25-ha primary lowland rain-
forest of Pasoh, Malaysia, compared first-order and sec-
ond-order jackknife and two Chao estimators; it revealed
that Chao estimators provided an earlier bias reduction
than did jackknife estimators, and that the maximum
correction is higher and occurs earlier when the propor-
tion of rare species is high, which is true for Pasoh Forest
Reserve, Malaysia (Chiarucci et al. 2003; Gimaret-
Carpentier et al. 1998; He et al. 1996). Subtropical and
temperate forests have less rare species compared to the
hyper-diverse forests of the tropics. We suspect that these
estimators may perform differently for forest types char-

acterized by different species-abundance distributions
(which determine the relative proportions of common and
rare species). To further study the performance of various
species-richness estimators, we examine them here with
data collected from a 20-ha plot in a subtropical forest.

Thus, the objectives of this paper are: (1) to compare
the performance of species-individual curve estimators
and nonparametric estimators in extrapolating species
richness; (2) to investigate the relationship between
sampling intensity and estimators; and (3) to compare
the results with former studies.

Materials and methods

Data sources and community structure

Our study site is located in the Dinghushan Mountain
area (112�30¢39¢¢–112�33¢41¢¢E, 23�09¢21¢¢–23�11¢30¢¢N)
in Guangdong Province, China (Zhou et al. 2006). Its
nearest city is ZhaoQing. TheDinghushanMountain area
was the first nature reserve to be established in China in
1956.Over the last 50 years, it has gained high importance
in the conservation of biodiversity and forest ecosystems.
The total area of the reserve is 1,155 ha, with altitude
varying from 14–1,000 m, most of it covered by tropical-
subtropical forests growing on lateritic red soil (Mo et al.
2008). The reserve has a southern subtropical monsoon
climate. Based on 50-year records, the mean annual
temperature of the area is 20.9�C, with the lowest mean
monthly temperature in January (12.6�C) and highest
mean monthly temperature in July (28.0�C). The mean
annual precipitation is 1,929 mm(wet seasonmainly from
April to September), the mean annual evaporation is
1,115 mm, and the mean relative humidity is 82%.

We established a 20-ha permanent plot called the
Dinghushan plot (DHS plot) in the Dinghushan Nature
Reserve (Fig. 1). The DHS plot (400 · 500 m) was further
divided into 500 subplots of 20 · 20 m, and then into
8,000 continuous 5 · 5 m quadrats for the tree census.We
conducted the census between January and October 2005.
In the first survey of the DHS plot, all free-standing trees
and shrubs greater than 1 cm diameter at breast height
(DBH)weremeasured, positioned on a referencemap, and
identified to species (we recorded 210 species then). As the
DHS plot was completely surveyed, we use this species
count of 210 species as the true value of species richness for
the DHS plot, but not for the community. Performance of
all estimators was evaluated by comparing their returned
estimates to this ‘‘true’’ species richness.

Species-richness estimators

Number of observed species (Sobs)

Sobs is the number of observed species; it is a straight-
forward and commonly used indicator for species rich-
ness (SR).
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Extrapolation of species-individual curves

Species-individual curves use individuals as sample
units, with each individual considered one sample. We
wrote our computer programs in the R2.3.1 platform,
which was available from R Foundation for Statistical
Computing, Vienna, Austria (ISBN 3-900051-07-0,
http://www.R-project.org). The total number of indi-
viduals (T) in the DHS plots was 71617. To create our
plot of sampling intensity (i.e., number of individuals)
versus mean species richness (Sobs), we calculated a

sampling intensity series ranging from 100 to 71,617
individuals increasing by intervals of 500, with the
number of sampling intensities thus totaling 144 (with
sampling intensities ranging from 100 to 71,600). At
each sampling intensity, we randomly sampled individ-
uals in the entire DHS plot 100 times, and then from
these 100 samples calculated one mean Sobs until we had
the complete plot of sampling intensity versus mean Sobs

(Fig. 2a).
Three species-accumulation curve estimators were

fitted to this data plot:

Fig. 1 Location of the
Dinghushan plot (DHS plot)
in Dinghushan Mountain
Biosphere Reserve, South
China. a China, The asterisk
near Guangzhou is the location
of Dinghushan Mountain.
b Dinghushan Mountain with
the white rectangle indicating
the 20-ha permanent plot
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Fig. 2 The relationship between estimated species richness and
sampling intensity for the nine estimators (a Sobs, b Power, c
Logistic, d Logarithm, e Jack1, f Jack2, g Boot, h Chao1, i Chao3),

the dashed line representing the true species-richness value in the
20-ha Dinghushan plot (DHS plot)
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(1) Power curve (Arrhenius 1921, 1923):

S ¼ cnz ð1Þ

where S is the number of species encountered for sam-
pling intensity n (i.e., the number of individuals), with c
and z being parameters.

(2) Logistic curve (Archibald 1949):

S ¼ B
C þ n�Z

ð2Þ

where S is the number of species encountered for sam-
pling intensity n, with B, C, and Z being parameters.

(3) Logarithm curve (Gleason 1922, 1925):

S ¼ C þ Z lnðnÞ ð3Þ

where S is the number of species encountered for sam-
pling intensity n, with C and Z being parameters.

There are two types of curve models, so-called non-
asymptotic and asymptotic models (briefly reviewed in
Walther and Moore 2005). Non-asymptotic models
go towards infinity as sampling intensity goes towards
infinity, e.g., the Power and the Logarithm curve,
while asymptotic models approach an upper limit (i.e.,
the true species-richness asymptote) as sampling
intensity goes towards infinity, e.g., the Logistic curve.
Using non-asymptotic models, there is only one way
to estimate species richness, which is to use the esti-
mated value of the curve model for some value of
sampling intensity (in our case, the total number of
individuals, i.e., 71,617 individuals). However, with
asymptotic models, one could also estimate true spe-
cies richness by calculating the value of the asymptote
as sampling intensity goes towards infinity. In our
case, we chose to use the former method for all three
curve models.

Because curve models cannot be fitted reliably with
only a few data points, we used the first ten points de-
rived from sampling intensity—Sobs data plot (see
Fig. 2a) obtained from the ten smallest sampling inten-
sities and fitted each of the three curve models to the
data. We then increased sampling intensity by one until
we reached the maximum sampling intensity (i.e., 144)
thus yielding 134 values of estimated species richness
(estimated at the maximum sampling intensity of 71,617
individuals, not infinity, see above) for each fitted curve
model. The data were fitted with the method of non-
linear least squares which, for each sampling intensity,
yielded values for the two or three respective parameters
of each curve model, which were then used to calculate
estimated true species richness. Parameters determined
at the previous, lower sampling intensity were always

used to begin the fitting process for the next higher
sampling intensity.

Nonparametric estimators

The first-order jackknife (Jack1) and the second-order
jackknife (Jack2) (Burnham and Overton 1978, 1979;
Colwell and Coddington 1994) were based on the pres-
ence of ‘‘unique species’’, which are defined as species
which only occur in one sampling unit (Colwell and
Coddington 1994; Heltshe and Forrester 1983). Follow-
ing Brose and Martinez (2004), we used their respective
abundance-based forms:

Jack1 ¼ Sobs þ r1
n� 1

n

� �
ð4Þ

Jack2 ¼ Sobs þ r1
2n� 3

n
� r2
ðn� 2Þ2

nðn� 1Þ ð5Þ

whereSobs is the number of species observed in the sample,
n is the sampling intensity (i.e., the number of individuals),
r1 is the number of species which occur in only one sample
(singleton), and r2 is the number of species which occur in
only two samples (doubleton).

The Bootstrap estimator (Boot) (Colwell and Codd-
ington 1994; Efron 1979; Smith and van Belle 1984) is
based on the frequency distribution of the species found
in the sample, i.e., the proportion of abundances of each
species; we used its abundance-based form:

Boot ¼ Sobs þ
XSobs
j¼1
ð1� pjÞn ð6Þ

where Sobs is the number of species observed in the
sample, and pj is the probability of species j occurring in
the sample, which is the number of individuals of species
j divided by n in our calculation.

Chao (1984) developed a group of nonparametric
estimators which were originally designed for an indi-
vidual-based sampling approach, taking into account
singletons and doubletons. The formulas are:

Chao1 ¼ Sobs þ r21=ð2r2Þ ð7Þ

Chao3 ¼ Sobs þ
r21

2ðr2 þ 1Þ þ
r1r2

2ðr2 þ 1Þ2
ð8Þ

where Sobs, r1, and r2 are as defined above.
For nonparametric estimation, we used the 134

points in the sampling intensity series from 4,600 to
71,617 individuals with an interval of 500, randomly
sampled each sampling intensity for 100 times, and then
counted r1, r2 and Sobs to calculate the nonparametric
estimators.

Measures of estimator performance

The performance of the nine estimators was evaluated by
the percentage of overestimates, the scaled mean error
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(SME), the scaled mean square error (SMSE) (Walther
and Moore 2005) and the standard error.

The percentage of overestimates is a measure of bias
which does not take the magnitude of bias into account,
only its direction. If this value is close to 100 or 0%, the
estimator is very biased. An unbiased estimator should
overestimate exactly 50% of the time (Walther and
Moore 2005).

To measure the magnitude of bias, we used the mean
error (ME):

ME ¼ ðSest � StÞ
St

where Sest is the estimated richness value of the whole
20-ha plot and St is the true value of SR in the plot
(St = 210). The scaled mean error (SME) is then a
measure of mean bias for each estimator, and was cal-
culated using following equation (Walther and Moore
2005):

SME ¼
XNs

j¼1

ðSestj � StÞ
NsSt

where NS is the number of sampling intensities.
The accuracy of each estimator was assessed by using

the scaled mean square error (SMSE), which was cal-
culated using the following equation:

SMSE ¼
XNs

j¼1

ðSestj � StÞ
St

� �2
=Ns

The precision of each estimator was assessed by
calculating the standard error for all the estimates re-
turned from each estimator. Measures of precision only
characterize the variation of the returned estimates
themselves, without consideration of their relative
distance to the true value (Walther and Moore 2005).
Therefore, the most precise estimator would always

return the same value, no matter what the sampling
intensity.

Finally, we computed the adjusted coefficient of
determination (Ra

2) for the three curve estimators, as
used for species-abundance curve fitting (Boecklen and
Gotelli 1984; Loehle 1990). It measures the goodness of
fit. This coefficient was calculated as:

R2
a ¼ 1� ðNs � 1ÞRSS

ðNs � kÞTSS

where RSS is the residual sum of squares, TSS is the
total sum of squares, NS is the number of sampling
intensities, and k is the number of parameters in a
model. This coefficient is more suitable than the usual
coefficient of determination R2 in that it takes into ac-
count the respective numbers of degrees of freedom of
the numerator and denominator (He et al. 1996).

Results

In the DHS plot, we recorded a total of 71,617 individ-
uals belonging to 210 species, 119 genera, and 63 families.
Lauraceae and Euphorbiaceae were the two most abun-
dant families, with 21 and 20 species, respectively. One of
the understorey species, Aidia canthioides, was the most
abundant species with 5,996 individuals although its
basal area was relatively small (0.2 m2/ha). In contrast,
Castanopsis chinensis, was a moderately abundant can-
opy tree species with 2,311 individuals but with the
highest basal area (8.66 m2/ha). On the other end of
abundance, 108 species were represented by less than 20
individuals.

The performance of the nine estimators is shown in
Table 1. All estimators performed better than Sobs in
terms of bias (SME) and accuracy (SMSE). Sobs, Lo-
gistic, Logarithm, and Boot had overall negative bias

Table 1 Performance of different estimators for estimating true species richness at low sampling intensity = 0 to 33% abundance;
medium sampling intensity = 33 to 66% of abundance; and high sampling intensity = 66 to 100% abundance; mean = 0 to 100%
abundance (100% equaling the whole plot)

Low sampling
intensity

Medium
sampling intensity

High
sampling intensity

Mean Standard
error

Percentage of
over estimates

Mean Ra
2

SME (%) SMSE (%) SME (%) SMSE (%) SME (%) SMSE (%) SME (%) SMSE (%)

Sobs �22.268 5.481 �8.171 0.725 �2.203 0.067 �10.880 2.091 20.069 0 –
Power 17.047 3.407 5.773 0.354 2.571 0.069 8.464 1.277 15.911 100.00 0.985
Logistic �2.419 0.123 �0.661 0.005 �0.504 0.003 �1.195 0.044 3.704 0 0.997
Logarithm �3.643 0.182 �0.750 0.006 �0.412 0.002 �1.602 0.063 4.158 0 0.992
Jack1 �7.551 1.077 5.079 0.438 11.366 1.358 2.965 0.958 19.626 59.722 –
Jack2 �0.468 0.646 10.962 1.666 18.847 3.749 9.780 2.020 21.644 73.611 –
Boot �15.440 2.855 �2.029 0.144 3.939 0.187 �4.510 1.062 19.510 36.111 –
Chao1 �6.888 1.208 4.652 0.772 13.768 2.318 3.844 1.433 23.669 58.333 –
Chao3 �7.463 1.246 4.198 0.678 12.992 2.038 3.242 1.320 23.040 55.556 –

The following performance measures are used: bias measures (SME scaled mean error; percentage of overestimates); accuracy (SMSE
scaled mean square error); and precision (standard error). Ra

2 = adjusted coefficient of determination (see text for further details)
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with the percentage of overestimates being lower than
50%. The other five estimators (Power, Chao1, Chao3,
Jack1, and Jack2) had overall positive bias with the
percentage of overestimates being above 50%. Logistic
had the smallest absolute value of SME of all estimators,
followed by Logarithm, Jack1, Chao3, Chao1, Boot,
Power, Jack2 and Sobs.

Logistic also had the highest accuracy (smallest
SMSE value), followed by Logarithm, Jack1, Boot,
Power, Chao3, Chao1, Jack2, and Sobs. Thus, the non-
parametric estimators Chao3, Chao1, and Jack2 were
conspicuously inaccurate, with Jack2 also being the
most biased (disregarding Sobs which naturally performs
badly, see Walther and Moore 2005).

Because of the distinctive behavior of each estimator
as sampling intensity increases, these sequences do not
necessarily hold for low, medium, and high sampling
intensity. For example, for low sampling intensity, all
estimators except Power had negative bias, with the
smallest absolute value of SME associated with Jack1,
followed by Logistic, Logarithm, Chao1, Chao3, Jack1,
Boot, Power, and Sobs. For medium sampling intensity,
this sequence changes to Logistic, Logarithm, Boot,
Chao3, Chao1, Jack1, Power, Sobs, and Jack2 (with
negative bias restricted to four estimators), and for high
sampling intensity, it changes again to Logarithm, Lo-
gistic, Sobs, Power, Boot, Jack1, Chao3, Chao1, and
Jack2 (with negative bias now restricted to only three
estimators).

Likewise, when we consider the estimators’ accuracy,
sequences change from Logistic, Logarithm, Jack2,
Jack1, Chao1, Chao3, Boot, Power, and Sobs for low
sampling intensity to Logistic, Logarithm, Boot, Power,
Jack1, Chao3, Sobs, Chao1, and Jack2 for medium
sampling intensity and Logarithm, Logistic, Sobs, Power,
Boot, Jack1, Chao3, Chao1, and Jack2 for high sampling
intensity.

The percentage of overestimates is a comparatively
crude bias measure, as it does not take into account the
magnitude of under- or overestimates. Nevertheless, it is
informative to note that Sobs, Logistic, and Logarithm
always returned an estimated species richness below the
true species richness, while Power always yielded an
estimated species richness above the true species rich-
ness.

The relationships between estimated SR and sam-
pling intensity are shown in Fig. 2. These figures
graphically confirm the results presented above. For
example, it is immediately evident that Sobs, Logistic,
and Logarithm consistently underestimated SR, while
Power consistently overestimated SR at all sampling
intensities. Furthermore, their accuracy consistently in-
creased with sampling intensity until they basically
merged with the true species richness asymptote. The
Logistic curve became flat earlier than the Logarithm
curve while the Sobs and Power curves remained curvi-
linear, therefore yielding large biased estimates of SR at
low and medium sampling intensity. Jack1, Jack2, Boot,
Chao1, and Chao3 underestimated the true value of SR
at low sampling intensity and overestimated it at med-
ium to high sampling intensity. Their values fluctuated
considerably from one sampling intensity to the next,
explaining the much larger standard errors (Table 1).

Logistic and Logarithm had much smaller standard
errors than all the other estimators (followed by some
distance by Power, Boot, Jack1, Sobs, Jack2, Chao3, and
Chao1), showing that they were much more precise than
the other estimators for varying sampling intensities.

The Power, Logistic, and Logarithm curve estimators
fitted well with the data from the DHS plot (Fig. 3). The
fitted equations were S = 23.65N0.1978 for the Power
model, S = 6.044/(0.2058 + N0.429) for the Logistic
model, and S = �91.41 + 26.82log(N) for the Loga-
rithm model. According to the value of Ra

2, the Logistic
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Fig. 3 Dinghushan plot’s (DHS
plot) species-individual curves
fitted by the a Power, b Logistic,
and c Logarithm estimator,
respectively. The filled points
represent the observed number
of species (Sobs) at the
respective sampling intensity,
and the black line represents the
theoretical values of fitting
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model fitted better than the Logarithm and the Power
model. The Ra

2 of the Logistic model was 0.999, followed
by 0.994 in the Logarithm model, 0.974 in the Power
model.

Discussion

Several previous studies on species-richness estimation
of plant communities were based on datasets collected
from only a limited fraction of the total area covered by
the plant community (Chazdon et al. 1998; Chiarucci
et al. 2003; Keating and Quinn 1998). One advantage of
the present study was that we had a complete data
set from a relatively large area of 20 ha that contained
over 70,000 individuals, which allowed us to study the
performance of nine estimators at different sampling
intensities (or increasing sampling effort). We could thus
show that different estimators perform quite differently
for different sampling intensities, and that an overall
performance measure (i.e., averaged over all sampling
intensities) may hide a lot of complexity in the behavior
of each estimator. Therefore, important information on
estimator behavior is conveyed by graphs as plotted in
Fig. 2 and summarized for different sampling intensities
using several performance measures (Table 1).

Considering all our performance measures of bias,
accuracy and precision, it is immediately evident that for
this particular dataset, Logistic and Logarithm far out-
perform all other estimators, while, as expected, Sobs is
the worst estimator (except at very high sampling
intensities when basically all species had already been
discovered), further supporting the notion that the use
of almost any estimator is preferable to the simple spe-
cies count (Walther and Moore 2005). The very good
performance of these two curve estimators is somewhat
surprising, since curve estimators usually perform worse
than most nonparametric estimators, with a few notable
exceptions (Walther and Moore 2005).

Another interesting aspect to note is that curve esti-
mators either consistently under- or overestimate
true species richness, with their accuracy consistently
increasing as sampling intensity increases, which is
markedly different to the behavior of the nonparametric
estimators which (1) are not consistently biased but
usually have negative bias at low sampling intensity and
positive bias at high sampling intensity and (2) do not
become consistently more accurate as sampling intensity
increases, which is a rather undesirable characteristic
(Fig. 2). It is also evident that curve estimators are much
more precise than nonparametric estimators (Table 1),
and this lack of precision at high sampling intensity is
especially disappointing for the nonparametric estima-
tors (Fig. 2).

Another important aspect of this study is that we can
in detail observe how estimators perform at different
sampling intensities, and how much sampling intensity
influences performance of estimators relative to each
other. For example, Jack2 is the least biased and third

most precise estimator for low sampling intensity, but
with increasing sampling intensity quickly increases its
returned values to such an extent that it becomes the
overall worst estimator with the exception of Sobs

(Table 1). The reverse is true for Power, which is the worst
estimator for low sampling intensities with the exception
of Sobs but increases its performance with increasing
sampling intensity because, like Sobs, it eventually mer-
ges with the true species-richness asymptote (Table 1).
For most practical purposes, good performance at low
and medium sampling intensities is more important than
at high sampling intensity, because once Sobs approaches
the true species richness, there is little need to use esti-
mators anymore (Walther and Morand 1998). There-
fore, it is extremely important to distinguish different
sampling intensities in studies of estimator performance
(e.g., Walther and Morand 1998, Walther and Martin
2001, and this study).

To the best of our knowledge, this is the first study of
estimator performance using real data from a large-scale
subtropical forest plot. For such large-scale datasets,
curve estimators may actually be preferable to non-
parametric estimators, but given the usual better per-
formance of nonparametric estimators (Walther and
Moore 2005), it remains to be shown whether the result
of the present study is an exception or the rule for large-
scale datasets or datasets stemming from hyper-diverse
communities such as this subtropical forest. Such com-
munities may display entirely different species-abun-
dance distributions than low-diversity or small-scale
communities, which have been more often used for such
comparative studies (Walther and Moore 2005). For this
reason, studies of comparative performance should
ideally combine both real and simulated datasets (e.g.,
Walther and Morand 1998). Therefore, future studies
may try to simulate species-abundance distributions
usually found in hyper-diverse large-scale subtropical
and tropical communities so as to strengthen the case for
the good performance of these curve estimators for
various biological communities.

Furthermore, this study demonstrated that non-
parametric estimators underestimate true species rich-
ness at low sampling intensity and overestimate it at
high sampling intensity. This observation is consistent
with a previous suggestion that nonparametric estima-
tors are probably not so useful for predicting the species
richness of large-scale regions (Smith and van Belle
1984). Our results suggest that certain curve estimators
may be better estimators for such large-scale commu-
nities.

In further support of this argument, Gimaret-
Carpentier et al. (1998) tested nonparametric estimators
by sampling clusters of a fixed number of individuals in
Pasoh Forest Reserve, Malaysia where they found that
Jack1 and Jack2 overestimated true species richness
once samples size exceeded 4,500 individuals, and Chao1
and Chao2 once sampling intensity exceeded 6,700
individuals. In our study, the five nonparametric esti-
mators used in this study overestimated species richness
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at even higher sampling intensity than those reported for
Pasoh. For example, the threshold for overestimation
for was 16,100, 17,100, 21,100, and 33,600 individuals
for Jack2, Chao1, Chao3, and Jack1, respectively.

However, this entire argument can be turned on its
head as one may argue that the nonparametric estima-
tors are designed to estimate the true species richness of
the entire community, not just the community found in
the plot. Therefore, the estimates returned by the non-
parametric estimators may reflect the true species rich-
ness of the entire forest including all those species
outside of the sampled plot. Therefore, defining what the
true species richness is has, of course, a great influence
on the performance measures of bias and accuracy (but
not precision, see Walther and Moore 2005). Walther
and Moore (2005) made a few suggestions of how to
reliably establish true species richness, but this problem
has to be urgently addressed in a more rigorous statis-
tical as well as practical manner. However, in our par-
ticular case, expanding beyond 20 ha would have meant
to include disturbed forest, thus changing the target
community to be sampled.

In summary, while all nine estimators had some
deficiencies, for this particular dataset and this particu-
lar true species richness, two curve estimators, namely
Logistic and Logarithm, far outperformed all other
estimators, and should therefore be seriously considered
in future studies of comparative performance of species
richness estimators, which should always give careful
consideration to different sampling intensities and the
determination of the ‘‘true’’ species richness.
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