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ABSTRACT

Inferences about macroevolutionary processes have traditionally depended solely on the fossil
record, but such inferences can be strengthened by also considering the shapes of the phylogenetic
trees that link extant taxa. The realization that phylogenies reflect macroevolutionary processes
has led to a growing literature of theoretical and comparative studies of tree shape. Two aspects
of tree shape are particularly important: tree balance and the distribution of branch lengths. We
examine and evaluate recent developments in and connections between these two aspects, and
suggest directions for future research.

Studies of tree shape promise useful and powerful tests of macroevolutionary hypotheses. With
appropriate further research, tree shape may help us detect mass extinctions and adaptive radia-
tions, measure continuous variation in speciation and extinction rates, and associate changes
in these rates with ecological or biogeographical causes.

The usefulness of tree shape extends well beyond the study of macroevolution. We discuss
applications to other areas of biology, including coevolution, phylogenetic inference, population

biology, and developmental biology.

INTRODUCTION

HERE IS probably no greater nor more

fundamental problem in ecology and
evolutionary biology than explaining the di-
versity of life on Earth. A comprehensive ex-
planation of this diversity should account for
not only the regulation of diversity in extant eco-
logical communities (Ricklefs and Schluter
1993), but also provide an understanding of
what factors have determined historical pat-
terns of diversification among evolutionary
groups. This latter question is a familiar one:

Why are there so many species of passerine
birds (e.g., Raikow 1986; Kochmer and Wagner
1988) or beetles (e.g., Evans 1975)? ] B S Hal-
dane’s famous quip about God’s inordinate
fondness for beetles can only be part of the story.

Questions about the relative diversity of evo-
lutionary groups are often posed in terms of
taxonomies (see literature reviewed by Ander-
son 1974). Ultmately, however, these are
questions aboutvariation in speciation and ex-
tinction rates, and their signatures in the
shapes of phylogenetic trees. The recent ex-
plosion in the availability of phylogenetic data
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32 THE QUARTERLY REVIEW OF BIOLOGY

(fueled in part by the molecular revolution)
has given us a new and powerful approach for
studying tempo and mode in evolution: phylo-
genetic trees as histories of the diversification
of clades. The availability of these data has in
turn led to dramatic growth in the study of
phylogenetic tree shape, which providesa pos-
sible new approach to the study of evolution
and diversification (there are other applica-
tions of tree shape, but we touch on them only
briefly). The time is ripe for an appraisal of
the power and prospects of the study of tree
shape. Here we outline the history behind the
use of tree shape, provide some necessary
technical background, and consider current
descriptions of and proposed explanations for
the shapes we observe. We then conclude with
suggestions for future study.

HISTORICAL SKETCH

Branching diagrams were considered fit-
ting representations of organismal affinities
long before Darwin (Panchen 1992). How-
ever, Darwin is usually recognized as the first
to consider trees explicitly as representations
of actual genealogies of species, and his theory
of natural selection gave him definite ideas as
to their shape (Darwin 1859:110). Faced with
limited data, however, Darwin turned to
taxonomies instead of phylogenies for evi-
dence to support his hypotheses (Darwin
1859:110). The use of taxonomies as reflec-
tions of phylogenetic pattern continues up to
the present.

Willis (1922) noted the concave shape of
many frequency distributions of taxonomic
units containing various numbers of subunits
(e.g., species per genus), when units are or-
dered from those with the greatest number to
those with fewest subunits, and called this the
“hollow curve” distribution. For example, Fig-
ure 1 shows the sizes of chrysomelid beetle
genera (from Williams 1964; based on data
collected by Willis). It plots the number of
chrysomelid beetle genera with varying num-
bers of species. The hollow curve phenome-
non is familiar to anyone who has noticed the
conspicuous abundance of, for example, bee-
tles among insects, passerines among birds, or
teleosts among fish.

Early authors described these hollow curves
ashyperbolic (Chamberlin 1924), logarithmic
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Data from Williams (1964, Table 50).

Ficure 1.

(Fisher et al. 1943), or log-normal series (Wil-
liams 1964), and saw in them the stamp of de-
terministic processes (Williams 1964; Ander-
son 1974). Walters (1961; see also Cronk
1989) considered them merely psychohistori-
cal artifacts. Yule (1924) and Wright (1941)
pointed to a stochastic or probabilistic expla-
nation for the hollow curve pattern. Ecologi-
cal theory—e.g., MacArthur’s (1957) “broken-
stick” model of ecological diversity, which is
also probabilistic—was adapted to explain
hollow curves, most prominently by Anderson
(1974). Recent investigators have even de-
scribed the hollow curves in terms of fractal
geometry (Burlando 1990; Minelli et al. 1991;
see also Nee etal. 1992). Information-rich, rig-
orous phylogenies have now largely replaced
the use of taxonomic lists in the study of mac-
roevolution (but see exceptions in Dial and
Marzluff 1989; Ricklefs and Renner 1994, Tiff-
ney and Mazer 1995).

The modern study of phylogenetic tree
shape and macroevolution can be traced to a
set of meetings of paleontologists and popula-
tion biologists at Woods Hole in the early
1970s (Raup et al. 1973; Gould et al. 1977,
Schopf 1979), and to a biogeographic study
(Rosen 1978; Simberloff et al. 1981; Simber-
1off 1987). Both sets of investigators were seek-
ing falsifiable hypotheses of phylogenetic tree
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shape. The “Woods Hole group” (coined by
Slowinski and Guyer 1989) was concerned
that paleontologists took an overly descriptive
and deterministic approach when consider-
ing the patterns of fossil diversity. The group
felt that some deductive methodology was
needed, with a view to formulating general
evolutionary laws (Raup et al. 1973). Taking
their cue from ecology (Simberloff 1972),
they created a simple stochastic model of mac-
roevolution (with lineages splitting and be-
coming extinct) and used it to simulate phy-
logenies evolving through geological time.
Because the distribution of shapes of real
clades from the literature resembled the simu-
lated random clades, Raup et al. (1973; Gould
et al. 1977) held that deterministic explana-
tions for clade shape were unnecessary. How-
ever, Stanley et al. (1981) found that with
more realistic parameter values the histories
of clades from the fossil record could not be
reproduced with simple stochastic models.
The Woods Hole studies are part of arich liter-
ature concerning the course of diversity in the
fossil record, but we will not review it here.
Current studies of phylogenetic tree shape are
generally intellectual descendants of the
Woods Hole group and its use of a simulation-
driven, stochastic model of tree production.
The biogeographic approach owes much to
Hennig (1966), who postulated a series of bio-
geographic “rules” (summarized by Ashlock
1974) by which cladograms could be used to
infer past biogeographic events. In order to
give these rules a quantitative basis, Rosen
(1978; see also Platnick and Nelson 1978) con-
sidered the probability that two area clado-
grams (i.e., two cladograms of different groups
with the common areas of occurrence substi-
tuted for species) were congruent by chance
alone. For instance, Rosen considered per-
fectly congruent area cladograms for two
groups of five species of fish, and pointed out
that, given the 105 possible labeled clado-
grams having five tips, the chance that two five-
tipped trees would match perfectly owing to
chance would be (1/105) = 0.0095. This was
unlikely enough to justify appeals to similar
biogeographic trajectories for the two groups.
Simberloff and coworkers (Simberloff et al.
1981; Simberloff 1987) pointed out that Ro-
sen’s statistics were based on the particular
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and unsupported null expectation that all la-
beled cladograms were equally likely, and pre-
sented two other null distributions (see the
section below on null models for tree balance,
p 35). Simberloff etal. (1981) highlighted the
necessity of using clear null models when
studying congruence among phylogenies, and
showed how certain shapes of trees might be
expected to arise in nature. Together, the
Woods Hole group’s agenda of a quantitative
approach to paleontological studies of tempo
and mode, and the response to the use of null
models in tests of biogeography, set the stage
for the modern use of phylogenetic tree shape
in the study of macroevolution. The two ap-
proaches also highlight two different but
closely related aspects of tree shape: changes
in diversification rates through time, and dif-
ferences in diversification patterns among
contemporary clades. These mightbe thought
of as two different axes of variation. We con-
sider the latter aspect first, beginning with a
brief summary of terminology and the statisti-
cal approaches used.

TERMINOLOGY FOR PHYLOGENETIC
TREE SHAPE

Most biological taxa have arisen by a branch-
ing evolutionary process of descent with modi-
fication (we are still a long way from a proper
account of reticulation in phylogenetic the-
ory). While taxonomies generally reflect (to
various degrees) historical relationships be-
tween taxa, phylogenetic trees are explicit
statements of those relationships. That is, a
phylogenetic tree is an estimate of the evolu-
tionary history of the group in question. We
will use the term estimated tree to denote a par-
ticular phylogenetic tree inferred from real
data; this contrasts with the unknowable frue
tree we are trying to retrieve. The estimation
may have involved any of a number of tech-
niques, either phenetic or cladistic; despite
differences among techniques, in current
practice all are normally intended to retrieve
evolutionary relationships.

Some further definitions will be useful. Any
phylogenetic tree (Figure 2A) is made up of
tips, nodes, and branches. A nodeis a point where
two or more branches meet, and each node ulti-
mately represents a speciation event whose
age may or may not be estimated; the oldest
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node

FiGURE 2. Two HypPOTHETICAL 8-TIPPED
PHYLOGENETIC TREES.

These trees illustrate the range of possibilities
for tree balance and some basic terminology for
elements of trees. Tree (A) is completely balanced;
tree (B) is completely imbalanced.

node is the root. Tips are the smallest taxo-
nomic units shown in a tree. A branch connects
a tip or node to the next nearest node, and its
length may reflect inferred amounts of time,
genetic change, or morphological change be-
tween nodes or between nodes and tips. Binary
trees have no more than three branches meet-
ing at any node: an ancestral branch and two
daughter branches. A tree is labeled if each
tip isuniquelyidentified (normally as a species
or other taxonomic group); it is unlabeled
otherwise. A tree is complete if it includes all
extant taxa in a given group (for instance, all
seven recent species in the horse family).
Many trees are incomplete because species are
unknown, or either unavailable to or omitted
by the systematist.

Tree topology refers to the branching pattern
of a tree, but ignores branch length informa-
tion and labels on the tips. Two unlabeled
trees have the same topology if they can be
made identical (ignoring branch lengths) by
swapping the positions of the right-hand and
lefthand branches atanyset of nodes. Balance,
or the extent to which nodes define subgroups
of equal sizes (Figure 2B), is the most widely
considered aspect of topology. Balanced trees
have also been called symmetrical, while im-
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balanced trees have been called pectinate,
chained, or comblike (“unbalanced” is also
used, and is identical in meaning). We use tree
shape as a general term that includes both bal-
ance and the distribution of branch lengths in
the tree.

TREE BALANCE
MEASURES OF TREE BALANCE

Although it is possible to examine patterns
in the frequencies of all possible tree topolo-
gies (Savage 1983; Brown 1994), this quickly
becomes unwieldy with trees larger than a few
species. An alternative is to use a summary in-
dex of overall tree balance. Many different in-
dices have been proposed; they differ in calcu-
lation and to some minor extent in behavior
(Shao and Sokal 1990; Kirkpatrick and Slatkin
1993). Most have in common the fact that
each summarizes, in a single number, the de-
gree to which a tree is balanced or imbalanced
(but see Sackin 1972; Fusco and Cronk 1995;
and the use of only a single node by Slowinski
and Guyer 1989, 1993; Guyer and Slowinski
1993). Balance indices ignore any informa-
tion about branch lengths (Figure 2) and con-
sider only the distribution of tips across nodes.
We assume for the moment that the trees un-
der consideration are binary.

The most widely used index is Colless’
(1982) index of imbalance I, (C in Kirkpatrick
and Slatkin 1993). I, sums, over all (n — 1)
nodes in a tree with = tips, the difference in
the numbers of tips subtended by the right-
hand and left-hand branches arising at each
node, and then normalizes by dividing by the
largest possible score. That is,

Ic - (all interior nodes) I TR TL ! ) (1)
(n—1)(n—2)
2

where at each node the right and left branches
subtend Trand 7; tips. I. = 0 for a completely
balanced tree and I. = 1 for a completely im-
balanced one. Kirkpatrick and Slatkin (1993)
point out that I, gives more weight to nodes
close to the root (for which | Ty — Ty | can be
largest). This is reasonable because those
nodes are the most informative, as the sub-
clades they define are older and therefore
sample longer periods of evolutionary time. It
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is possible to construct an alternative measure
that weights all nodes equally:

I TR - TL l
_ (y—nodes, >2) ]— 2
L = , 2
s (n=2) (2)

where j is the number of tips subtended by
each interior node. The cost of this alternative
is that I is a less familiar index and its behavior
has yet to be characterized.

Five other indices have been examined in
some detail by Kirkpatrick and Slatkin (1993):
N, 0%, B, B,,and R. N and o%derive from Sack-
in’s (1972) vector measure of tree balance: If
N, is the number of nodes between tip ¢ and
the root, then the mean and variance of Nover
all ¢ (i.e., N and o%) are two slightly different
measures of tree shape [Shao and Sokal
(1990) used XN instead of N]. Both increase
with increasing imbalance. A third related
measure is B; = %(N,/2y,), which is related to
the Shannon-Wiener information function
[note that B, in Kirkpatrick and Slatkin (1993)
is equal to B, divided by log(2) in Shao and
Sokal (1990)]. B, is larger for more balanced
trees. By is more complicated: For each of the
interior nodes except the root, determine M,
the maximum number of other nodes be-
tween thatnode and a tip itsubtends. Then B, =
3 1/M, (Shao and Sokal 1990); B, is larger
for more balanced trees. Finally, Page (1993b)
developed an alternative measure, which re-
quires an ordering of all possible trees of size
n by Furnas’ (1984) “left-light rooting” rules.
These rules place a perfectly imbalanced tree
first,and a perfectly balanced one last, and the
balance index Rfor a particular tree is just the
position of the tree in that order.

There seems to be no end to the number of
balance indices that can be derived. Rogers
(1996) has suggested counting the number of
nodesin a tree thatare imbalanced (J). Other
variations on the indices discussed here ap-
pear in Shao and Sokal (1990). Furthermore,
tree topology is of interest in other fields, and
analogous approaches can be found (e.g., in
hydrology, Smart 1972; in cell morphology,
Van Pelt et al. 1989).

Trees that include polytomies (i.e., which
are not binary) pose problems for the mea-
surement of balance. Shao and Sokal (1990)
discuss the application of several indices to trees

PHYLOGENETIC TREE SHAPE 35

including polytomies, but for such trees ex-
pected values and moments of the indices are
much less easy to derive. In many or most cases,
trees with polytomies reflect only our incom-
plete knowledge; for instance, a wide-ranging
species, budding new species from peripheral
isolates but not itself changing phenotype,
could produce a clade we would estimate un-
der maximum parsimony as a polytomy (Wag-
ner and Erwin 1995). The balance of such un-
resolved trees may have little to tell us.
However, “hard” (true) polytomies can result
from simultaneous speciation events in a sin-
gle lineage (Hoelzer and Melnick 1994); such
cases are difficult to accommodate with cur-
rent methods. The usual practice is to con-
sider only binary trees.

Howare we to choose among the alternative
measures of balance? Kirkpatrick and Slatkin
(1993) compared the power of six statistics for
discriminating between two simple models of
evolution. N, R, and B, showed relatively low
power, but I, 0%, and B, all performed fairly
well. Of the latter three, I is computationally
the simplest, and is the only one whose expec-
tation and variance (under a simple null
model; see below) are known analytically
(Heard 1992; Rogers 1994). For these reasons
we expect that I will be, for most purposes,
the most useful measure of balance, despite a
slight edge in power reported for B, (Kirkpat-
rick and Slatkin 1993).

NULL MODELS FOR TREE BALANCE

Given that we can calculate a measure of
balance for a phylogenetic tree, what do we do
with this information? Balance was first dis-
cussed with reference to the information con-
tent of a taxonomy (e.g., Mayr 1969; Sackin
1972), but the recent surge of interest in bal-
ance reflects instead the realization that it can
be used to study the evolutionary process.
Such study involves seeking biological (evolu-
tionary or other) explanations for patterns in
balance. A useful baseline for this sort of enter-
prise is provided by null models for tree bal-
ance: that is, simple models for which we can
predict the distribution of tree topologies, and
against which we can evaluate samples of esti-
mated trees or the results of more sophisti-
cated evolutionary models.

Three rather different null models have
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FiGUre 3. THREE PosSiBLE WAYS A 3-TIPPED
TREE CAN GIVE RISE TO A
4-T1pPED TREE THROUGH
SPECIATION OF ONE LINEAGE.
Note that there are only two different topologies;
the two trees on the left are identical if unlabeled,
but different if labeled.

been proposed for tree balance: the equal-
rates-Markov model, the proportional-to-dis-
tinguishable-arrangements model, and the
equiprobable-types model. No null model is
completely free of assumptions and different
(even if minimal) sets of assumptions yield dif-
ferent null models.

The equal-rates-Markov (often just “Mar-
kov”) model is attributed to Harding (1971)
and to Cavalli-Sforza and Edwards (1967), but
is based on models of the diversification pro-
cess that date at least to Yule (1924). Under
this model, trees are generated by an evolu-
tionary process under which, at any time ¢, all
extant lineages have equal probabilities (de-
noted A\) of speciating in the interval (¢, ¢ +
At). “Equal rates” here refers to the equality
of speciation probabilities across lineages; spe-
ciation rates are often considered constant
through time as well, but this is not necessary
provided that when they vary, they vary to-
gether in all lineages. To see how the Markov
model works, consider a four-tipped tree; it
must be the result of three speciation events
(of which only the last can produce more than
one topology). This last speciation event can
happen with equal probability to three species
(see Figure 3); two of these events give an im-
balanced topology and one a balanced one, so
the probabilities of the imbalanced and bal-
anced topologies are % and %, respectively. Be-
cause the Markov model explicitly considers a
simple model of evolutionary diversification,
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it is an appropriate null model for studies in
which one is interested in balance for evolu-
tionary reasons. Analytical treatments of the
imbalance index I, under the Markov model
are available (Heard 1992; Rogers 1994).

Notice that the Markov model does not ex-
plicitly include extinction. This is normally
justified by considering the modeled (or cal-
culated) speciation rate as the “net rate of di-
versification,” the actual rate of speciation mi-
nus the rate of extinction. If extinction is
random across lineages it does not affect tree
balance (Slowinski and Guyer 1989), and so a
modelwith net diversification is sufficient. For
this reason we and others often use “diversifica-
tion” and “speciation” as if they were equivalent.
We caution, however, that this equivalency does
nothold if branch length information is taken
into account (see the section on estimating
branch length, p 41). Also, because the two
rates are considered together, their effects are
conflated; while patterns in extinction rates
could play as important a role in shaping tree
balance as patterns in speciation rates, we can-
not normally separate the two processes using
balance alone.

Under the proportional-to-distinguishable-
arrangements (PDA) model (Rosen 1978;
originally described for area cladograms),
there is no explicit model of growing trees.
Instead, each possible arrangement of n taxa
into a tree—that is, each possible estimate of
the phylogeny of the » taxa—is equally likely.
Within this larger set, the frequency of each
topology is proportional to the number of dis-
tinguishable trees sharing that topology [Rog-
ers (1994) gives recursion equations for the
number of topologies for any tree size n]. For
four-tipped trees, there are 12 differentimbal-
anced trees and 3 different balanced ones
(shuffle the labels on the tips in Figure 3, re-
membering that any clade can be rotated at
the node that subtends it without producing
a new distinguishable tree). The imbalanced
and balanced topologies therefore have fre-
quencies 0.8 and 0.2 respectively. The PDA
model produces trees that are more imbal-
anced than the equal-rates Markov, and mim-
ics the action of systematists who choose atran-
dom among all possible phylogenetic trees
(all possible labeled trees; Slowinski 1990). As
such, it is not of much interest from an evolu-
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tionary point of view, but whenever tree esti-
mation is imperfect we can consider the likeli-
hood of abiasin tree balance towards the PDA
expectation (Rogers 1994; Cunningham 1995).

Finally, the equiprobable-types (EPT) model
(Simberloff et al. 1981) holds that each differ-
ent topology for a given tree is equiprobable.
For instance, there are two different four-
tipped topologies (Figure 3), which under the
EPT model should each occur in a sample of
trees with frequency 0.5. This model produces
the most balanced trees of the three. However,
no credible model either of the evolutionary
process or of the action of systematists leads
to the EPT balance distribution. We therefore
concur with Rogers (1993) that neither
agreement nor disagreement with the EPT
null model is interesting, and it can safely be
disregarded.

PATTERNS IN TREE BALANCE

Patterns in tree balance may arise from sev-
eral sources. First, all reasonable models of
evolution include stochasticity; any observed
pattern in balance can therefore reflect purely
stochastic effects. Second, because estimated
trees are not always identical to the underlying
true trees, patterns in balance might reflect
properties of the estimation algorithms or de-
cisions of systematists in the definition and in-
clusion of taxa. Third, and most interesting,
patterns in balance reflect the macroevolu-
tionary processes through which the diversity
of life on Earth has been generated. The task
of balance studies is to determine to what ex-
tent the signal (the third source of balance
patterns) comes through the noise and bias
(the first and second sources, respectively),
and to draw conclusions from data appropri-
ately filtered or statistically controlled to leave
only the evolutionary signal. We discuss first
patterns in the available data and possible bio-
logical explanations, deferring consideration
of possible biases until the section on nonevo-
lutionary explanations for imbalance (p 38).

Balance in Estimated Trees and Simulations

Two complementary approaches to the
study of patterns in tree balance have been
taken: mining the literature for estimated
trees, and computer simulations. Several au-
thors have examined the balance of estimated
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trees, either in large samples (e.g., Savage
1983; Heard 1992) or one tree at a time (e.g.,
Guyer and Slowinski 1993), and compared
them with the expectations based on null
models. Others have produced simulated
trees under a variety of simple evolutionary
models. The two approaches can then be com-
bined in hopes of understanding which evolu-
tionary models are, and are not, consistent
with data from the literature.

Imbalance has been examined for five ma-
jor compilations of estimated trees. Savage
(1983) collected over 1,000 estimated trees of
sizes 4 to 7 (although many smaller trees were
subsets of the larger ones) and found that
these largely fit the Markov model (trees with
4, 6, and 7 tips, but not those with 5 tips). Sav-
age interpreted this result as indicating that
among lower taxa “lineage diversification . . .
withinagroup .. .islargelystochastic” (Savage
1983:236), although he did not expect his re-
sult to hold for higher taxa (roughly, above
the family level).

In contrast, the consensus of four more re-
cent studies is that even small estimated trees
are consistently and significantly more imbal-
anced than expected under the Markov null
model (Figure 4): Guyer and Slowinski (1991)
examined 120 complete trees of 5 species;
Guyer and Slowinski (1993) examined 30
trees of 100 to 20,000 species; Heard (1992)
examined 196 trees of 4 to 14 tips; and Mooers
(1995) examined 39 complete trees of 8 to 14
tips. Each study rejected the Markov model,
although none could account for the disagree-
ment with Savage (1983). The rejection of the
Markov model was very robust: it held for trees
of species or of higher taxa, for phenetic or
cladistic trees, and for complete and incom-
plete trees (further discussion of tree complete-
ness below). If this “excess imbalance” can be
taken at face value, it documents the existence
of substantial variation in speciation and/or
extinction rates among lineages within even
quite small phylogenetic trees.

Rejection of the Markov model tells us only
that lineages vary in their speciation/extinction
rates, but we would obviously like to know how
much and what kind of variation would be
needed to produce trees like those in the liter-
ature. Computer simulations have recently
been applied to this problem, although the
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FIGURE 4. A SUMMARY OF DATA ON THE BALANCE
OF ESTIMATED PHYLOGENIES.

Solid triangles: Heard 1992 (error bars are *
two standard errors); open triangles: Mooers 1995;
open circle: Guyer and Slowinski 1991; dashed line
is the Markov expectation. The figure includes all
available compilations measuring balance for sys-
tematic samples of literature trees, except Savage
(1983), which we excluded because his small trees
are subsets of larger trees, and therefore the tree
sizes are not independent samples.

evolutionary models underlying them are not
yet very sophisticated. Heard (1996) consid-
ered a model where diversification rates de-
pend on the value of a trait (such as body size)
evolving in arandom walk, and are also subject
to random variation. Rate variation related to
heritable traits (“heritable” at the level of an-
cestor to daughter species), and some forms of
rate variation unrelated to anything heritable,
produced trees with increased imbalance.
However, extremely large amounts of rate
variation were required to produce trees as im-
balanced as the estimated trees discussed
above. Kirkpatrick and Slatkin (1993) reached
a similar conclusion from a related model of
evolving speciation rates. Heard (1996) also
found that gradual and punctuated models of
macroevolution produce different patterns in
tree balance. Specifically, under gradualism
there appears to be an upper limit to imbal-
ance no matter how fast the traits on which
diversification rates are based evolve; no such
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limit exists for punctuated evolution. This
contrast could potentially help to illuminate
the relative roles of these two major modes of
macroevolution, but more detailed and so-
phisticated evolutionary models will have to
be explored first.

Losos and Adler (1995) modeled a very dif-
ferent form of speciation-rate variation; one
thatarises because a newly formed species passes
through a “refractory period” during which it
cannot speciate further—perhaps as it ex-
pands in density and range from a small
founder population. Short refractory periods
tend to produce trees more balanced than the
Markov expectation, because they dampen
the activity of the most actively speciating lin-
eages. However, Rogers (1996) has recently
shown that very long (but perhaps unreason-
ably long) refractory periods can produce
strongly imbalanced trees.

Nonevolutionary Explanations for Imbalance

We should notinterpret patterns in tree bal-
ance solely in terms of evolutionary process.
We must also consider the possibility that the
trees we make give biased or inaccurate esti-
mates of the balance of the true trees underly-
ing them (this is not an issue for patterns in
computer simulations) . Several possible sources
of such bias have been identified. Three in
particular have seen considerable discussion:
bias in poorly supported trees, bias in system-
atic methodology, and bias in incomplete
trees. Recent work indicates that at least the
first two are actually closely related.

Poorly Supported Trees. Several studies have
examined the effects of tree accuracy. Esti-
mated trees are not always identical to the
(usually unknown) true trees. Several studies
have also examined how estimation errors
might affect tree balance. Work with simu-
lated data suggests that different methods
make differentkinds of estimation errors, with
different consequences for balance.

Mooers et al. (1995) found by simulation
(for trees with 10 tips) that incorrect maxi-
mum parsimony estimates tended to be more
imbalanced than the underlying true trees,
and Zarkikh and Li (1993) documented con-
ditions under which balanced 5-tipped trees
were incorrectly estimated as imbalanced, us-
ing maximum parsimony. Heijerman (1992,
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1993) undertook a large simulation study in-
volving trees with 20 tips, and found that gen-
erally, under a Markov model of tree produc-
tion, balanced estimates were closer to the
underlying true tree than imbalanced esti-
mates. The parameters that Heijerman chose,
however, made the true trees very hard to re-
cover, so his results are hard to interpret. In-
terestingly, Heijerman found no relationship
between tree balance and accuracy of recon-
struction for an equilibrium model of tree pro-
duction; this may serve as a caution that differ-
ent underlying models may lead to different
biases.

Related work by Huelsenbeck and Kirkpat-
rick (1996) shows that as data deteriorates (as
sequence data accumulates very large num-
bers of site changes and corresponding tree
estimates contain more errors), maximum
parsimony phylogenies become increasingly
imbalanced; simulations by Colless (1995) us-
ing artificially evolved data with very few char-
acters per taxon show similar results. In the
extreme, when data are entirely random (so
there is no true tree to estimate), cladistic
methods produce random guesses from the
set of all possible trees (Heard and Mooers
1996). The expectation under the PDA null
model (defined in the section on null models
for tree balance, p 35) is strongly imbalanced
compared to both the Markov model and col-
lections of estimated trees. For maximum par-
simony methods, therefore, increasing amounts
of error in tree estimation produce increas-
ingly imbalanced trees until, with random
data, imbalance reaches that of the PDA null
model. Combined models with Markov and
PDA components can be developed in an at-
tempt to accommodate contributions from
both models, although a difficulty aris€s in dis-
tinguishing imbalance generated by macro-
evolution from imbalance generated by sys-
tematic error.

Phenetic methods treat poor data differ-
ently. Huelsenbeck and Kirkpatrick (1996)
found that as data deteriorated, UPGMA (un-
weighted pair-group method using arithmetic
averages) estimates did not change much in
balance, despite containing roughly as many
errors as cladistic estimates. Colless (1995)
found quite balanced phenetic trees with ran-
dom data (and also with very unreliable real
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data sets; Heard and Mooers 1996). It appears
that UPGMA estimates with random data may
be biased (Heard and Mooers 1996; see also
Colless 1996).

Documenting these effects with trees esti-
mated from real data is more difficult, as there
is no good method for measuring how well
an estimated tree reflects the (unknown) true
tree. There are many indices of how well data
agree within a single tree: for instance, consis-
tency and retention indices (Farris 1989), ho-
moplasy-slope ratios (Meier et al. 1991), deci-
siveness ratios (Goloboff 1991), skew in the
distribution of tree lengths (Le Quesne 1989),
and permutation tests (tree support values;
Kallersjo et al. 1992) or resampling measures
(bootstrap values; Felsenstein 1985a) of agree-
ment. We might consider these as surrogate
measures of reliability, although they are of-
ten poorly intercorrelated (Goloboff 1991;
Mooers et al. 1995; Sanderson and Donoghue
1989) and so we warn that recognition of reli-
able and unreliable trees may often be difficult.

There have been a few studies of the bal-
ance effects of estimation errors in real data
sets. Guyer and Slowinski (1991) found that
maximum parsimony trees with more charac-
ters defining interior nodes were more bal-
anced than trees with fewer characters defin-
ing nodes, and Mooers et al. (1995) found a
negative correlation between measures of
character agreementand tree balance. Colless
(1995) examined a set of unreliable (Heard
and Mooers 1996) data matrices and found
that cladistic estimated trees were highly im-
balanced while phenetic estimates were quite
balanced. The empirical results therefore sup-
port the expectations from simulation studies,
despite being hampered by problems in mea-
suring tree accuracy.

Systematic Methodology. The question of bias
in tree shape arising from systematic method-
ology has been contentious. Recent discussion
has centered on possible differences (in bal-
ance) between phenetic (almost always UP-
GMA) and maximum parsimony trees. Colless
(1982) suggested that published cladograms
were more imbalanced than phenograms, but
produced only anecdotal evidence. Savage
(1983) suggested that phenograms were more
imbalanced than cladograms, but recognized
that the differences were of uncertain statisti-
cal significance.



40 THE QUARTERLY REVIEW OF BIOLOGY

More recently, Colless (1995) claimed that
cladograms and phenograms produced from
the same data differ dramatically in balance
(the cladograms being more imbalanced). In
contrast, Heard (1992) and Mooers (1995)
analysed large and systematic compilations of
literature trees, and found no differences in
balance between cladistic and phenetic trees
after controlling for tree size and the inclusion
of outgroups. This apparent contradiction
can be resolved (Heard and Mooers 1996) by
considering tree reliability: nearly all data sets
used by Colless (1995) produced poorly sup-
ported trees, for which we have seen that phe-
netic and cladistic methods make different er-
rors. For robust trees, simulations have shown
little disagreement between methods (see
Huelsenbeck and Kirkpatrick 1996), which
lines up well with Heard’s (1992) and Mooers’
(1995) results. However, Huelsenbeck and
Kirkpatrick (1996; their Figure 2) found that
even with very good data, both methods (and
other phylogenetic methods such as maxi-
mum likelihood) seem to produce estimated
trees which are slightly biased towards imbal-
ance.

Incomplete Trees. Mooers (1995) has exam-
ined the issue of tree completeness. The prob-
lem arises because we are interested in the bal-
ance of a real tree, but often we actually
measure the balance of a subset of this tree:
the sample of taxa available, or of interest, to
the systematist. While balance is unaffected by
random omission (or extinction) of taxa from
a tree (Slowinski and Guyer 1989), this need
not be true for nonrandom omission of taxa.
Brown’s (1994) argument that the frequen-
cies of tree shapes are “independent of the
extinction process and even of the process by
which a scientist selects the species to be stud-
ied” (p 79), appears in fact to apply only to
random extinction or selection on equal-rates
Markov trees.

One can imagine many ways in which the
taxa under study could be a nonrandom sub-
set of all possible taxa. Some extant taxa may
be unknown or some specimens unavailable
to a systematist. A particularly common case
is when a systematist chooses to include only
representative taxa (for instance, one from
each species group, genus or family). Two
studies of large sets of trees (Heard 1992;
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Mooers 1995) have found that trees that are
incomplete because they have genera or fami-
lies as tips do not differ in balance from trees
of species. Mooers (1995) has shown by simu-
lation that some, but not all, other plausible
kinds of sampling (for instance, selection or
exclusion of taxa that have similar values for
heritable traits) do affect balance, often lead-
ing to incomplete trees that are more imbal-
anced than their corresponding complete
trees.

Mooers (1995) also found a significant dif-
ference in balance between a set of complete
trees assembled from the literature (hollow
triangles in Figure 4), and a sample of incom-
plete trees from Heard’s (1992) compilation:
the complete trees were more balanced,
though still not as balanced (as a group) as
the Markov expectation. The opposite effect
is also possible: in some large phylogenies,
smaller subclades may be omitted, and this
can produce amore balanced incomplete tree
(Fusco and Cronk 1995).

It is possible that the difference between
Mooers’ (1995) and Heard’s (1992) results are
actually driven by tree reliability, not complete-
ness. In making his compilation, Mooers in-
cluded only datasets giving unique (or at most
two) most parsimonious trees without ad hoc
weighting. In contrast, Heard made no effort
to assess tree quality, and so that dataset may
have included some less robust trees, which
we might expect to be more imbalanced. In
support of this interpretation is Guyer and
Slowinski’s (1991) compilation of 120 com-
plete 5-tipped trees (hollow circle in Figure
4). Guyer and Slowinski, like Heard, did not
attempt to assess tree quality, and they found
imbalance slightly (but not significantly) higher
than Heard’s compilation. It remains unclear,
then, whether the differences between Mooers’
and Heard’s compilations (Figure 4) can be
laid to completeness, tree quality, or some
combination of the two.

We emphasize that the conclusions pre-
sented here are based on a distribution of true
trees that can be mimicked with an equal-rates
Markov model of diversification. We do not
know how noise in character data sets, tree
reconstruction methods, or sampling biases
affect tree balances when the true trees being
estimated deviate strongly from the Markov
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expectation (except for the trivial cases where
the true trees are all perfectly balanced or all
perfectly imbalanced: error then could only
be in one direction). The equal-rates Markov
trees are, on average, more balanced than the
PDA expectation and less balanced than the
EPT expectation, and so would seem a good
baseline for studying bias, but they may not
properly represent the universe of true trees
we ultimately want to study.

In summary, imbalance indices for esti-
mated trees are subject to some bias. Unrelia-
ble cladistic trees tend to be more imbalanced
than reliable ones, all estimated trees may err
slightly towards imbalance, and incomplete
trees can be more imbalanced than full trees.
We do not yet know to what extent these biases
account for patterns in sets of literature trees
(e.g., Heard 1992; Mooers 1995; Mooers et al.
1995; see also the section on biases in tree
shape, p 48), but the best evidence suggests
that they are usually mild. Therefore, we do
not believe that the biases are responsible for
all (or even most) of the difference between
estimated trees and the Markov null model.

TREE SHAPE AND BRANCH
LENGTH DISTRIBUTIONS

ESTIMATING BRANCH LENGTH

Until recently, most phylogenetic trees
were presented without estimates of branch
lengths (see Figure 2); this gives only half the
story of evolution. A time axis allows us to ask
more precise questions about the variation in
diversification rates among extant lineages
(i.e., looking at variation within a horizontal
slice through the tree in Figure 2), and also to
ask about variation in rates as a whole clade
diversifies (i.e., variation along the vertical
axis of the tree in Figure 2). In either case, by
comparing observed patterns with expecta-
tions from null models, we may gain insight
into the processes driving diversity patterns.

Inferring branch lengths on a tree requires
either some knowledge of (or guess at) the
rates of change in the characters used to con-
struct the tree, or recourse to fossil evidence.
Cladistic trees inferred from morphological
data and parsimony algorithms contain lim-
ited information about distances between suc-
cessive nodes. Character changes can be
“mapped” onto a topology, such that each
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branch is given a length equal to the number
of changes inferred to occur on it. However,
there need be no unique way of mapping char-
acters onto most parsimonious trees (Swof-
ford and Maddison 1987), and so other infor-
mation is needed to choose among alterna-
tive mappings. With few models for rates of
change in different morphological characters
available, inferred morphological change is
rarely used to estimate branch lengths on phy-
logenetic trees (Ross 1974; Felsenstein 1985b),
and this extends to phenograms made from
morphological data. However, if nodal dates
can be inferred from geological data, mor-
phology-based cladograms and phenograms
can be used to make inferences about macro-
evolution. Cloutier (1991) offers an interest-
ing example based on a cladogram of the co-
elacanth and related fossil Actinistian fishes.

Branch length data from molecular phylog-
enies are routinely based on some model of
molecular evolution that assumes clock-like
behavior (for early evidence of rate constancy
in molecular evolution, see Zuckercandl and
Pauling 1965; for a review of the theoretical
basis for clocks, see Kimura 1983; Chao and
Carr 1993; see also Gillespie 1991). These al-
gorithms include the common UPGMA
method (Sokal and Michener 1958), and the
KITCH and the DNAMLK algorithms in PHY-
LIP (Felsenstein 1993; who also offers a con-
cise explanation of these methods). The as-
sumption of a molecular clock means that
inferred branch lengths can be read as time
intervals; i.e., a time axis can be placed on the
tree (see Figure 2). If the branch length data
are reliable, various comparisons can be made
between these inferred trees and expectations
based on null models [see, however, Felsen-
stein (1988:542), Nei et al. (1985), Hasegawa
et al. (1993), and the section below on biases
in tree shape (p 48) for discussions of the er-
rors associated with inferred branch lengths,
which can often be substantial].

TREE SHAPE MODELS WHICH INCLUDE TIME

The equal-rates-Markov null model of tree
shape is also the starting point for tests that
incorporate branch-length information. How-
ever, the actual values of the speciation rate
[N, or birth rate, estimated by b, the probabil-
ity that a lineage will split between time fand
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(¢t + A?)] and the extinction rate [, or death
rate, estimated by d, the probability that a lin-
eage will go extinct between time tand (¢ + Af) ]
now play prominent roles. The simplest case
is one which sets w to zero, and models \ as
unchanging through time (Yule 1924), which
sets a probability distribution for the time to
speciation for any extant lineage as (Hey
1992):

P() = Ne™™. (3)

For n extant lineages, the probability distri-
bution for the time until the next speciation
event will be the same with parameter nA:

P(f), = nhe ™ . (4)

The waiting times between speciation
events in the tree decrease as n increases, be-
cause there are more lineages that are free
to speciate. Whereas the equal-rates-Markov
model (see the earlier section on null models
for tree balance, p 35) stipulates that at any
one time, all extant lineages have the same A,
this “constant-rate Markov” model goes one
step further, specifying that A does not change
through time. In fact, the speciation parame-
ter \ is specified in many simulation studies
of tree topology (e.g., Kirkpatrick and Slatkin
1993; Heard 1992, 1996; Losos and Adler
1995; Mooers 1995; Rogers 1996), but the re-
sulting branch lengths are not analysed fur-
ther. Below, we consider some applications.

The addition of an extinction parameter
(w) expands the versatility of the models,
allowing two classes of processes to be consid-
ered. With A greater than ., the model is one
of nonequilibrium growth. An equilibrium
model, on the other hand, begins with a tree
of a certain size, perhaps produced by way of
a nonequilibrium model, and then regulates
A and w so that the tree is maintained at this
size (except perhaps for stochastic fluctua-
tions). More complex models can specify dif-
ferent relationships between speciation and
extinction that produce different expecta-
tions of tree shape—for instance, they may
allow the tree to first grow and then shrink
through time.

In order to compare the shapes of phyloge-
netic trees with expectations from the various
models, the phylogenies are often repre-
sented as lineages-through-time plots (Nee et
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al. 1992; Figure 5). These are semilogarithmic
plots of the number of lineages in existence
as a function of time since the first branching
of the tree at its root. Figure 5 highlights the
various parameters that are depicted in such
aplot. First, under the simplest Markov model
with a constant and positive net rate of diversi-
fication [(A — ) > 0; for simplicity, we refer
to this also as a constant-rate Markov model,
and rate is understood to be net], there will
be exponential increase in the actual number
of lineages, resulting in a straight line, with
stochastic wiggles, on a semilog plot (Harvey
et al. 1994; top line in Figure 5). Second, if
there has been extinction (. > 0), there will
be a difference between the actual number of
lineages present at any one time and the num-
ber that are estimated (the bottom line in Fig-
ure 5): the phylogeny derived from extant taxa
can onlyrecover lineages that left descendants
to the present day. At the end-point (the pres-
ent) the two lines converge on the actual num-
ber of lineages in existence. Over most of the
history of an expanding clade, the slope of the
lineages-over-time plot is an estimate of (A —
) (Nee et al. 1992). [If there is no error in
the branch length data, the slope is in fact the
realized rate of diversification (b — d) (Purvis
1996)]. If there is no extinction, then the ac-
tual and reconstructed lines will be coinci-
dent, and the slope estimates . Computer
packages are available, which allow estimation
of these various parameters (Harvey et al.
1995b; Rambaut and Harvey 1996).

The lineages-through-time plots make ex-
plicit several other features of the constant-
rate Markov model. First, the model produces
a steep slope of actual lineage production
early on in the diversification of a clade. This
“push of the past” (Nee et al. 1994b) is due
to the fact that we confine ourselves to clades
that have left atleast one living descendant (in
fact, we study only clades that have left many
descendants): even when A is higher than p,
some entire groups will become extinct before
we sample the tree, owing to chance alone.
This means we tend to observe the nonran-
dom sample of clades that got off to a flying
start; such clades should show an increased
number of fossil species early on in their his-
tory. Second, because the actual and recon-
structed numbers of species must coincide at
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FIGURE 5. LINEAGES-THROUGH-TIME PLOTS FOR A SIMULATED PHYLOGENY.

A constant-rate Markov process has given rise to a phylogeny, depicted here as a semilogarithmic plot
of the number of extant lineages as function of time since the first split in the tree at its root. The top
dashed line is the actual number of lineages, and the bottom dashed line is the reconstructed number
(the top line minus extinct lineages). The slope of the two lines in the mid time range estimates X — .
Near the present, the bottom line steepens, and estimates \. Time units are arbitrary. The simulation
was done using the Bi-De simulation package (Rambaut and Harvey 1996) with A = 0.3 and p = 0.25.

the present day and the reconstructed line
must lie below the actual line when d > 0, the
reconstructed curve will show an upswing at
the present, and the slope of the recon-
structed curve near the present (its tangent
at the present) will be 4. This is owing to the
inevitable time lag between the birth of a lin-
eage and its possible death; close to the pres-
ent we sample many lineages that will become
extinct, but haven’t yet done so. Under the
constant-rate Markov model, we can therefore
measure both (b- d), the slope of the middle
part of the plot, and of 4, which means that

d, the extinction rate, can also be estimated.
Maximum likelihood techniques can be ap-
plied for any given tree (Nee et al. 1994a,b,
1995a).

APPROACHES USING THE NULL MODELS

Hey (1992) presented two new approaches
to the study of phylogenetic tree shape using
branch lengths. The first is a time-based ver-
sion of the balance tests considered in the sec-
tion on tree balance (p 34) for the Markov
model, and is referred to as a Links test. It com-
bines the probabilities that successive specia-
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tion events occur along the same lineage over
all the speciation events in a given tree, and is
sensitive to both an excess of speciation events
along one lineage (leading to imbalanced to-
pologies) and the sort of repulsion of succes-
sive events envisioned by Losos and Adler
(1995). Hey found that the test was much
more sensitive to the former pattern than to
the latter. Harvey et al. (1991) presented an-
other version of this test that considered only
the differences in splitting probabilities be-
tween nested sets of sister lineages. Mooers et
al. (1994; following a suggestion made by A
Burt) carried this test further, and asked
whether, over a whole tree, the propensity to
split was heritable among lineages: Did lin-
eages that split quickly produce daughter lin-
eages that also split quickly? All these tests use
the time axis to ask questions about the varia-
tion in diversification rates among extant lin-
eages, as do the topology tests presented in the
section on tree balance (p 34).

Hey’s (1992) second approach compares
the time intervals between successive branching
events (the distribution of #s in Equations 3
and 4) with the expectation based on two sim-
ple theoretical models. The first is the con-
stant-rate Markov model with no extinction.
The maximum likelihood parameter for the
speciation rate (the value of & which maxi-
mizes the fit between the observed times ¢ on
atree and those generated by Equation 4) and
the actual likelihood of the data arising under
the simple one-parameter process can be cal-
culated directly. Hey suggests that this likeli-
hood be compared with that in which the spe-
ciation rate is allowed to vary freely for each
of the (n—2) internodes. The likelihood ratio
for this comparison is distributed as a chi-
square, allowing quick assessment of the prob-
ability of a particular tree having arisen under
the simple model versus the more complex
scenario.

The second model considered by Hey is a
special case of the equilibrium model, where
clades remain at a constant size through time.
A monophyletic group of n species first arises
under an unspecified process. Then, for every
speciation event, governed by some diversifi-
cation parameter, there is a simultaneous ex-
tinction event somewhere in the tree, such
that the phylogeny is maintained with 7 spe-
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cies. This might model the situation where
niche space is completely saturated by a clade.
The expected internode times are less easily
derived than those from Equation 4, but both
the most likely value for the replacement pa-
rameter governing the process and the likeli-
hood of observing a given tree if the most
likely value is fit can be calculated directly.
Again, we can compare the fit with that from
a model where a new value is calculated for
each internode in a given tree, using the chi-
square distribution.

Note that the formal rejection of these sim-
ple models does not on its own imply the rejec-
tion of a stochastic process, but simply a rejec-
tion of those processes that include only one
speciation or replacement parameter when
compared with a more general model. Hey
(1992) found that neither model could be re-

jected for any of eight trees taken from the
literature, suggesting that simple one-parame-
ter models were sufficient. For each of the
eight cases, the simple growth model offered
a better fit to the data than did the second,
constantreplacement model. Heyinterpreted
this as evidence against extinction in the
eight clades.

Harveyetal. (1991; see also Harvey and Nee
1994a) also compared time intervals between
successive branching events on a phylogenetic
tree, presenting a lineages-through-time plot
of the early portion of the infamous tree of the
birds (Sibley and Ahlquist 1990). Rather than
a straight line, as expected under the equal-
rates Markovmodel with constant (A — ) (Fig-
ure 5), Harvey etal. (1991) reported a distinct
downward curvature, evidence of a deficit of
new lineages as one moved towards the tips.
Nee etal. (1992) were able to statistically reject
the simplest constant-rate model, but not a
two-parameter model with declining diversifi-
cation rates. Nee et al. (1992) interpreted
their model as consistent with a scenario (out-
lined in a paleontological context by Valen-
tine 1973; and modeled by Sepkoski 1978) of
initial rapid diversification of birds into empty
adaptive zones (aerial carnivores, aerial grani-
vores, shorebirds), followed by a more stately
process of speciation and extinction within
these zones. The same pattern was found for
much more recently diverged groups of birds
by Zink and Slowinski (1995). They found that
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9 of 10 phylogenies of recent North American
bird genera also showed a downward curva-
ture in lineages-through-time plots. Zink and
Slowinski (1995) suggested that the deficit of
new lineages was owing to increased extinc-
tion rates during the Pleistocene. Purvis et al.
(1995) tested various scenarios with a tree of
the primates, and found that the shape of the
lineages-through-time plot of the tree was con-
sistent with a constant-rate Markov model.

Lineages-through-time plots can also sup-
ply information about mass extinction events.
Harvey and Nee (1993) reported that certain
forms of severe mass extinctions might leave
a signature in the form of an S-shaped curve,
and this was formalized by Harvey et al.
(1994). Kubo and Iwasa (1995) point out that
while mass extinction events will be very hard
to detect in real data sets (a point made by
Harveyand Nee 1993), sudden jumps in speci-
ation rates will leave a measurable footprint
on the lineages-through-time plot. Kubo and
Iwasa reasoned that the two processes might
be linked (a mass extinction allowing a subse-
quent radiation), and so evidence for the lat-
ter may suggest looking for independent evi-
dence for the former.

INTERPRETATION OF BRANCH-LENGTH DATA

Care mustbe taken in interpreting lineages-
through-time plots. Nee et al. (1994b) high-
lighted how a model of a smooth decline in
global splitting rate over time (Strathmann
and Slatkin 1983), whereby a clade first grows
and then shrinks, could be interpreted as a
sporadic history of boom and stasis when con-
verted to a lineages-through-time plot of ex-
tant lineages. Similarly, a tree with a large
number of nodes near the present, which
would correspond to a steep upswing in the
curve near the present, appears to suggest an
increased rate of diversification; however, a
constant rate of net diversification with a high
extinction rate is another simple explanation
[if 5> (b — d), then d must be large; Nee et
al. 1994a]. Nee etal. (1994b) also pointed out
that when only a random subset of extant lin-
eages is sampled under a nonequilibrium
model, the resulting plot could mirror the de-
creasing per-lineage diversification rate sce-
nario attributed to the birds. Extant lineages
not present in a sample cannot contribute to
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FIGURE 6. RECONSTRUCTED LINEAGES-THROUGH-
TiME PLOT FOR THE CRANES.
The curve is S-shaped, suggesting a decreasing
rate of diversification through time. Data from Kra-
jewski (1990).

nodes in the tree near the present, causing a
deficit of new nodes and a flattening of the
curve near the present. A tree of HIV-1 lin-
eages (Harvey et al. 1995a) showed just this
sampling effect, while a tree of poliovirus 1,
also made from a subsample of extant lin-
eages, showed an S-shaped curve, consistent
with a mass-extinction event.

Figures 6 and 7 offer examples of a related
problem. Recall that Hey (1992) had no rea-
son to reject a simple growth model (having
a single parameter ), in favor of his general
model for any of eight clades. However, Hey’s
general model [with (n — 2) parameters] is
much more complex than a scenario of a sin-
gle band a single d (e.g., Harvey et al. 1994);
the many extra degrees of freedom used by
Hey for his general model demanded that it
offer a much better fit to the data before it
could be preferred over the simpler scenario.
Fairly simple models that include extinction
might offer better fits to these trees than that
supplied by Equations 3 and 4. The plots in
Figures 6 and 7 are of two of the clades consid-
ered by Hey. The Crane phylogeny (Figure 6)
seems compatible with various models of den-
sity-dependent cladogenesis (i.e., a changing
rate of diversification), while the Plethodon phy-
logeny (Figure 7) is consistent with a scenario
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FIGURE 7. RECONSTRUCTED LINEAGES-THROUGH-
TiME PLOT FOR PLETHODON
SALAMANDERS.

The steep rise near the present can be interpre-
ted as evidence for a high rate of extinction in
this group. Time is measured in arbitrary units
(adapted from Nee et al. 1994a).

of a constant but high extinction rate and was
presented as an example of such a process
(Nee etal. 1994a). The plotis also superficially
similar to the expectation from a more sophis-
ticated equilibrium model of diversification
[equivalent to Hey’s (1992) replacement
model], adapted from coalescent theory to de-
scribe endemic population processes (Nee et
al. 1995a,b). However, such a model for re-
placement of species might be hard to justify;
there is ample evidence in nature that niche
space may be either undersaturated (e.g., Cor-
nell and Lawton 1992; Ricklefs and Schluter
1993) or oversaturated (e.g., Sale 1978).
These examples serve to emphasize that the
model to be tested should be based on knowl-
edge of the clade at hand; a population of en-
demic virus strains and a group of salamander
species may yield similar phylogenetic pat-
terns for very different reasons. Many models
can be rejected by (or fit) the same data.
Kubo and Iwasa (1995) expand on this
theme. They point out that many functions of
b and d may produce the same phylogenetic
pattern under asimple Markovmodel. As well,
they show that while b may accurately estimate
the true A, d will be a poor measure of the
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true extinction rate, even when the presumed
model is true, owing to the stochasticity in the
realized diversification process (see also Nee
etal. 1994a).

Purvis (1996) has even suggested using the
fossil record to check on the plausibility of var-
ious models. Lineages-through-time plots
allow the total number of extinct species to be
estimated: if more extinct species are known
than predicted, we would do well to recon-
sider our model.

In summary, lineages-over-time plots offer
a powerful approach to testing null models of
macroevolution, having been successfully ap-
plied to both large trees (e.g., of the primates
and of the birds) as well as small trees, such
as that of Plethodon salamanders. As molecular
data continue to accumulate, so will the op-
portunities for tests of various models. How-
ever, the fit for any one model should be seen
as the starting point for further research, not
as an explanation of the data.

TREE SHAPE AND
Key INNOVATION HYPOTHESES

We turn now to a specific application of the
study of tree shape: the search for the causes
of radiations. One approach, that of testing
individual phylogenies for agreement with a
simple Markov model, can be extended to par-
ticular clades within a phylogeny. For in-
stance, under the Markov model, at any single
node, all possible partitions of n species into
subgroups of size rand (r - n) (all vectors of
progeny numbers) are equally likely (Farris
1976). This property means that sister clades
of the same size are no more likely than sister
clades of greatly different sizes. More impor-
tantly, individual clades can be identified that
are bigger than expected under the null
model (i.e., a split of 41 species into sister
clades of 1 and 40 species would only occur
5% of the time under the Markov model). Un-
fortunately, the flat probability density func-
tion for splits means that tests for single nodes
are of very low power.

Nee et al. (1992) presented a generalized
case for an arbitrary number of ancestor lin-
eages when a time axis can be added to the
tree. If we draw a horizontal slice through a
tree at a single point in time, thereby defining
n ancestral lineages, we can model the distri-
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bution of the sizes of the clades that result
from these ancestral lineages at any time later
in the tree by randomly and repeatedly break-
ing a stick with the same length as the number
of descendent species into n fragments. This
allows us to identify subclades that are signifi-
cantly larger than we would expect, a possible
first step when looking for evidence of key in-
novations. Another, related, approach is to es-
timate speciation and extinction rates sepa-
rately for different clades, and then to ask
whether the estimates differ among clades.
Purvis et al. (1995) applied both of these tests
to the tree of the primates having 203 species
(Purvis 1995) and were able to identify clades
with higher than average diversification pa-
rameters (e.g., the Old World monkeys), as
well as groups with very different ecologies but
similar diversification parameters (e.g., the
hominoids and the New World monkeys).
This result is particularly interesting, given
that there was no evidence of a change in the
average diversification rate across the entire
tree over time (Purvis et al. 1995), and serves
to show how the two axes of variation that we
have been considering (the one through time
and the other across lineages) may be inde-
pendent.

Sanderson and Donoghue (1994) have ex-
tended the search for differences in diversifi-
cation rates among contemporary lineages to
take into account uncertainty in the timings
of branching events. They found a change in
the rate of diversification near the base of the
angiosperm tree, but most likely occurring
after the origination of angiosperms, sug-
gesting that characters that unite all angio-
sperms may not be sufficient to explain the
clade’s taxonomic success. This approach—
used by Hodges and Arnold (1995) to associ-
ate nectar spurs with plant diversification—
may prove useful when dealing with unique
radiations, where statistical tests for correlates
of diversification are inappropriate (Purvis
1996).

Slowinski and Guyer (1993) present a
method for using the property of the flat distri-
bution of sister-clade sizes to study correlates
of radiations across many taxa. Their test com-
bines the individually weak tests of differences
in sister-clade sizes across many taxa using
Fisher’s combined probability test, each prob-
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ability coming from a comparison in clade size
between a group exhibiting a putative key in-
novation and its sister-group (for an example,
see Hodges and Arnold 1995). Sanderson and
Donoghue (1996) survey a range of tech-
niques available for pin-pointing changes in
diversification rates. Barraclough etal. (1996)
presented a novel analysis, which correlates
higher rates of angiosperm diversification
with higher rates of genetic change early in
that diversification. This analysis was based in
part on the equalrates Markov null model.
However, if it turns out that the Markov null
model is generally a poor predictor of actual
tree shape, as it seems to be (see the section
on patterns in tree balance, p 37), then tests
that do not compare trees with the equal-rate
Markov null model might be preferred (see
the section on sophisticated evolutionary
models, p 49). Nee et al. (1996; see also Bar-
raclough etal. 1995; Mooers and Mgller 1996)
offer an alternative test that does not assume
a Markov null expectation.

OTHER USES FOR TREE SHAPE

The shapes of phylogenetic trees are a rich
resource for many areas of study not fully ex-
plored in this review. One such area is in tech-
nical aspects of tree estimation: the shape of
a true tree appears to affect the possibility of
estimating it correctly. This is the inverse of the
problem of bias discussed in the section on
patterns in tree balance (p 00). This issue has
been explored through simulations by Rohlf
etal. (1990) and Heijerman (1992, 1993), and
a biological investigation of the relationship
between shape and ease of estimation has
been made by Arnold (1990). All these studies
suggest that the shape of the true tree can
strongly affect the probability of recovering it
with different estimation techniques.

Another area is the comparison of particu-
lar trees with one another. The connection be-
tween the purely topological null models pre-
sented by Simberloff et al. (1981) and the
time-based Markov null model of diversifica-
tion (Page 1991; Brown 1994) allows branch
length information to be added to data from
topologies in comparisons of shapes of partic-
ular trees. Page (1990) has pointed out that
both studies of biogeography and studies of
host-parasite cospeciation ask whether trees of
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different taxa are similar, and both make use
of the same null models of diversification. This
insight hasled to acommon approach to these
questions, drawing directly on concepts of
tree shape (Page 1993a,c, 1996; Paterson et
al. 1993).

Tree shape can also be applied to the study
of population processes. Lineages-through-
time plots can in theory be used as an aid to
reconstructing the population history of a spe-
cies. This approach was pioneered by Nee et
al. (1994b, 1995b), and has been applied to
data from virus populations (Harvey et al.
1995a; Holmes etal. 1995; Zanotto etal. 1996;
see also Holmes and Garnett 1994; Harveyand
Nee 1994b), and to data from whales (Nee et
al. 1995b). Clough et al. (1996) used tree
shape to discriminate between possible repli-
cation mechanisms in “populations” of retro-
transposons within mammalian genomes.

Finally, cell lineage diagrams are close rela-
tives of phylogenetic trees, and their shapes
may be of considerable interest. Such trees
show the history of cells dividing and dying,
and the parallel to speciation and extinction
of lineages is obvious. Recent progress in de-
velopmental biology means that cell lineage
dataare rapidly improving; a complete cell lin-
eage tree is available for Caenorhabditis elegans
(Sulston et al. 1988), and smaller trees (show-
ing descendants of particular cells) are being
worked out in organisms such as leeches (e.g.,
Shankland and Martindale 1992), zebrafish
(e.g., Eisen 1992), and Drosophila (e.g., Good-
man and Doe 1993). Here tree shape relates to
variation in the numbers of descendent cells
traceable to different mother cells (e.g., Stern-
berg et al. 1992). The balance measures N
and o% have important and straightforward
biological implications for these trees, be-
cause they represent mean and variance in
numbers of cell divisions per “adult” cell. Bal-
anced cell lineage trees minimize N (and o%)
and perhaps, therefore, the total exposure of
the genome to replication error; this may be a
good developmental strategy in tissues where
replication error is particularly damaging
(e.g., in the germ line). In contrast, imbal-
anced trees might be a good developmental
strategy where change through such error is
advantageous (perhaps where antibodies are
produced, or in a parasite where surface anti-
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gensare presented to the host), orwhere error
has more serious consequences for certain
cells within the cell lineage. We are not aware
of any serious exploration of the use of tree
shape in this context, although it would cer-
tainly seem worth pursuing.

WHERE NEXT FOR TREE SHAPE?

Although the past decade has seen a flurry
of activity in studies of phylogenetic tree
shape, we are not close to our ultimate goal:
being able to account for atleast some features
of the diversity of life on Earth. This lack of
answers does not, however, mean a lack of
progress. We are beginning to have a much
better idea of what the interesting questions
are, and how one might look for convincing
data to address them. We here consider some
potentially fruitful avenues for future work on
tree shape.

BIASES IN TREE SHAPE

Despite recent advances (see the section on
patterns in tree balance, p 37), we do not have
athorough enough understanding of the vari-
ous biases that affect the shape of estimated
trees. This is important, because we need to
know how much of the deviation of estimated
trees from the Markov model needs macro-
evolutionary explanation and how much can
be laid to methodological problems. In a nut-
shell, it seems that for well-supported trees the
choice of estimation algorithms is unimpor-
tant, but unreliable maximum parsimony
trees and possibly incomplete trees will be
more imbalanced than the underlying true
and complete trees. But how much, for what
levels of reliability, and what kinds of incom-
pleteness? Existing compilations of complete
trees (Mooers 1995; Guyer and Slowinski
1991) are few, and the assessment of tree relia-
bility is currently very difficult. So although in
theory we know how to produce a perfect data
set for the study of tree balance (use only com-
plete and well-supported trees), no such data
set has yet been compiled. It is also possible
that reliable and unreliable trees are being
sampled from different underlying distribu-
tions of true trees; the results to date assume
that all the underlying trees can be modeled
as equal-rate Markov trees.

We also do not know how robust estimates
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of diversification parameters (see the section
on tree shape models which include time, p
41) are to error in branch-length estimation.
The entire endeavor rests on the reality of a
molecular clock, which may not be very real
(Gillespie 1991). More molecular data, more
realistic models of molecular change (Felsen-
stein 1993; Yang 1994), and more calibrations
with fossil data are needed in order to increase
our confidence in the trees we use. Random
error in molecular data, even when the model
is correct and a clock is in effect, must surely
affectdistributions of branch lengths asitdoes
topologies (cf. Huelsenbeck and Kirkpatrick
1996). Incorporating branch-length error es-
timates (Nei etal. 1985; Hasegawa et al. 1993)
into the tests of various macroevolutionary
models is one possible avenue (Nee et al.
1995b). We do not yet know whether branch
length errors will only make it more difficult to
choose among alternative models (since many
more may fit the poorer data) or will, more
seriously, produce biased parameter esti-
mates.

SOPHISTICATED EVOLUTIONARY MODELS

The Markov model has been well studied,
but we are only just beginning to understand
patternsin tree shape expected from more so-
phisticated evolutionary models (Heard 1996;
Kirkpatrick and Slatkin 1993; Losos and Adler
1995; Rogers 1996). Such an understanding is
essential if we are to say more about patterns
in estimated trees than merely that they do
notfit the nullmodel. Realistic shape behavior
from a particular detailed model could lead
to hypotheses (but not conclusions) about fac-
tors affecting speciation and extinction rates.
Such models should consider both ecological
(Heard and Hauser 1995) and biogeographi-
cal (Jablonski et al. 1983; Page 1991) influences
on diversification. For instance, the effects of
natural selection, ecological opportunity, or
mass extinction have not yet been incorpo-
rated into models of tree balance, and the
study of their effects on branch lengths is still
initsinfancy (Harveyetal. 1994). As the evolu-
tionary models we use improve, studies of tree
shape may have important things to tell us
about macroevolution; for instance, patterns
in tree balance may help distinguish punctu-
ated equilibria from gradualism (Heard 1996).
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Furthermore, the continued poor fit of the
equal-rates-Markov model to data sets of esti-
mated trees suggests that the model should
not be used indiscriminately. We have alluded
to this with reference to the studies of bias, as
well as to the study of key innovation hypothe-
ses. This caution may also be extended to all
other areas of comparative biology that use
the Markov null model to generate null distri-
butions of tree shapes (e.g., Losos 1994; Mar-
tins 1996; Sanderson and Donoghue 1994).

TREE SHAPE, ECOLOGY, AND BIOGEOGRAPHY

We should soon be in a position to use pat-
terns in sets of estimated trees to test hypothe-
ses about ecology, biogeography, and specia-
tion. For instance, predictions about tree
balance could be drawn from Jablonski etal.’s
(1983) onshore-offshore hypothesis. This hy-
pothesis holds that for marine invertebrates,
origination rates are highest in deep-water en-
vironments. If deep-water members of a clade
speciate more often than shallow-water ones,
imbalanced phylogenetic trees should result.
Are phylogenies of marine invertebrates more
imbalanced than those of groups lacking this
regional bias in speciation? We do not know,
but intriguingly Burlando (1990) reported that
taxonomies of marine organisms were more im-
balanced than those of terrestrial ones [but
see Minelli et al. (1991:93); furthermore, we
caution that some terrestrial groups may show
patterns analogous to the onshore-offshore
hypothesis (DiMichele and Aronson 1992)].

Other biogeographical contrasts are possi-
ble. For instance, consider a lowland species
whose range is sequentially divided by the up-
lifting of multiple, paralle]l mountain ranges
(or a species expanding along a linear island
chain). Allopatric speciation would then be
expected to produce an imbalanced tree. Ex-
tending this argument, recolonization after
glaciation on continents with north/south
versus east/west mountain chains should pro-
duce different tree balance patterns. For a ma-
rine ancestor with populations isolated by
postglacial isostatic rebound in similar-aged
lakes along a coastline [e.g., the threespine
stickleback Gasterosteus aculeatus complex
(Schluter and McPhail 1992) ], we might have
yetanother expectation: if the ancestral popu-
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lation gave rise to many descendants at the
same time, the history of the separate lineages
is not one of consecutive bifurcations, and the
PDA model may be the best representation.
The same prediction could be made for areas
of high relief that are affected by cooling peri-
ods during Milankovitch cycles: high levels of
allopatry owing to range contraction should
produce diversification among taxa, and the
resulting trees may be indistinguishable from
the PDA expectation (since no tree-like pro-
cess of diversification actually occurred). Vrba
(1992) has presented a series of such hypothe-
ses concerning the effect of climate change on
the tempo and mode of diversification, and
several of these lead to tree shape predictions:
her turnover-pulse hypothesis, for example,
predicts that diversification should be rapid,
and hence reconstructed branches will be
many and short during periods of climate
change. Comparisons of tree balance among
groups with different biogeographical histor-
ies can be used to test various models of bio-
geographically-driven allopatric speciation.

VOLUME 72

CONCLUSION

Nothing is more fundamental to biology
than the search for the processes responsible
for the diversity of life on Earth. Historically,
the fossil record offered the main evidence of
the workings of these processes; Darwin de-
cried the niggardliness with which it offered
up that account. However, the processes that
generated the diversity of life on Earth have
etched their signal not only in the fossil strata
but also in the shapes of phylogenetic trees of
extant organisms. If the estimated trees that
we produce give a clear view of this signal, we
would do well to look that way. More complete
and more accurate trees are clearly needed, as
is theoretical exploration of more sophisti-
cated evolutionary models.
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