
a confidence interval by finding all trees
that cannot be rejected in comparison
with the best supported tree. I have re­
cently extended Cavender's analysis to
the case of a molecular clock with three
species, obtaining, in that case, confi­
dence limits that were somewhat smaller
than Cavender's (Felsenstein, 1985). I
have also recently reviewed the appli­
cation of statistics to inferring phyloge­
nies (Felsenstein, 1983a); that paper may
be consulted for earlier references on sta­
tistical estimation of phylogenies.

An important recent statistical method
is the bootstrap (Efron, 1979), a relative
of the jackknife. Like the jackknife, it is
a method of resampling one's own data
to infer the variability of the estimate.
This paper will explore the use of the
bootstrap in inferring phylogenies, where
it leads to a practical method for placing
confidence intervals on the estimates.

Evolution. 39(4), 1985, pp. 783-791

CONFIDENCE LIMITS ON PHYLOGENIES: AN APPROACH
USING THE BOOTSTRAP

JOSEPH FELSENSTEIN

Department of



784 JOSEPH FELSENSTEIN

involves inferring the variability in an
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site to be independently drawn from a
distribution with 4P possibilities, whose
probabilities depend on the phylogeny we
are trying to estimate.

Given this independence ofevolution­
ary processes in different characters, the
configurations in the characters are seen
to be drawn independently and identi­
cally distributed (i.i.d.), a necessary con­
dition for the bootstrap method to be val­
id. In fact, in the case ofdiscrete character
states (such as nucleic acids), the under­
lying distribution is multinomial, since
there are 4P possibilities each of which
has some probability of occurring. De­
spite the complexity ofthe structure being
inferred (the phylogeny) the statistical
model is a very straightforward one-in­
dependent samples from a multinomial
distribution.

It might be argued that this presup­
poses that the same probabilistic evolu­
tionary process is operating in all of the
characters, which is extremely unrealis­
tic. Such an assumption is not necessary.
If instead we had a variety of different
kinds ofcharacters evolving according to
different processes, we need only imagine
that there is an additional stage in the
process of random sampling, one occur­
ring in the mind of the systematist. We
imagine, as part ofthe stochastic process,
a step in which the systematist randomly
draws each character from a pool of dif­
ferent kinds ofcharacters, each kind hav­
ing a different evolutionary process that
applies to it. Once drawn, each character
then has its actual configuration deter­
mined by the appropriate stochastic evo­
lutionary process. The resulting distri­
bution of character configurations is a
mixture of multinomial distributions,
and, as such, is still a multinomial dis­
tribution and is still i.i.d.

In practice the systematist may not
have sampled the characters at random.
Systematists frequently include charac­
ters in the study in groups (such as groups
of measurements on the skull). We are
then not justified in regarding the process
of choice of characters as a series of ran­
dom samples from a pool of possible
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be analyzed to obtain an estimate of the
phylogeny. We then have r phylogenies.
Each of these is a complicated multi­
variate entity that has a tree topology and
may also have branch lengths. Defining
a confidence interval and summarizing it
in a useable form is far from a simple
matter.

In bootstrapping, confidence limits on
a statistic are frequently constructed by
the percentile method, which involves
simply taking (for a 95% confidence in­
terval) the empirical upper and lower
2.5% points of the distribution of boot­
strap estimates of the statistic. Consider
testing whether the probability of heads
of a tossed coin exceeds 0.50. If we did
not know about the binomial distribu­
tion and decided instead to use the boot­
strap, a one-sided confidence interval on
the probability of heads could be con­
structed by finding the empirical lower
5% point ofthe distribution ofbootstrap
estimates. The set ofvalues less than 0.50
would therefore be rejected if values of
the estimated probability of heads that
small or smaller occurred less than 5%
of the time among the bootstrap esti­
mates.

The approach used here starts with the
assumption that the systematist is pri­
marily interested in whether some par­
ticular group is monophyletic. A rooted
tree is a series of statements asserting
monophyly of a series of nested or dis­
joint sets of species. Suppose that we are
interested in a subset S of species and
wish to know whether there is significant
support in the data for the assertion that
this group is monophyletic. We can reject
the alternatives to the subset S if they
occur in less than 5% of the bootstrap
estimates.

We thus wish to search for all subsets
S of species that occur on 95% or more
of the bootstrap estimates. Each of these
subsets may be considered to be sup­
ported (in the sense that its alternatives
are rejected), although those confidence
statements are not joint confidence state­
ments: if two subsets are each supported
at the 95% level, we might have as little
as 90% confidence in the statement that

they are both present in the true tree. But
at least they cannot be contradictory: each
being present on at least 95% of the
bootstrap estimated trees, they must co­
occur on at least one ofthe trees and must
thus be either nested or disjoint.

The same argument has been used by
Margush and McMorris (1981) to define
"majority rule" consensus trees. These
are trees composed of all those subsets
that appear in a majority of a collection
oftrees. By the argument just given, these
subsets must define a tree, since no two
ofthem can conflict. Ifwe take the set of
phylogenies that result from analyzing a
series of bootstrap samples and make a
majority-rule consensus tree, recording
on it how often each subset appears, we
will obtain a tree that can be used to de­
fine at a glance confidence sets for any
rejection probability below 50%. The
majority-rule consensus tree itselfcan be
considered to be an overall bootstrap es­
timate of the phylogeny.

In cases where we are using a statisti­
cally well-founded method, such as max­
imum likelihood estimation, we would
hope that the bootstrap method and the
curvature ofthe likelihood surface would
give similar indications ofwhich parts of
the phylogeny were well estimated and
which not. Where the method ofinferring
phylogenies is one with undesirable sta­
tistical properties such as inconsistency,
the bootstrap does not correct for these.
For example, clustering by overall sim­
ilarity makes an inconsistent estimate of
the phylogeny ifrates ofevolution in dif­
ferent lineages differ by more than a cer­
tain amount. Parsimony methods are
subject to the same problem, but require
greater inequalities of evolutionary rate
to be inconsistent. For an elementary dis­
cussion of these phenomena, see my re­
cent review article (Felsenstein, 1983b).
Bootstrapping provides us with a confi­
dence interval within which is contained
not the true phylogeny, but the phylogeny
that would be estimated on repeated
sampling of many characters from the
underlying pool of characters. As such it
may be misleading if the method used to
infer phylogenies is inconsistent.
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TABLE l. Fossil horse data ofCam in and Sokal (1965). The states ofeach character are in a linear series.
-1, 0, 1, 2, ... , with the ancestral state being O. The data are also shown in binary recoded form in
which the nine multistate characters have been recoded into 20 binary factors. The first line ofthat table
indicates the correspondence between the original and recoded characters. Bootstrap sampling ofcharacters
should be done before any recoding into binary factors.

Binary Factors

Name Characters 11112 22333 44566 77889

Mesohippus 0 0 0 0 0 0 0 0 0 00000 00000 00000 00000
Hypohippus -1 3 3 0 0 0 0 0 1 00011 11111 00000 00001
Archaeohippus 1 0 0 0 0 0 0 1 1 10000 00000 00000 00101
Parahippus 1 1 1 1 0 0 0 0 1 10001 00100 10000 00001
Merychippus 2 2 2 2 1 1 1 2 1 11001 10110 11110 10111
Merych. secundus 2 2 2 2 1 -1 -1 2 1 11001 10110 11101 01111
Nannippus 2 2 1 2 1 1 1 2 1 11001 10100 11110 10111
Neohipparion 2 3 3 2 1 1 1 2 1 11001 11111 11110 10111
Calippus 2 2 1 2 1 -1 -1 2 1 11001 10100 11101 01111
Pliohippus 3 3 3 2 1 -1 -1 2 1 11101 11111 11101 01111

One difficulty in the interpretation of
the result is that we may not have decided
which subset of species interests us until
after the bootstrap result is examined.
This raises the "multiple tests" problem:
ifwe have 20 statistical tests, on average
one should show significance at the 95%
level purely at random. There are ways
ofmaking simple corrections ifthenum­
ber ofindependent tests is known, but in
this case the different tests (the different
subsets that show up on the majority-rule
consensus tree) are probably correlated,
so that it is not easy to see how to com­
pute the number of independent tests so
as to correct for it. I have simply taken
the 95% level as correct, as if we had
chosen the test of interest a priori.

One might wonder whether the jack­
knife would be a viable alternative to the
bootstrap. If we make a set of estimates
by dropping one character at a time and
then estimating the phylogeny, the re­
sulting phylogenies will vary far less than
the bootstrap estimates do. In the simple
test case of sample averages estimating
the mean of a normal distribution, it
turns out that the jackknife estimates
of the mean will have a variance only
n2/(n - 1)3 times as large as that of the
corresponding bootstrap estimates (Ef­
ron and Gong, 1983). To make the vari­
ance among the jackknife estimates as
large as that among bootstrap estimates,

one would have to engage in an extrap­
olation to make their variance larger. The
difficulty in envisaging a procedure like
this is that the space of possible phylog­
enies does not lend itself readily to ex­
trapolation: once a branch length has
shrunk to zero it is not immediately ob­
vious what to do next. Unlike normal
means, phylogenies do not live in a flat
Euclidean space. One way to make the
jackknife vary as much as the bootstrap
would be to drop not one observation,
but half the observations chosen at ran­
dom.
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dropped from the analysis. A weight of
w means that the character is counted as
ifpresent w times, so that each change
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FIG. 1. All most parsimonious trees for the fossil horse data in Table 1 when phylogenies are evaluated
by the Wagner parsimony criterion. There are ten most parsimonious trees in all. Nine of these can be
generated by resolving each of the trifurcations in the left tree into all three possible bifurcations. The
tenth is shown in the right tree. All abbreviations are first three letters
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FIG. 2. Bootstrap estimate ofthe phylogeny for
the data ofTable 1 when phylogenies are
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is that it provides a practical method,
albeit a flawed one, for assessing the un­
certainty inherent in such conclusions. I
suspect that the levels of uncertainty
found in practice will be so great as to
give pause to all but the firmest expo­
nents of nonstatistical hypothetico-de­
ductive approaches to inferring phylog­
enies.
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