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Abstract.—Phylogenetic analyses of large data sets pose special challenges, including the apparent ten-
dency for the bootstrap support for a clade to decline with increased taxon sampling of that clade. We
document this decline in data sets with increasing numbers of taxa in Astragalus, the most species-rich
angiosperm genus. Support for one subclade, Neo-Astragalus, declined monotonically with increased
sampling of taxa inside Neo-Astragalus, irrespective of whether parsimony or neighbor-joining meth-
ods were used or of which particular heuristic search algorithm was used (although more stringent
algorithms tended to yield higher support). Three possible explanations for this decline were exam-
ined, including (1) mistaken assignment of the most recent common ancestor of the taxon sample (and
its bootstrap support) with the most recent common ancestor of the clade from which it was sampled;
(2) computational limitations of heuristic search strategies; and (3) statistical bias in bootstrap propor-
tions, especially that from random homoplasy distributed among taxa. The best explanation appears
to be (3), although computational shortcomings (2) may explain some of the problem. The bootstrap
proportion, as currently used in phylogenetic analysis, does not accurately capture the classical no-
tion of con�dence assessments on the null hypothesis of nonmonophyly, especially in large data sets.
More accurate assessments of con�dence as type I error levels (relying on iterated bootstrap methods)
remove most of the monotonic decline in con�dence with increasing numbers of taxa. [Bootstrap;
phylogeny reconstruction; species richness; taxon sampling.]

Astragalus L. is a vast assemblage of
>2,500 species and 250+ sections (Lock and
Simpson, 1991; Mabberly, 1997) in the an-
giosperm family Leguminosae (Fabaceae).
Distributed mainly in cool arid regions of the
Northern Hemisphere and South America,
Astragalus is especially diverse in south-
west Asia ( » 1,000–1,500 species), the Sino-
Himalayan region (500 species), western
North America ( » 400 to 450 species), and
along the Andes in South America (100–150
species). It is also diverse in Mediterranean
climates along the west coasts of North and
South America and in Europe. Many As-
tragalus species are narrow endemics, often
preferentially distributed in marginal habi-
tats or associated with specialized substrates.
However, many temperate herbaceous an-
giosperm genera have similar ecological and
biogeographic characteristics without dis-
playing the species-richness of Astragalus.
Astragalus, therefore, provides an opportu-
nity for studying evolutionary processes on a
nearly unique scale. At the same time, it rep-
resents a challenge to the prevailing taxon
sampling strategy in phylogenetics, which,
almost of necessity, reliesonsampling a mod-
est number of taxa (Kim, 1998).
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An important clue to phylogenetic rela-
tionships in Astragalus is a close correla-
tion between chromosome number and ge-
ographic distribution. Of the » 2,000 Old
World species, all but 22 have euploid num-
bers based on n = 8 (among those assayed).
Of the 500 New World species, all but 13
have numbers in an aneuploid series, with
n = 11–15. Previous molecular phylogenetic
analyses based on fairly small taxon sam-
ples supported the monophyly of the almost
exclusively New World aneuploid species.
This group, referred to as “Neo-Astragalus”,
is nested well within Old World euploid
taxa. Wojciechowski et al. (1993) sequenced
nuclear rDNA internal transcribed spacer
(ITS) regions for 14 aneuploid and 12 eu-
ploid Astragalus and found bootstrap sup-
port for Neo-Astragalus at the 88% level.
Corroboration was found in independent
chloroplast restriction fragment length poly-
morphism data sets (Sanderson and Doyle,
1993; Liston and Wheeler, 1994).

Recently we completed a much more in-
tensive molecular phylogenetic study in As-
tragalus, increasing the taxon sampling by
�vefold (Wojciechowski et al., 1999). Once
again, Neo-Astragalus is a clade, but the
support—as measured by bootstrap propor-
tions (BP; Felsenstein, 1985)—declined to
64–73%, depending on the search strategy.
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This decline is more than can be explained
by the binomial sampling variance of BP that
stems from the �nite number of bootstrap
replicates (Hedges, 1992) and raises several
issues about the assessment of con�dence in
phylogenetic analyses of large sets of taxa.
The purpose of this paper is to reevaluate the
monophyly of thiskeystone group within As-
tragalus in light of a much more intense taxon
sample, and weigh its support in the context
of the possible methodological problems that
arise in the analysis of large data sets. Basi-
cally, we ask whether the apparent decline
in support is real or an artifact of measures
of support or strategies of taxon sampling.
We regard our preliminary �nding as an im-
portant challenge to our long-term strategy
for tackling sampling in Astragalus—that is,
identifying strongly supported clades in lim-
ited taxon samples and then designing fu-
ture sampling strategies around those re-
sults. Lecointre et al. (1993; see also Poe,
1998) suggested that taxon sampling can in-
�uence the amounts of support for a clade;
if their warnings hold even for strongly sup-
ported but sparsely sampled clades, then the
phylogenetic analysis of species-rich clades
may be even more dif�cult than previously
imagined.

We consider three distinct explanations for
the observed difference in bootstrap support
between our sparse and more complete taxon
samples.

Explanation 1: The result is real but relevant
to the wrong node in the tree.—The support for
the smaller, sparsely sampled clade is high,
but that clade does not correspond to Neo-
Astragalus in the sense entailed by a larger
sample of taxa. Instead, what was previ-
ously considered “Neo-Astragalus” is nested
within Neo-Astragalus, and Neo-Astragalus
as a whole is poorly supported (Fig. 1). The
most recent common ancestor of a small sam-
ple of taxa may not be the same as that for the
larger sample from which it is drawn, and ob-
viously their supports may differ. Our earlier
�nding (Wojciechowski et al., 1993) was con-
tingent on the particular sample of species
chosen, and presumably a different sample,
spanning the root node of Neo-Astragalus,
would have had less support.

Explanation 2: The result is an artifact of a
progressive deterioration in the ability of heuris-
tic tree search algorithms to �nd the optimal
tree as the number of taxa increases.—For com-
binatorial optimization algorithms such as

FIGURE 1. Explanation 1: Taxon sampling and node
recognition. The most recent common ancestor of a small
sample of taxa, {A, B, C}, here labeled SRN (sample root
node), may be different from the most recent common
ancestor of the larger clade it is thought to represent,
labeled RN (root node). If the smaller clade has greater
bootstrap support than the larger clade, support will be
seen to decline once additional sampling (say, by adding
taxon D) begins to span the true common ancestor of the
larger clade.

parsimony, likelihood, and certain distance
methods, no ef�cient methods are known
that can guarantee an optimal solution when
the number of taxa exceeds » 8–20 taxa
(Swofford et al., 1996). A group that is mono-
phyletic in the most-parsimonious tree might
not be monophyletic in suboptimal trees, in-
cluding those that are derived from boot-
strapped data sets from the original data ma-
trix. If this happens, many more instances
of nonmonophyly will be discovered among
the bootstrap replicates than would be found
had the optimal trees been uncovered. After
all, there are many more ways for a group
not to be monophyletic than to be mono-
phyletic. If this pattern gets worse with in-
creasing numbers of taxa, a decline in sup-
port would result.

Explanation 3: The result is an artifact of the so-
called bias in bootstrap proportions that has been
discussed in the theoretical literature.—Boot-
strap support for a clade is often less than
the probability that the clade is found on the
true tree (Zharkikh and Li, 1992a, 1995; Hillis
and Bull, 1993; Felsenstein and Kishino, 1993;
Efron et al., 1996; Newton, 1996). This effect
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may become more pronounced as the num-
ber of taxa sampled increases. Although ini-
tial discussions concluded that the bias was
in the direction of underestimating true ac-
curacy (as long as support was >50%), Efron
et al. (1996) cited examples in which this bias
can go in either direction. As yet, investiga-
tions of this bias have not considered the ef-
fect of sampling intensity.

This bias may well depend on the num-
ber of taxa in a clade. As sampling intensity
within a clade increases, eventually at least
one taxon may be discovered that has un-
dergone a simultaneous reversal in almost
all of the characters that were synapomor-
phies of the clade (Fig. 2). The probability
of this happening depends on the number
of synapomorphies supporting the clade, the
average rates of evolution (probabilities of
homoplasy) in those characters, and possibly
the pattern of support within the clade itself.
Sampling of such a rogue taxon would im-
mediately disrupt the bootstrap support for
the clade, because many bootstrap replicates
would sample the reversed characters but
omit the one lingering synapomorphy that
places the rogue within the group. Unfortu-
nately, although this argument is couched in
terms of a single problematic taxon, the ef-
fect might be diffused over many taxa. Thus,
even a systematic search for, and elimination
of, one or a few rogue taxa might not alleviate
the problem.

Framework for Investigating the Properties
of Bootstrapping

Efron et al. (1996) proposed a useful geo-
metric framework for examining the statis-
tical properties of bootstrapping in phyloge-
netics, relating it to the so-called “problem
of regions” (Efron and Tibshirani, 1996). We
have found it useful to combine their frame-
work with a speci�c (“K-alternative”) model
of phylogenetic data proposed by Zharkikh
and Li (1995). Together, these two elements
provide much-needed intuition about the
problem at hand.

Consider just two phylogenetic hypothe-
ses regarding a prespeci�ed set of taxa
(Fig. 3). Hypothesis H0 is that the taxa are not
a clade; H1 is that the taxa are a clade. A char-
acter “supports” a clade if it has the derived
state for all and only the taxa in that clade.
A character “class” is a set of one or more

FIGURE 2. Explanation 3: Taxon sampling, homo-
plasy, and random reversals. Taxon sampling from a
large, rapidly diversifying, clade may eventually un-
cover a taxon that has undergone reversals (open tick-
marks) in nearly all of the synapomorphies (sold tick-
marks) that ordinarily would have suggested its mem-
bership in that clade. Because bootstrap proportions are
tied to the precise taxon membership of a clade, this
means that even if just one taxon periodically “jumps
out” of the clade in some bootstrap replicates, the sup-
port for the entire clade will diminish. Solid lines repre-
sent lineages leading to sampled taxa; dashed lines are
lineages leading to unsampled taxa. (a) Only one of the
three indicated synapomorphies of the clade is reversed
in each of two sampled lineages. (b) In a larger sample
of taxa, one taxon has lost two of the synapomorphies
(lineage marked by asterisk). This taxon is highly likely
to jump out of the clade and hence lower the clade’s
support in bootstrap replicates. Other apomorphies of
these lineages are not shown. Note that a complemen-
tary pattern in which outgroups with random homo-
plasies “jump into” the clade can also occur as taxon
sampling intensi�es.
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characters that have exactly the same distri-
bution of states among taxa and hence sup-
port the same clade. The K-alternative model
speci�es that every data matrix consists of
exactly K classes of characters, in which one
class supports monophyly of the clade of in-
terest, and K ¡ 1 classes con�ict with it. Un-
der the simpli�cation of parsimony consid-
ered by Zharkikh and Li (1995), a data set
will support monophyly if and only if there
are more characters supporting H1 than con-
�icting with it. To be precise, if the propor-
tion of characters in the matrix supporting
monophyly is p1 and the proportions of con-
�icting characters are p2, . . . , pK , then H1 is
supported if and only if p1 > max(p2, . . . , pK ).

Note that true parsimony does not adhere to
this, because a clade can be recovered on the
most-parsimonious tree even if no character
by itself “supports” it.

To visualize the geometric aspect of the
problem, we restrict attention to the case of
K = 3. Figure 3 shows a frequency diagram
in which all possible data matrices can now
be arrayed in a triangular region of a plane.
No axis for the frequency of p1 need be shown
because it is determined by 1 ¡ p2 ¡ p3. The
space is divided into two subregions, R0 and
R1, corresponding to the data matrices that
parsimony suggests support H0 and H1, re-
spectively. A point in this space, labeled l ,
corresponds to a data matrix with the char-
acter frequencies indicated at that point. As-
sociated with the point is also the tree or trees
estimated from such data sets. When it is nec-
essary to distinguish trees from data matri-
ces, the data matrix will be denoted by M.

To understand the statistical properties of
a bootstrap test, we must imagine the out-
come of such tests performed repeatedly in

<<

FIGURE 3. Bootstrapping and the “problem of re-
gions” (Efron and Tibshirani, 1996). The space of all data
sets can be divided into regions, each of which corre-
sponds to whether it supports some prespeci�ed group
as a clade. Any data set in R1 supports this group as
a clade; any data set in R0 does not. Diagram shows a
concrete example in which the axes represent the fre-
quencies of characters in a hypothetical data set space.
Characters in character class 1 support the clade and
characters in classes 2 and 3 con�ict with it. Frequencies
of character classes 2 and 3 are p2 and p3 , respectively
(note that p1 = 1 ¡ p2 ¡ p3). (a) The point l , which is
in R1 , is the “actual” true frequency of characters in the
hypothetical universe of characters from which data sets
are drawn. Points l * are two observed data sets obtained
by some process of sampling from l . Sampling is illus-
trated schematically by circular contour lines around l .
“Accuracy” is generally taken to be the proportion of
l * that fall in R1. (b) Conventional bootstrap resampling
produces another distribution of points around each l *.
The pseudo-data sets generated are labeled l **. The
fraction of pseudo-data sets falling in R1 is taken as the
bootstrap proportion (BP), which is sometimes viewed
as an estimator of accuracy. However, BP themselves
have a probability distribution across the samples of l *.
The discrepancy between BP and accuracy as measured
in simulations (Hillis and Bull, 1993) arises because the
expected BP (the proportion of l ** values that fall in R1)
will often be less than the accuracy (the proportion of l *
that fall within R1). This is because the l * that are sam-
pled from l will often be closer to the boundary than l
is, especially when the average distance between l * and
l is large because of sampling error in drawing the data
sets from the underlying character universe.
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the long run on some sample of data sets. The
classical notions of type I and type II error
refer to the probability of mistakes being
made in repeated statistical experiments.
Here the notion is that some underlying uni-
verse of character data exists from which a
sample–the observed data matrix–has been
drawn. In Figure 3 the universe of character
data is a point labeled l in the space, and any
sample from it (i.e., any real data set) is la-
beled l *. The statistical properties of a boot-
strap test that uses some data set l * can be
determined by examining its properties over
the set of all possible l * sampled from l .

In conventional hypothesis testing, a “test”
is a procedure that leads to a choice between
hypotheses. In this respect, the bootstrap pro-
cedure most widely used in phylogenetics
(Felsenstein, 1985), which reports a BP for a
clade, is not a test unless it is coupled with a
decision rule, such as “reject monophyly for
BP < 95%”. Some of the controversy regard-
ing the properties of the BP has resulted from
inattention to the difference between the BP
itself and the tests based on it (Felsenstein
and Kishino, 1993). For example, the aver-
age BP (determined across many l *) will of-
ten be less than the probability that data sets
sampled from l (the l * themselves) sup-
port monophyly (see Fig. 3; Zharkikh and Li,
1992a, 1995; Felsenstein and Kishino, 1993;
Hillis and Bull, 1993; Efron et al., 1996). This
is the genesis of the now often-stated claim
that bootstrapping underestimates the true
support for a group. However, Felsenstein
and Kishino (1993) point out that this phe-
nomenon is not especially relevant if one in-
terprets BP in terms of the type I error of a
test based on the BP.

Let us construct a hypothesis test based
on the bootstrap proportion, called BP(x),
where x is a cutoff value. For example, the
test BP(80) speci�es that a group will be con-
sidered monophyletic if its BP exceeds 80%.
The type I error, a , of this test is the probabil-
ity that if H0 is true, a mistaken inference of
monophyly will be made (Fig. 4). Felsenstein
and Kishino (1993) suggest that a BP of 1 ¡ x
should be interpreted as a type I error of
x. Even if the true type I error is less than
this (as was the case in examples discussed
in their paper—but that need not always be
true—see Efron et al., 1996), the test is con-
servative. However, even a conservative test
can be bad if it causes one to accept the null

FIGURE 4. Statistical distribution of BP under a the-
oretical model described by Zharkikh and Li (1995).
Graphs show the cumulative distribution function of BP,
which is a distribution over many repeatedly drawn ran-
dom data sets. As the number of character classes that
support alternative and mutually exclusive topologies
increases (e.g., from 2to 5), the distribution of BP shifts to
the left. The mean BP decreases, but it also causes the
a -level for a given test, such as BP(80), to decline as
well. Thus a consideration of these two notions of con�-
dence can be seemingly contradictory (Felsenstein and
Kishino, 1993). The a -level for a k-alternative model is
indicated as a (k). The theoretical model assumes that the
point lies at the point where all character classes have
equal sampling probability (i.e., at the corner in the mid-
dle of the triangle in Fig. 3). Increased taxon sampling
may effectively lead to an increase in the number of al-
ternatives, causing a downward shift in BP.

hypothesis incorrectly too often. This moti-
vates investigations of the actual type I error
of the BP(x) test, for which one needs to know
the probability distribution of BP(x) over re-
peated samples of real data sets, l *, from l .
Zharkikh and Li (1995) showed that as K in-
creases in the K-alternative model, the cumu-
lative probability distribution of BP shifts to
the left, such that the expected BP declines.
Consequently, a also declines for the same
cutoff value of the BP test, meaning the type I
error for the test BP(x) is < 1 ¡ x, rather than
being equal to it (Fig. 4). Other behavior is
possible in more realistic models (Efron et al.,
1996).

To understand what is happening to con-
ventional BP as taxon sampling is increased,
it will therefore be necessary to have a better
estimate of type I error than that provided by
the quantity 1 ¡ x. This improved estimate is
described below under Corrected Bootstrap
Con�dence Limits.
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MATERIALS AND METHODS

Overview of Methodology

Throughout this paper, we use the terms
“data set size”, or “sample size”, or “sam-
pling intensity” to refer to the number of
taxa sampled—not the number of charac-
ters, which remains �xed throughout. We
used several computational methodologies
to evaluate the relative merits of the three
explanations outlined above. First, we ex-
amined BP in replicate random taxon sam-
ples (from the new data set) of the size
of our earlier published work (14 Neo-
Astragalus and 12 other Astragalus; Woj-
ciechowski et al., 1993). This tested whether
or not the high bootstrap support for Neo-
Astragalus in that data set was peculiar to
that set of taxa or was characteristic of other
samples of that size. Next, we examined
bootstrap support in taxon samples of pro-
gressively larger size to determine whether
support declined more or less monotoni-
cally with increasing sample size or dropped
abruptly when reaching some threshold.
Third, we considered several different
heuristic search strategies in parsimony and
neighbor-joining analyses. Finding the most-
parsimonious tree is an NP-hard problem
(Graham and Foulds, 1982), meaning no
known “ef�cient” or polynomial-time al-
gorithm is known to give an exact solu-
tion (Garey and Johnson, 1979). Heuristic
parsimony searches and neighbor-joining
can be considered polynomial–time approx-
imations for �nding the most-parsimonious
trees. Comparison of algorithms of different
stringency may therefore shed some light on
possible artifacts stemming from failure of al-
gorithms to �nd optimal trees. Finally, we im-
plemented the iterated bootstrap procedure
of Efron et al. (1996), which should give more
accurate con�dence limits on trees, to deter-
mine whether the iterated procedure is less
sensitive to sampling intensity than is con-
ventional bootstrapping.

Details of the new, expanded ITS data
set and how it was obtained are discussed
elsewhere (Wojciechowski et al., 1999), along
with phylogenetic and systematic implica-
tions. Complete aligned sequences in the
form of a NEXUS �le (Maddison et al., 1997)
can be obtained at our Astragalus website
(http://loco.ucdavis.edu/astragalus/astra-
galus home.htm, and http://www.utexas.
edu/ftp/depts/systbiol/). The �le includes

140 sequences, of which 116 are species of
Astragalus, with the remainder belonging
to other Astragalean genera and one more
distant outgroup, Caragana. Of the Astragalus
sampled, 79 are presumptive members of
Neo-Astragalus based on their aneuploid
chromosome numbers and New World dis-
tribution, and the remaining 37 are Eurasian
species.

Phylogenetic Methods

Phylogenies were reconstructed by using
maximum parsimony and neighbor-joining
methods (Swofford et al., 1996). A set of
heuristic search strategies varying in strin-
gency was used with the following PAUP*
options: (1) FAST-1 (ADDSEQ = RANDOM,
NREPS = 1, SWAP = NONE, MAXTREES
= 1; (2) FAST-10 (ADDSEQ = RANDOM,
NREPS = 10, SWAP = NONE, MAXTREES
= 10; corresponding to the search op-
tions in so-called “fast” bootstrapping); (3)
SIMPLE-0 (ADDSEQ = SIMPLE, SWAP =
NONE, MAXTREES = 1); (4) SIMPLE-1
(ADDSEQ = SIMPLE, SWAP = TBR, MAX-
TREES = 1); (5) NJ (neighbor-joining with
Kimura two-parameter distances). These
heuristic options are less stringent than
many reported in the literature in analyses
of smaller data sets, which routinely include
TBR swapping with MAXTREES set to ¸ 100.
However, because the sampling experiments
described below entailed >300,000 separate
heuristic searches, considerable care had
to be exercised in selecting strategies that
would �nish in reasonable run times (in
seconds to minutes rather than hours).
Sampling strategy 4, which has limited TBR
swapping on only one tree, still seems to
capture much of the ability of swapping to
�nd trees (R. Olmstead, pers. comm.).

In NJ analyses, pairwise distances were
calculated by using the Kimura two-para-
meter model (Li, 1997). Relatively simple dis-
tance corrections have an advantage of lower
variance than those with more parameters
(Kumar et al., 1993; Zharkikh, 1994).

Analysis of BPs

Bootstrap support for Neo-Astragalus was
examined in the full 140-taxon ITS data set
with an analysis of 1,000 replicates for each
of the �ve algorithms described above. The
in�uence of taxon sampling intensity was
investigated by examining BP in data sets

http://loco.ucdavis.edu/astragalus/astragalus
http://www.utexas.
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randomly drawn from the 140-taxon data set.
Taxon samples of sizes 13, 19, 25, 33, 53, and
73 were examined (chosen for programming
convenience). At each size, 100 random taxon
samples were drawn (without replacement),
and the BP (based on 100 replicates) was cal-
culated for each of the algorithms described
above. The set of randomly chosen taxa at a
given sampling intensity was kept constant
across all algorithms.

Sampling was “strati�ed” to focus on the
putative clade Neo-Astragalus and its rela-
tionships to other Astragalus. The same three
outgroups were included in all taxon sam-
ples (Caragana arborescens, Colutea arborescens,
and Oxytropis campestris). For all sample sizes
except that with 73 taxa, equal numbers
of taxa were drawn from Eurasian Astra-
galus and from New World aneuploid (Neo-
Astragalus) taxa; for example, for 53 taxa, the
sampling was 3 + 25 + 25 from outgroups,
euploids, and aneuploids, respectively. For
samples of size 73, the number of aneuploids
was increased to 45, but the number of eu-
ploids was held at 25. Because the original
140-taxon data set has more than twice as
many New World aneuploids as Eurasian
taxa (79 vs. 37), for the largest subsample
it seemed reasonable to sample more inten-
sively from Neo-Astragalus than to include
all euploids in any given sample (and hence
remove taxon sampling as a factor among the
euploids).

Random taxon samples were generated by
using the program r8s, available from M.J.S.
at http://loco.ucdavis.edu/r8s/r8s.html.
This program generates strati�ed or unstrat-
i�ed sets of taxon identi�cation numbers
corresponding to those in a NEXUS-
formatted �le (Maddison et al., 1997). It also
generates the appropriate taxon deletion and
restoration syntax as PAUP block commands
to accomplish the sampling. All of these
commands are appended to the original
NEXUS �le, and the bootstrap tree resulting
from each taxon sample is appended to
a �le (using the SAVEBOOTP = BRLENS
options to store the con�dence estimate for
every node). Next, these trees are once more
imported into r8s, which summarizes the
bootstrap support for the node that consists
of the common ancestor of all (sampled)
taxa of interest—in this case, the putative
members of Neo-Astragalus. This is done
by supplying r8s with a list of all the taxa
from the data matrix that are in the aneu-

ploid group, assigning a node name to the
most recent common ancestor of whatever
aneuploids are actually present in that taxon
sample on that tree, and extracting the
bootstrap support for that named clade from
the stored tree�le. Note that the named node
is either the most recent common ancestor
of all aneuploids (assuming monophyly) or
a node descended from that node; in either
case, the node would be considered the most
recent common ancestor of aneuploids in
that sample of taxa (see Fig. 1).

In all, �ve algorithms were examined at six
sampling intensities for 100 random taxon
samples (at 100 bootstrap replicates each),
for a total of 5 £ 6 £ 100 £ 100 = 300,000
heuristic searches. In addition, another 5 (al-
gorithms) £ 1,000 (bootstrap replicates) =
5,000 searches were undertaken with the full
140-taxon data matrix.

Corrected Bootstrap Con�dence Limits

Several procedures have been proposed
for improving the accuracy of the boot-
strap proportion as an estimator of 1 ¡ a ,
where a is the type I error. Rodrigo (1993),
Zharkikh and Li (1995), and Efron et al.
(1996) proposed variations that rely on mul-
tiple rounds of (“iterated”) bootstrapping.
The theoretical results from Zharkikh and
Li emphasize their simpli�ed K-alternative
model (see above). Real data sets pose chal-
lenges to their simpli�ed analytical results,
however, which are outlined in some de-
tail in their paper (1995:54). More com-
plex bootstrap procedures can be invoked,
including the “complete-and-partial boot-
strap” they themselves proposed. The sim-
plest, however, was proposed by Rodrigo
(1993). Imagine taking a data set in the re-
gion of the null hypothesis, bootstrapping it,
and calculating the BP on monophyly. Re-
peating this many times would provide a
distribution of BP under the null hypothe-
sis (Fig. 4). This could be simulated by an
iterated bootstrap procedure (Rodrigo, 1993)
in which N replicated bootstraps are taken
from the original data set and the group
is checked for monophyly in each. Some
pseudo-data sets will generate trees with-
out the group monophyletic and these are
set aside. Then the data sets that were set
aside are bootstrapped again N times each,
which allows the distribution of BP to be
estimated.

http://loco.ucdavis.edu/r8s/r8s.html.
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One problem with this method is that some
of the �rst-round pseudo-data sets in which
the group is not a clade may be unusually
“bad”, in the sense that they may be deep
in the parameter space of the null hypoth-
esis and far from the boundary between R0
and R1 (see Fig. 5); this would result in a very
low estimate of type I error. Efron et al. (1996)
outlined a procedure that constructs better
null pseudo-data sets and also requires fewer
total bootstrap replicates than iterated boot-
strapping. This is the method we adopt here.
The intuition is illustrated in Figure 6, based
on Efron et al. (1996). Under the null hypoth-
esis, the true tree (corresponding to the un-
derlying universe of characters), l 0, lies in R0

(point not shown). The observed data set, l *
however, might lie in either region. Regard-
less, conventional bootstrapping resamples
from l *, generating a cloud of points around
l *. The proportion of these points that fall
in R1, l **, is the conventional (Felsenstein,
1985) bootstrap estimate of 1 ¡ a . Efron et al.
(1996) suggest that a better bootstrap can be
obtained by bootstrapping from pseudo-data
sets along the boundary between R0 and R1.
This “simulates” a process of randomly sam-
pling real data sets from a point truly located
along the boundary. Efron et al. (1996) assess
the curvature of the boundary, which is used
in an analytical correction formula to esti-
mate the magnitude of the shifted bootstrap
distribution.

The details of this are as follows. In the
�rst round of bootstrapping, an observed
data matrix, M* (which corresponds to the
point, l *, in Fig. 6), is bootstrapped N times,
which generates a set of pseudo-data sets
{M**}. Some fraction, BP, of these will have
the group monophyletic—this is the conven-
tional BP. The remaining fractions, which do
not have the group monophyletic, are pulled
aside for further analysis. Each is used to
construct a pseudo-data set that is on or
very close to the boundary between R0 and
R1. Each pseudo-data set is constructed as a

<<

FIGURE 5. Estimation of type I error in the problem of
regions. Here type I error is the probability of mistakenly
inferring that a group is a clade—belongs in R1—given
that it is not a clade. The calculation of type I error is
always in the context of a test or decision rule, such as
BP(95): “accept monophyly if the BP exceeds 95%”. We
wish to know how often that rule will lead us astray
when the group actually is not a clade. (a) The under-
lying character universe is represented by the point l 0

(analogous to l in Fig. 3). Unlike the case in Figure 3,
in which this point was in R1, here we choose a point
in the region of the null hypothesis that is as close to
the boundary as possible, to obtain the maximum value
(worst case) of type I error. Data sets sampled from
this point are indicated by points labeled l 0* (two are
shown). (b) Bootstrap proportions are calculated for an
observed data set, l 0*, by generating pseudo-data sets
labeled l 0**. A brute force way to obtain the type I error
would be to look at many real data sets, l 0*, and see how
often the BP test described above leads to an acceptance
of monophyly. The cumulative distribution of BP over
many l 0* would indicate whether type I error was close
to 5% (i.e., 1 - 0.95 for the BP(95) test) or not. Note that
the curvature of the boundary inward toward R1 means
that >50% of sampled l 0* characters lie in R0 and these
sample data sets will tend to have lower a BP, because a
majority of their respective distributions of pseudo-data
sets will tend to lie within R0.
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FIGURE 6. Estimation of type I error by an iterated
bootstrap procedure. Instead of obtaining repeated sam-
ples of real data sets as in Fig. 5, Efron et al. (1996)
suggested using a modi�ed bootstrap method to es-
timate the true type I error. (a) The �rst step is to
obtain one or more pseudo-data sets ( l B**) along the
boundary between the two regions. This is done be
interpolating between the original data set, l *, and
one of the resampled pseudo-data sets that happened
to land in R0 , l **. (b) Bootstrapping around l B ** can
then give an estimate of the curvature of the bound-
ary. It is the curvature that explains the shift in type I
error rates away from �rst-order predictions. The de-
viation from 50% of the proportion of pseudo-data
sets, l B**, that land in R1 is an indication of curva-
ture. In the �gure, the proportion is < 50% because
the boundary curves in toward R1. The curvature is
used in correction formulas to obtain a better estimate
of type I error (see text). Efron et al. (1996) recom-
mend sampling the curvature at many points along the
boundary.

weighted combination of the original data set
(in which the clade was supported) and the
bootstrapped data set (in which the cladewas
not supported). Thus, a new matrix MB** =
x M** + (1 ¡ x )M* is constructed by �nding
x (with 0 · x · 1) such that MB** sits right
on the border between R0 and R1 (Fig. 6). The
actual linear combination is implemented by
concatenating the two data matrices, M**
and M*, and assigning a weight, either x or 1
¡ x , to every character in M** or M*, respec-
tively. Weights were treated as weights—not
counts—in PAUP* with an equal probability
of being included or not in a bootstrap repli-
cate. The constant, x , is found by a simple
linear search. For a set of evenly spaced val-
ues of x on [0,1], a tree search is implemented
by using MB**, and the value of x selected is
that at which the focal group switches from
being monophyletic to not. To avoid slight
biases related to the discreteness of the val-
ues of x , the two values of x that bracket the
value where the switch occurs are randomly
selected with equal probability. Efron et al.
(1996) describe a more ef�cient binary search
strategy, (but we did not use it because the
weighting function was not always mono-
tonic (see below).

Each of the boundary matrices, {MB**}, is
then subjected to a second round of boot-
strap analysis, determining what proportion
of replicates has the group monophyletic,
and the results are averaged across the ma-
trices. This average is referred to as BP0. If
the boundary between regions is �at, BP0 is
expected to be 50%, and standard BP values
provide a reasonable estimate of 1 ¡ a for the
null hypothesis. As BP0 deviates from 50%,
indicating a curved boundary, the value of
BP, BP, must be corrected for this curvature.
The shift in the distribution in the BP away
from the straight line shown in Figure 4 de-
pends on the extent of this curvature. For
multinomial sampling, Efron et al. (1996)
suggest a correction factor that allows BPC
= 1 ¡ a , the corrected BP, to be determined
from BP and BP0. The formula is written in
terms of standard normal deviates; therefore,
for example, z0 = z(BP0) = U ¡ 1(BP0), and zBP

= z(BP) = U ¡ 1(BP), where U is the standard
normal distribution function. Then, the cor-
rected z-score is approximately as follows:

zC =
zBP ¡ z0

1 + a (zBP ¡ z0)
¡ z0
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where a is a constant that depends on the
direction of the boundary from the original
data set (Efron, 1987), which is calculated
from each boundary matrix as described in
Efron et al. (1996:7089) and then averaged
across all matrices. In our data, a is negli-
gible, and the correction formula reduces to
zC = zBP ¡ 2z0. When the corrected zC is ob-
tained, the corrected BPC (or a = 1 ¡ BPC) is
determined simply by converting the z-score
back to a percentile.

Software Implementation and Distribution

Efron et al.’s (1996) procedure was imple-
mented in software available from M.J.S.; it
requires integration of three separate pro-
grams. At the core is the UNIX version of
PAUP* vers. 4.0 (Swofford, pers. comm.). Be-
cause PAUP* does not implement certain
features needed, such as multinomial sam-
pling from a given frequency distribution,
or random taxon sampling, these functions
were coded as ANSI C modules in the soft-
ware package, r8s (M.J.S.). Finally, a UNIX C-
shell script was written to generate necessary
NEXUS �les on the �y for the two rounds of
bootstrapping needed, to oversee runs of the
r8s program, and to pass results to and from
different routines.

Because this procedure is extremely
computer-intensive, limited analyses were
performed at different sampling intensities
(Table 1). From 10 to 20 random taxon repli-
cates were done for 16, 22, 30, 40, 50, and 60
taxa. In each, 200 �rst-round replicates were
followed by boundary searches involving 25
evenly spaced points on the interval [0,1].

TABLE 1. Bootstrap corrections for Neo-Astragalus
at different sampling intensities and in the full data set.
All values (except for the full data set) are means of 10
random taxon samples in which the complete correc-
tion procedure was implemented. BP, observed boot-
strap proportion; BP0 , second round bootstrap propor-
tion; zBP, z-score for BP; z0 , z-score for BP0; zC , z-score
given by the correction formula (see text); BPC , the cor-
rected percentile calculated from zC.

Number of
taxa BP BP0 zBP z0 zC BPC

16 0.92 0.39 1.44 ¡ 0.27 1.98 0.98
22 0.89 0.40 1.23 ¡ 0.25 1.73 0.96
30 0.86 0.40 1.09 ¡ 0.24 1.57 0.94
40 0.83 0.36 0.97 ¡ 0.36 1.69 0.95
50 0.80 0.32 0.84 ¡ 0.46 1.76 0.96
60 0.80 0.33 0.84 ¡ 0.43 1.70 0.95
140 (full) 0.67 0.29 0.44 ¡ 0.55 1.55 0.93

Second round analyses consisted of 100 repli-
cates for every boundary matrix. For the full
data set, 500 �rst-round replicates were used.

Efron et al. (1996) did not provide details
on the implementation of their method, and
the molecular data set they examined had
only 11 sequences. Our implementation re-
vealed several practical problems that have
to be handled in larger or more complex
data sets. Several of these were discovered
by testing theoretical predictions based on
Zharkikh and Li’s (1995) formulation of the
K-alternative model. First, multiple optimal
trees can cause biases in the estimation of
BP0. If the heuristic search strategy selected
allows multiple equally parsimonious trees,
and if the implementation of Efron et al.’s
method counts clades as present only if they
are found in all equally parsimonious trees
(or, equivalently, in their strict consensus),
then the estimate of BP0 will be biased down-
ward, because many data sets on the bound-
ary will generate pseudo-data sets that will
produce sets of con�icting equally parsimo-
nious trees. If we count the number of repli-
cates in which these treeshave the focal clade,
BP0 will be < 50% because many trees will
have unresolved polytomies in their consen-
suses. One way around this problem is either
to give individual trees fractional weights
(which is done in PAUP’s bootstrap proce-
dure but is dif�cult to implement manually)
or to keep only one tree from each search.

Second, certain search strategies are inher-
ently biased in pernicious ways. This was
also discovered by noting a departure from
theoretical expectations under the equiprob-
able K-alternative model. In particular, non-
random addition sequences without branch
swapping and without multiple equally par-
simonious trees tended to be biased either for
or against certain clades in model data sets as
a result of the order of taxon input. This was
suf�cient to increase or decrease estimates of
BP0 by 10–20%. The solution was either to
include branch swapping or to use random
addition sequences.

Finally, some random addition search stra-
tegies (without branch swapping) did not re-
sult in an accurate estimate of the bound-
ary matrix, because their stochastic nature
caused the focal clade to appear and disap-
pear sporadically as the weighting param-
eter, x , was tuned from 0 to 1. This would
not have been noted in Efron et al.’s bi-
nary search; it was discovered by canvasing
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the whole interval in an exhaustive search.
The solution to this problem was to in-
clude branch swapping with random addi-
tion sequences, although this did not com-
pletely eliminate the noise. However, branch
swapping in the largest data sets simply
took too much time, so a compromise was
to increase the number of �rst-round repli-
cates, screen the boundary searches for non-
smooth behavior, omit those replicates, and
then proceed to the second round. Overall,
the optimal combination of search parame-
ters (given the constraints of computer time!)
was ADDSEQ = RANDOM, NREPS = 10,
SWAP = TBR/NONE (depending ondata set
size), MAXTREES = 10.

RESULTS

Complete 140-Taxon Data Set

Neo-Astragalus is a clade in all most-
parsimonious trees for all algorithms and is
also a clade in the neighbor-joining analy-
sis. Figure 7 shows results from a SIMPLE-0
search. Bootstrap support ranged from 64%
to 73%, depending on algorithm (Table 2).
SIMPLE-1 gave the most support; FAST-1
the least. Other clades on the tree are sup-
ported at higher levels, including the next
node out, which is supported at 92%, and
the bulk of the entire genus Astragalus, sup-
ported at 86%. Little resolution within Neo-
Astragalus is evident, except for two clades,
and those each contain both North and South
American species. For more discussion of the
systematic implications of these results, see
Wojciechowski et al. (1999).

Taxon Subsampling

We focus on bootstrap support for Neo-
Astragalus. Figure 8 shows support for this
clade as a function of taxon sample size and
search algorithm. Bootstrap support for Neo-
Astragalus declines monotonically as sam-

TABLE 2. Conventional bootstrap proportions for
Neo-Astragalus as a function of search algorithm in full
140-taxon data matrix (1,000 replicates). For description
of algorithms, see text.

Algorithm Bootstrap proportion (BP)

FAST-1 0.64
FAST-10 0.70
SIMPLE-0 0.65
SIMPLE-1 0.73
NJ (+K2P) 0.66

ple size increases, irrespective of algorithm.
Algorithm SIMPLE-1 (the algorithm with
branch swapping) has the most support and
generally either NJ or FAST-1 has the least.
Support drops from between 89–95% in the
smallest samples to between 70–80% in the
largest subsample (73 taxa), which is about
half the size of the full data set. The data
points at 25 taxa re�ect the approximate sam-
pling intensity ofour earlier study, which had
26 species of Astragalus and a support level
of 88%, comparable with that found here.

Corrected Bootstrap Proportions

The magnitude of the Efron et al. (1996)
correction factor depends on the intensity
of taxon sampling (Table 1). The value of
BP0 moves farther away from 50% as the
number of taxa increases, meaning that z0
becomes more and more negative and the
quantity zBP ¡ 2z0 gets larger; this latter in-
creases the estimate of the true con�dence
value, thereby overcoming most of its appar-
ent decline. Corrected bootstrap support for
Neo-Astragalus in the full data set was 93%,
which is somewhat less than corrected values
for small subsets of taxa but is much greater
than the uncorrected value of 67%.

DISCUSSION

These results argue for the rejection of
explanation 1—that the support inferred
for Neo-Astragalus in our earlier study
(Wojciechowski et al., 1993) was contingent
on the particular sample of taxa chosen. In
100 random samples of 25 taxa (about the
same size as our 1993 study), the average
bootstrap support for Neo-Astragalus was
87% for a “quick” search strategy of SIMPLE-
1 (compared with 88% in the original study).
Support is probably slightly greater for more
exhaustive searches, such as thoseperformed
in our earlier paper. Variability in the sup-
port for this clade did exist among the taxon
samples. Many samples had support as low
as 80%; others were as high as 100%. Al-
though some portion of this difference is a
result of the simple binomial sampling vari-
ance, re�ecting the use of only 100 bootstrap
replicates (e.g., a BP of 90% has an expected
95% con�dence interval of §6% for 100 repli-
cates), the rest undoubtedly indicates a real
variability in the lineages sampled. Nonethe-
less, the expected support for a small sample
of taxa is about what we observed for the
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FIGURE 7. Majority rule bootstrap consensus tree based on maximum parsimony analysis of 140-taxon ITS data
set (500 replicates, uncorrected BP derived by using SIMPLE-0 search strategy are shown above nodes; uncorrected
BP values found by NJ search strategy are shown below nodes (Wojciechowski et al., 1999).
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FIGURE 8. Uncorrected bootstrap proportions for the
clade Neo-Astragalus in taxon subsamples of various
sizes for �ve search algorithms. Each data point repre-
sents the mean over 100 random taxon samples of 100-
replicate bootstrap runs except that, for the full data set
(the points farthest to the right), one bootstrap run on the
same full data set was done (1,000 bootstrap replicates).

particular sample used in our earlier study.
Apparently, therefore, our original sample
was not especially biased.

It is more dif�cult to reject unequivocally
explanation 2—that heuristic searches are
so ineffective with larger numbers of taxa
that bootstrap support must decline. Results
shown in Figure 8 make it clear that even
among different heuristic search algorithms,
bootstrap support varies to some extent. The
differences are not huge, but they are con-
sistent: More exhaustive strategies tend to
narrow in on a set of trees that are more
similar to one another and hence a higher
proportion supports a particular clade. This
is true at all sampling intensities. Interest-
ingly, however, there is little indication that
the difference in support between the best
and worst algorithms changes with sam-
pling intensity, as might be expected if the
decline were driven by failure of the algo-
rithms to �nd optimal trees, a process that
presumably would worsen more quickly for
the weaker algorithms. Moreover, heuristic
strategies perform quite well in comparison
with exact strategies, at least in the range of
< 20 taxa, where it is possible to check their
performance given enough patience and ju-
dicious use of branch and bound algorithms.
Over this range, the results of increased sam-
pling still show a marked decline in the av-
erage bootstrap support. Assuming that at

least SIMPLE-1 is performing fairly well, it is
dif�cult to explain its decline as a mere fail-
ure to �nd most-parsimonious trees. A lim-
ited number of branch-and-bound searches
bears this out, but this is a dif�cult issue to
test because we cannot guarantee exact so-
lutions over most of the interesting range
covered by this study. The corrected boot-
strap support for Neo-Astragalus declines
very slightly with increasing numbers of taxa
(Table 1), which may re�ect some residual ef-
fect of algorithmic shortcomings.

On the other hand, explanation 3—that
the decline in support stems partly from
the statistical behavior (“bias”) of the boot-
strap proportion—must be given credence.
The corrected 1 ¡ a level support for Neo-
Astragalus remains close to 95% (Table 1),
even though the conventional bootstrap sup-
port declines markedly (Fig. 8).

The BP has often been interpreted in the
context of accuracy or repeatibility (e.g.,
Hillis and Bull, 1993; but see also Felsenstein
and Kishino, 1993). The accuracy of a phy-
logenetic inference method is the probability
(across randomly sampled data sets, l *, sam-
pled from l —and not bootstrapped pseudo-
data sets, l **) that monophyly of some group
will be inferred when true. Repeatibility is
the mean BP for that group calculated across
randomly sampled data sets. For a well-
supported clade, the BP taken from a sin-
gle data setwill almost alwaysunderestimate
both the accuracy and repeatibility (Zharkikh
and Li, 1992a, 1995; Felsenstein and Kishino,
1993; Hillis and Bull, 1993; Efron et al., 1996;
Newton, 1996). This stemsdirectly from basic
considerations about resampling in the set of
discrete regions corresponding to the space
of data sets (see Fig. 3).

A different, but more conventional, inter-
pretation of the BP would be that it provides
an estimate of 1 ¡ a , where a is the proba-
bility that if the group were not a clade, we
would have mistakenly inferred that it was a
clade (i.e., made a type I error) by using a test
that said to accept monophyly if BP > 1 ¡ a .
We are happy to �nd a data set in which a is
low, say, < 5%, because this means it is highly
unlikely that by chance alone we would have
obtained such a data set if the group were re-
ally not a clade. Referring to Figure 6, we see
that the way to estimate a is to examine hy-
potheses along the boundary between re-
gions R0 and R1 and than look at the probabil-
ity of obtaining the observed BP value under
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this null hypothesis. When the boundary is
straight, this turns out to be exactly the same
as 1 ¡ BP. However, in Figure 6, the BP is ac-
tually less than 1 ¡ a , when a is corrected,
because the boundary curves in toward R1.

The biology enters in by altering the geom-
etry of the sample space as a function of taxon
sampling intensity. This is tied to the num-
ber of alternative hypotheses about mono-
phyly of the relevant taxa. Figure 3 contains
three alternative kinds of characters, one that
supports monophyly and two that refute it.
With only two alternatives the boundary is
straight, but with three there is a corner, and
the proportion of the frequency space occu-
pied by the monophyly hypothesis, R1, de-
creases from 50%. As more alternatives are
added, the corner gets “sharper” in higher-
dimensional space, and the hypervolume of
R1 relative to R0 continues to get smaller. The
BP declines, because more of the resampled
data sets fall outside of R1 in R0. From the
perspective of data sets (hypotheses) on the
boundary, however, the picture is different.
As the volume of R1 declines, bootstrapped
data sets taken from the boundary data sets
have a harder and harder time reproducing
the BP value associated with the original data
set. Most of their resampled pseudo-data sets
land in R0, and thus their average BP values
go down, forcing their cumulative distribu-
tion leftward (as in Fig. 4) and hence keeping
true type I errors much less than would be
expected from the conventional BP.

The formal mathematical relationship be-
tween Felsenstein’s (1985) BP and Efron
et al.’s (1996) correction is that the latter pro-
vides “second-order” accurate con�dence
limits on the null hypothesis, whereas the
former is only �rst-order accurate (Efron
et al., 1996). As the number of characters
increases, the two should converge to the
same value. However, for a �xed amount
of character data, as here, when the num-
ber of taxa increases, our results suggest that
the two estimates may diverge from one an-
other. At some point, third-order and higher
terms may be necessary to obtain suf�ciently
accurate con�dence estimates (Efron and
Tibshirani, 1996).

These conclusions have implications for
the analysis of large data sets in general.
Many data sets now exist with >100 taxa,
and several molecular studies of 500+ taxa
have been the subject of intense scrutiny in
recent years (e.g., Rice et al., 1997). One char-

acteristic of these studies is very low boot-
strap scores (Soltis et al., 1998), which are
often taken as conservative estimates of true
bootstrap support, on the basis of previous
theoretical considerations (Felsenstein and
Kishino, 1993; Hillis and Bull, 1993; Zharkikh
and Li, 1992a,b, 1995). However, better esti-
mates of statistical con�dence probably can
be obtained by procedures such as Efron et
al.’s (1996) method, the complete and partial
bootstrap method (Zharkikh and Li, 1995), or
iterated bootstrapping (Rodrigo, 1993). None
of the latter methods has been examined rel-
ative to the question of taxon sampling in-
tensity, however. The stumbling block in ap-
plication of all these methods (ironically) is
that although they are much more compu-
tationally intense than ordinary bootstrap-
ping, they appear to be that much more nec-
essary in just those circumstances in which
the problem is already computationally dif-
�cult enough—large data sets. Perhaps this
limitation can be circumvented by relying on
very quick search algorithms (i.e., with little
or no branch swapping), coupled with multi-
ple rounds of bootstrapping. These may well
yield results that are still too conservative,
but as the present case study suggests, these
alternative approaches are still much more
indicative of true support than are BP. We
know much more when a clade is conserva-
tively supported at the 90% level (i.e., that
it is between 90% and 100%) than when it
is conservatively supported at the 60% level
(and thus constrained only to lie in the broad
interval of 60–100%).

Of course, corrections to bootstrap esti-
mates cannot compensate for lack of infor-
mation. If the number of characters is held
constant, and the number of taxa increases,
accuracy of phylogeny reconstruction can
decline (Kim, 1998; Poe and Swofford, 1999;
Bininda-Emonds et al., in press). This prob-
ably means an eventual decline even in cor-
rected bootstrap values, if averaged over all
clades in the tree. For any particular well-
supported clade, in a data set with few taxa,
however, most of the decline in uncorrected
bootstrap support when taxa are added may
simply be due to statistical bias.
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