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Appendix G: A bootstrap method to construct an unconditional variance estimator for any
interpolated or extrapolated estimator

Abundance data

Under the multinomial model given in Eq. 1 of the main text, we suggest the use of a
bootstrap method to approximate the variance of any interpolated or extrapolated diversity
estimator developed in this paper. After a variance estimator is obtained, the variance can then be
applied to construct a confidence interval of the expected diversity. Here we use the interpolated

species richness estimator qIIA)(m) given in Table 1 of the main text as an example. Parallel steps
can be formulated for any other estimators.

In the bootstrap procedure, we first need to construct the “bootstrap assemblage” which
mimics the true entire assemblage. We first determine the true species richness in this bootstrap
assemblage. As in the main text, define the abundance frequency count fi as the number of
species each represented by exactly k individuals in the reference sample. Thus, f; denotes the

number of singletons and f, denotes the number of doubletons in the sample. Let fo be any

proper estimator of the number of undetected species. Using the Chaol estimator (Chao 1984),
we have

¢ _ ) [n=D/n]tr/2f;), it £,>0
[(n-1)/n]f,(f,-1)/2, if f,=0.
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Since the number of species in the “bootstrap assemblage” must be an integer, we define fo* as

the smallest integer which is greater than or equal to fo. Thus, there are S, + fo* species in the

bootstrap assemblage. Although the Chaol estimator is theoretically a lower bound, simulations
have suggested that it can be used to estimate the variance of any estimator. This is mainly
because very rare species that are not counted in the lower bound have almost negligible effect
on variance.

Next we determine the true relative abundances for those species in the bootstrap
assemblage. For the Sqps Species that are observed in the reference sample, assume that the ith
species is represented by X; > 0 individuals. The sample relative abundance X; /n on average
overestimates the true relative abundance p;. This is seen from the following conditional
expectation:
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Thus, we need to tune or adjust the sample frequency X; /n. Chao and Jost (2012) showed that a

very accurate sample coverage estimator for the reference sample based on individual-based
abundance data is
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When f, = 0, a modified formula is
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Using the concept of sample coverage, Chao et al. (2013, in preparation) derive that the tuned
relative abundance in the bootstrap assemblage for the ith species is:
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where

i:

For the remaining fo* species in the bootstrap assemblage (i.e., those species that were not
detected in the sample but exist in the bootstrap assemblage), we assume they all have the same
probability [1—(5ind (m]/ fo*. This assumption may look to be restrictive, but the effect on the
resulting variance estimator is small.

After the bootstrap assemblage is determined, a random sample of m individuals is then
generated with replacement. Then a bootstrap estimateqf)(m) is calculated for the generated

sample, i.e., all statistics in our estimators are replaced by those computed from the generated
data. Replicate the procedure B times and obtain B bootstrap estimates (B = 200 in our examples).
Some preliminary simulations suggested that in our examples a replication size of 200 is
sufficient to obtain stable variance estimates and confidence intervals. The bootstrap variance

estimator of the estimator qf)(m) is the sample variance of these B estimates. The resulting



bootstrap s.e. of qI5(m) is then used to construct a 95% confidence interval qI5(m)

+1.96 s.e.[qf)(m)] for the expected diversity of order g in a sample of size m. Similar

procedures can be used to derive variance estimators for any other estimator and the associated
confidence intervals.

Incidence data

Consider the independent Bernoulli model in Eq. 2a of the main text. We assume that each
species may or may not be detected in each of T independent sampling units (quadrats, plots,
traps, microbial culture plates, etc.). We assume in the reference sample that species i is detected
in Yisamples, fori=1, 2, ..., S. Define the incidence frequency count Qy as the number of
species that are detected in exactly Y; = k samples, k=0, 1, ..., T. The independent Bernoulli

model assumes that the incidence probability of species i in any sample is 7z,. Thus Y;is a
binominal random variable with parameters (T, 7;), as shown in Eq. 2b of the main text. Here
we describe the bootstrap assemblage for each sampling unit as all procedures are parallel to
those for abundance data. Let (50 be any proper estimator of the number of undetected species.
Using the Chao2 estimator (Chao 1987) for species richness, we have

b =
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As with the abundance data, we define (ﬁo as the smallest integer which is greater than or equal

to QO. This assures that the number of species in the bootstrap assemblage, S, + Q;’, Is an

integer. The species incidence probabilities for the Syps Observed species in this bootstrap
assemblage are estimated by

where
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Here U =YY, denotes the total number of incidences in the reference sample, ésample(T)

denotes the sample coverage estimate for the reference sample (see Eq. (C.7)),
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and
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For the remaining Qg species that are in the bootstrap assemblage but were not detected in

the sample, we assume they all have the same incidence probabilities (U /T)[1- ésamp|e(T)]/Q$-

Given the bootstrap assemblage, then a Bernoulli random variable Wj; in the independent
Bernoulli product model (Eq. 2a of the main text) can be generated, and thus an incidence data
matrix is obtained. Other procedures follow those for the abundance data as described above.
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