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Abstract.— The ancestral distance test is introduced to detect correlated evolution between two binary traits in large phy-
logenies that may lack resolved subclades, branch lengths, and/or comparative data. We define the ancestral distance as
the time separating a randomly sampled taxon from its most recent ancestor (MRA) with extant descendants that have
an independent trait. The sampled taxon either has (target sample) or lacks (nontarget sample) a dependent trait. Modeled
as a Markov process, we show that the distribution of ancestral distances for the target sample is identical to that of the
nontarget sample when characters are uncorrelated, whereas ancestral distances are smaller on average for the target sample
when characters are correlated. Simulations suggest that the ancestral distance can be estimated using the time, total branch
length, taxonomic rank, or number of speciation events between a sampled taxon and the MRA. These results are shown
to be robust to deviations from Markov assumptions. A Monte Carlo technique estimates P-values when fully resolved
phylogenies with branch lengths are available, and we evaluate the Monte Carlo approach using a data set with known
correlation. Measures of relatedness were found to provide a robust means to test hypotheses of correlated character evolu-
tion. [Ancestral distance; character correlation test; homeosis; Markov model; Monte Carlo simulation; phylogeny; Poisson

process; rate heterogeneity; taxonomic rank; Yule tree.]

A central goal of comparative biology is to under-
stand the evolution of form, function, and behavior. A
common approach to investigate their interplay is to test
for correlated evolution between traits of interest. Ridley
(1983) and Felsenstein (1985) demonstrated that tests of
correlated evolution need to include information about
the phylogeny in order to take the nonindepdendence
of traits into account. Several comparative tests have
since been created (reviewed by Harvey and Pagel 1991;
Maddison, 1994; Martins, 1996a; Martins and Hanson,
1996; Ridley and Grafen, 1996; Pagel, 1997). Such tests
often require fully resolved phylogenies, branch lengths,
and comparative data for all taxa under consideration
(Table 1). Comparative studies that investigate infre-
quent traits that appear sporadically across large lineages
of life (i.e., thousands of taxa) are limited by such re-
quirements. We present the ancestral distance (AD) test
to deal with these difficulties when analyzing two binary
traits.

Characters that are common within particular sublin-
eages but evolved independently in distantly related lin-
eages pose particular problems. In the extreme, when all
taxa in a particular sublineage have the characters of in-
terest, correlated evolution cannot be detected by con-
sidering only the sublineage (Harvey and Pagel, 1991;
Maddison, 1990). A large sample of taxa that spans dis-
tantly related lineages is required so that several inde-
pendent evolutionary transitions of character states are
included in the analysis. (see, e.g., Sanderson, 1993, for
considerations of power). A random sample of taxa is
also important, as samples that are biased towards taxa
with characters of interest can alter inferred patterns of
character evolution (Ackerly, 2000; Sillen-Tullberg, 1993).

Large, random samples of taxa themselves present
further challenges. First, collection of complete sets of
comparative data for correlation analyses can be time

consuming and expensive (Vamosi et al.,, 2003). Sec-
ond, inference of phylogeny for large data sets be-
comes especially difficult due to lack of appropriate
loci that can resolve both deep and shallow phyloge-
netic events, alignment issues, problems assessing or-
thology and homology, and violation of assumptions of
character independence when loci that are under strong
selection are used for phylogenetic inferences (Phillipe
et al., 1994; Rokas et al., 2003). Third, several compara-
tive methods require ancestral state reconstruction (e.g.,
Maddison, 1990; Ridley, 1983). When the phylogeny is
large with ancient divergence events (or trait evolution
is fast relative to speciation), accurate reconstruction of
ancestral states can be difficult, if not impossible (Mossel,
2003).

A trend among current systematic studies is to aim for
larger and more fully resolved phylogenies. However,
large-scale phylogenies are simply not available for sev-
eral comparative questions, in particular, those involv-
ing rare and sporadic traits. Supermatrix and supertree
methods (Driskell et al., 2004; Sanderson et al., 1998) may
eventually provide the tools to piece together the entire
tree of life from different types of molecular data and
different phylogenetic analyses. Even with these meth-
ods, and after inference of topology, accurate estimation
of branch lengths may still present hurdles. Large mul-
tilocus phylogenies have also been reconstructed, but
such phylogenies typically include a nonrandom sam-
ple of taxa emphasizing taxonomic breadth rather than
depth of a relatively small sample of total diversity (e.g.,
Soltis et al., 1999, with ~0.3% of angiosperm species).
Taxa with rare, sporadic traits are still underrepresented
in recently published large-scale phylogenetic analy-
ses. Several traits of reproductive and ecological impor-
tance are rare and sporadic. In plants, such traits include
breeding systems (e.g., dioecy), pollination syndromes
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TABLE 1. Current comparative tests compared. Column labels: Char. Model = assumes explicit model of character evolution; Const. Rate
= based on constant rate model of character evolution; Spec. Model = assumes explicit model of speciation; Anc. States = reconstruction of
ancestral states involved; Comp. Data = requires complete character information; Res. = requires resolved phylogeny; Lrg. = easily applicable
with large taxon samples; Rob. = robust to deviations from assumptions of model; Y = yes; N = no; NA = not applicable; ? = unclear; dep. =
dependent; indep. = independent; ~ = not crucial. Text provides method references.

Method Example software Null hypothesis

Char.
Model

Anc.
States

Const.
Rate

Spec.
Model

Comp.

Data  Res. Lrg. Rob.

IC CAIC

Evolutionary changes in one trait

Y Y N Y Y Y N

are not correlated with

changes in another.

CC MacClade

Number of gains of dep.

N NA N N Y NA

character in presence of indep.
character no different than

expected by chance.
Equal probability of data under

Omnibus DISCRETE

models with and without

correlation.
Ancestral distance By hand or Monte

Carlo

Relatedness of taxa with dep.
trait to taxa with indep. trait

~Y

equals that of taxa lacking dep.
trait to taxa with indep. trait.

Pairwise comparisons By hand

Pattern of co-occurrence of trait

NA

transition due to chance.

Bayesian methods Software not readily

available

Estimate probabilities of
correlation based on models of
character evolution

(e.g., wind, water, bat pollination), certain fruit disper-
sal mechanisms, leaf characters (leaf margin, shape, ar-
rangement, venation, vestiture, nectaries, etc.), growth
habits (vines, succulents, etc.), and floral traits (nec-
tar spurs, color, etc.). Investigations of the evolution-
ary causes and consequences of dioecy exemplify is-
sues associated with rare, sporadic traits (Bawa, 1980;
Carlquist, 1974; Cox, 1988; Donoghue, 1989; Givnish,
1980; Rowley, 1987; Vamosi et al., 2003). Dioecy occurs
in approximately 6% of angiosperm species, 7% of an-
giosperm genera contain dioecious species, and over half
of the flowering plant families possess dioecious species
(Heilbuth, 2000; Renner and Ricklefs, 1995). It is a trait
thatis relatively uncommon, yet widely distributed, hav-
ing evolved multiple times.

Studies investigating dioecy have focused on either
analyzing nested patterns of character state variation
among taxonomicrank levels (e.g., Givnish, 1980; Renner
and Ricklefs, 1995), or using fully resolved phyloge-
nies (e.g., Donoghue, 1989; Vamosi et al., 2003). Both
approaches have problems and benefits. Even when
rank-level classifications are consistent with the under-
lying phylogeny, they represent a very coarse-grained
estimate of relationships. Moreover, some arbitrari-
ness is commonly acknowledged in rank classifications.
Nonetheless, a well-defined statistical structure exists
in rank classifications (Scotland and Sanderson, 2004),
and rank-level classifications are readily available for
large lineages of life. Fine-grained phylogenetic informa-
tion is lost, but accurate rank classifications still provide
information about nested patterns of descent. On the
other hand, fully resolved phylogenies provide a fine-
grained depiction of relationships, but their inference
can be difficult for reasons described above. Although
techniques have been offered to resolve polytomies in
various ways prior to application of software (Grafen,

1989, 1992; Pagel, 1992), or to generate trees with branch
lengths (Losos, 1995; Martins, 1996a), these methods re-
quire at least some phylogenetic data for taxa considered
so that some information is available to reconstruct the
phylogeny or set of phylogenies (Martins, 1996a).
Although the number of publications with phylo-
genies is growing at an exponential rate, there are
many species-rich groups with no phylogenies assem-
bled (Pagel, 1999). The AD test takes advantage of
currently available smaller phylogenies, instead of one
global, fully resolved phylogeny. Phylogenetic informa-
tion about entire groups of organisms can be missing, as
only “local” information about the phylogeny surround-
ing a sampled taxon is required. This test was based on
results from probability theory, and tested via simula-
tions to evaluate its robustness. Using a Monte Carlo ap-
proach, its behavior was also examined using a relatively
small, well-studied data set (Lutzoni and Pagel, 1997),
and potential applications are discussed. A program
that implements the Monte Carlo approach is available
(http://ag.arizona.edu/~dhearn/AncestralDistance/).

Framework for Proposed Test and Test Procedure

Of the issues involved in choosing a comparative test
(Table 1), one of the most important is the match be-
tween the test and the biological question (Maddison,
1990). The particular question our test addresses is “Are
taxa with a dependent trait more likely to be more
closely related to taxa with an independent trait than
expected by chance alone?” The test relies on the ob-
servation (Maddison, 1990) that when the evolution of
traits is correlated, characters appear clustered in a phy-
logeny. For example, clusters would occur either when
the dependent character is more likely to evolve in the
presence of the independent character, or when losses of
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the dependent character are less likely in the presence of
the independent character. Alternatively, clusters appear
when the two traits are developmentally linked and are
both gained or lost simultaneously.

The AD test records the amount of evolutionary sep-
aration between taxa that share traits of interest. When
the dependent character is more likely to evolve (higher
gain) or persist (less loss) in the presence of the inde-
pendent character, we show that closely related taxa are
more likely to have both the independent and dependent
characters than expected by chance alone.

Before describing the test procedure, we define a few
new terms (see Fig. 1). The ancestral distance is the time

separating a particular extant taxon from its most recent
ancestor (MRA) that has one or more extant descendants
that have an independent character. A target sample is a
random sample (sample design discussed below) of taxa
that have the dependent character, whereas a nontarget
sample is a random sample of taxa that lack the depen-
dent character. ADs are 0 when a sampled taxon has the
independent trait. Although we use the language “de-
pendent” and “independent,” the test is not meant to
imply a causal connection between the characters. Other
causative factors may be responsible for generating as-
sociations between characters. Apparent increases or de-
creases in rates of gain or loss of the dependent character

Target Sample

ABCDEF GHIPIFJ KLM ABCDEFGHI JKLM
Independent [ E—0 § ] J—0 J—R—R—N—N—0] =R 1 1 =1 QB—N—R—N—N—N—]
Dependent L L 1 =0 1 B—0—0 Q—R—N—N—] ---LT--EE-EEEE
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Select Exclude
target taxa
taxon
L] L
1 L}
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FIGURE 1. Ancestral distance method. The independent and dependent characters take two states (filled rectangle, open rectangle). (A) A
random target taxon, I*, is selected that has the dependent character (filled rectangle). The time (ancestral distance) to the MRA (black dot) with
one or more descendants with the independent character (i.e., taxon G in bold italics) is recorded. (B) All descendants of the MRA are removed
from sampling (light grey) so that only independent origins of the dependent and independent character are sampled. (C) A random nontarget
taxon, M*, is selected that lacks the dependent character (open rectangle). The time (ancestral distance) to the MRA with one or more descendants
(not including the excluded taxon, G) with the independent character (i.e., taxa A, C, D, E in bold italics) is recorded. (D) All descendants of the
MRA are removed from sampling. This process (A) to (D) is repeated until either no taxa remain or no taxa have the dependent character or
independent character. Dotted lines at base of tree indicate that it is part of a much larger tree.
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may be mediated by an uncharacterized factor that is it-
self connected to the independent trait (Read and Nee,
1995).

After initially constructing a list of taxa with the de-
pendent character, the sampling procedure is as follows:
(1) randomly select a taxon with the dependent charac-
ter (taxon in the target sample); (2) locate a published
phylogeny with this taxon or a close relative with the
dependent character (if no phylogeny is available for a
sampled taxon and close relatives, steps 1 and 2 can be
repeated until an appropriate phylogeny is available);
(3) collect comparative data for the sampled taxon and
closest relatives, and record the taxon’s AD; (4) exclude
taxa so that only evolutionarily independent origins of
the traits are sampled (see below); (5) repeat steps 1 to
4 alternating between taxa in the target and nontarget
samples (Fig. 1; ordering of the target and nontarget
sampling can be randomized). Finally, compare the ADs
between the target and nontarget samples using a stan-
dard statistical test (e.g., Wilcoxon two-sample test or
t-test).

The fourth step helps to ensure that taxa are sampled
from evolutionarily independent origins (i.e., gains or
losses due to separate mutation events) of the traits of in-
terest. Atstep 4, a “weak” inference about ancestral states
is required. For both the target and nontarget samples,
the most recent ancestor that gave rise to the indepen-
dent trait is located, and descendants from this ancestor
are excluded from further sampling. Also, for the tar-
get sample, the ancestor that gave rise to the dependent
trait is located, and all its descendants are likewise ex-
cluded. When origins of the independent and dependent
characters are more recent than the MRA (dots in Fig. 1),
all descendants of the MRA are excluded. The inference
of ancestral states is “weak” in the sense that the test is
conservative when all descendants of an even deeper an-
cestor are excluded (Fig. 1B, D). ACCTRAN parsimony
(Farris, 1970) is an appropriate method to reconstruct
ancestral states as it will infer the fewest (Huelsenbeck
et al., 2003) and deepest origins (Maddison and Maddi-
son, 1992).

MATERIALS AND METHODS
Simulations

In Appendix 1 and Figure 2, we derive the probability
distribution of ADs under a pure birth (Yule) process of
phylogenesis and a Markov model of character evolu-
tion. We show that this distribution is equivalent for the
target and nontarget samples when characters are uncor-
related (consequently, the proportion of taxa with ADs
equal to 0 is the same for the target and nontarget sam-
ples), and that the expected frequency of taxa with ADs
equal to 0 is the stationary frequency of the independent
character when character evolution is fast relative to spe-
ciation (fast character evolution, slow speciation [FCSS]
conditions).

We perform simulations (Table 2) to examine the ro-
bustness of these results when the Yule model of phy-
logenesis and Markov model of character evolution are

H | ! Sampled Taxon
|: 3 S (k=)
- } S (k=2)

S3(k=7)
MRA
> k=1
Sister Lineage

FIGURE 2. Notation for times, subclades, and branch lengths used
to derive the distribution of ancestral distances. Withoutloss of general-
ity, the top-most taxon is sampled (Sampled Taxon). For this particular
phylogeny, the ancestral distance of the sampled taxon is t when no
taxa in subclades s; to s, have the independent character, but the clade
that is sister (Sister Lineage) to subclades s; to s4 has one or more taxa
with the independent character. The times, t; to t,, represent the waiting
times between speciation events that separate the sampled taxon from
the MRA. The total time from the ith speciation event until present is
fiotal;- The lengths of the 2k — 1 branches of a subclade with k terminal
taxa are represented by by to by_;.

violated. During these simulations, we measure the AD
using the time, the number of speciation events (node
depth), and the total branch length separating a sam-
pled taxon from the MRA that has one or more extant
descendants with the independent trait. We expect the
ADs of the target sample to be the same, on average,
as the ADs of the nontarget sample when characters are
uncorrelated and shorter, on average, than the nontarget
sample when characters are positively correlated. We ex-
pect that any random deviation from assumptions that
is itself independent of the characters of interest (e.g.,
molecular rate heterogeneity, taxon subsampling, extinc-
tion, altered distributions of branch lengths) will affect
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TABLE 2. Simulation Information. Set = grouping of simulations; Cor. Chars = characters are correlated; Taxa Indep. = states of taxa are
independent and do not depend on ancestral state; No. Taxa = number of taxa in simulated phylogeny; Reps. = number of simulation replicates;
Spec. Rate = rate of speciation; Var. Rate = variable substitution rate; Exp. No Diff. = no difference between mean target and nontarget ancestral
distances expected; M = medium correlation; H = high correlation; E = empirical data set; NA = not applicable; V = variable; Y = yes; N =
no. Set 1 explores varying sizes of phylogenies for uncorrelated characters, set 2 explores varying strengths of correlation, and set 3 applies
the ancestral distance method to an empirical data set (Lutzoni and Pagel, 1997). Variable substitution rates, taxon sampling, and phylogenetic

structure (ranks) are explored in set 4.

Set Cor. Chars Taxa Indep. No. Taxa Reps. Spec. Rate Var. Rate Exp. No Diff.
1 N Y 30 10,000 0.00001 N Y
1 N Y 3000 10,000 0.00001 N Y
1 N N 30 10,000 1 N Y
1 N N 3000 10,000 1 N Y
2 M N 3000 10,000 1 N N
2 H N 3000 10,000 1 N N
3 E E 30 10,000 NA N N
4 N N 3000 10,000 1 Y Y
4 (ranks) \Y N \% 1000 each parameter combination 1 N \Y

the ancestral distances of the target and nontarget sam-
ples the same, on average.

For simulations involving uncorrelated characters,
instantaneous rates of character state transition were
randomly selected, but rate of gain in the dependent
character ranged between 0.05 and 0.08, whereas loss
was set between 0.5 and 0.8. These restrictions were cho-
sen so that stationary frequencies of the characters were
around 0.1. Rates of gain of the dependent character in
the presence of, or loss in the absence of, the independent
character were set to be 2 to 10 times greater than rates of
gain in the absence of, or loss in the presence of, the inde-
pendent character for medium correlation. Values were
set to be 20 times higher for high correlation.

Two trees and character sets were simulated for each
replicate. A single taxon with the dependent character
was randomly selected (target sample) from the first tree
and character set, as was a single taxon lacking the de-
pendent character (nontarget sample) from the second
tree and character set, and their ADs were recorded.

We generate branch lengths by modeling substitu-
tion as a constant-rate Poisson process (Zuckerkandl and
Pauling, 1965). For these constant rate simulations, the
number of substitution events, b,, in a molecular se-
quence of length ¢ along a branch of time duration f was
therefore sampled from a Poisson distribution with pa-
rameter i = A - £ -t so that P(b, = i) = e*u'/i!. We set
A =1.0 and ¢ = 100 for all simulations. When substitu-
tion events are modeled as a constant rate Poisson pro-
cess, we expect the AD as measured by branch length
to be approximately a constant multiple of the AD mea-
sured by time because the expected number of substitu-
tions along a branch is a constant multiple of time and
sequence length, ¢: E[b]]=pn=A-£-t.

The third set of simulations (Table 2) evaluates the AD
method with empirical character data of known correla-
tion. These data tested the hypothesis that evolutionary
origins of lichenization in Omphalina and relatives are
associated with increased rates of molecular evolution
(Lutzoni and Pagel, 1997). We used the provided tree
and absolute node ages, and the rate matrix estimated
under maximum likelihood by Discrete to simulate char-

acter evolution. For each of the two trees per replicate,
we sampled one taxon, alternating between taxa in the
target sample and nontarget sample.

A fourth and final set of simulations (Table 2) exam-
ines the robustness of the method to deviations from
the Markov assumptions by evaluating the effects that
random taxon sampling, substitution rate heterogeneity,
phylogenies collapsed to rank level, and branch times
that are non-Yule (i.e., not exponentially distributed)
have on AD statistics. In general, branch lengths will not
be ultrametric when molecular evolution rates vary, un-
like those under a constant rate Poisson process, but we
still expect that the distributions of ADs for target and
nontarget samples to be the same when rates vary. We
modeled rate heterogeneity as a random walk on a tree,
paralleling how Thorne et al. (1998) and Kishino et al.
(2001) modeled substitution rate evolution to infer diver-
gence times. Substitution rate is constant along a branch,
but varies from branch to branch, and the logarithm of
the rate of molecular evolution is normally distributed.
Starting with rate = el at the root, the rate, 74, at a de-
scendant branch changes from the ancestral branch, r,,
according to the random walk

rt-Z

Ty = eln(m)-&-r-t»Z =7, -

where Z ~ N(0, 1), t is the time along the branch from
the ancestral node to the descendant node, and r is the
rate of the random walk. We set r = 1.0 for all 10,000
replicates.

We also considered the performance of the method
when only a taxonomic rank level classification is avail-
able. We used the hollow-curve data of Scotland and
Sanderson (2004), which depict the number of species
in genera, number of genera in families, and families
in orders in plants. A taxonomic order was randomly
selected from the hollow-curve data. Then a Yule tree
with 500 taxa was simulated, and the number of families
in that order were randomly sampled and all other taxa
were removed from the tree using software adapted from
Mesquite (Maddison and Maddison, 2003). For each of
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those families, genera were similarly evolved, and for
each genus, species were similarly evolved.

On each simulated tree, continuous character data
were evolved under Brownian motion. The independent
character was simulated as ny =n, +r -t - Z. The rate
of the Brownian motion process is r, and t is the time
separating the state at the daughter node, n,, from the
state at the ancestral node, n,. The Brownian rate was
set to 1.0 for all simulations, and the root node char-
acter state was set to 0.0. The continuous-valued states
were dichotomized using threshold values to produce
specific binary character frequencies. When characters
were independent, the evolution of both characters was
simulated separately on the same tree. For correlated
characters, the state of the dependent character was sam-
pled from a normal distribution with mean equal to the
state of the independent character. The variance of the
normal distribution determines the level of correlation.
High correlation corresponds to low variance, whereas
low correlation corresponds to high variance; with 0 vari-
ance, the state of the dependent character is equal to the
state of the independent character and with high (ap-
proaching infinite) variance, the characters are effectively
independent.

We evolved both a correlated set of characters and an
uncorrelated set for each replicate tree. Let the difference
between the AD of a randomly sampled target taxon and
the AD of a nontarget taxon be d. and d,,. for correlated
and uncorrelated characters, respectively. Let D repre-
sent the difference between d. and d,.. D is expected to
approach 0 as the correlation between the characters de-
creases, because d. will approach d,,.. For each replicate,
one D value was calculated using fully resolved phy-
logenies, and one D value was calculated for ADs using
phylogenies that were collapsed to taxonomic ranks. The
rank AD (rank in which the independent character first
appeared) was recorded as 0 for species, 1 for genera, 2
for families, and 3 for orders.

Test Distributions

We ran 10,000 replicates, each with two trees (one for
sampling a target taxon and one for a nontarget taxon),
for all simulations except the rank-level simulations (Ta-
ble 2). Using sample sizes of 10, we randomly divided
the 10,000 replicates into 1000 target and 1000 nontar-
get samples. The 1000 differences between means of the
target and nontarget samples comprise the fest distribu-
tion. The expected difference between means for uncor-
related characters is 0, whereas the expected difference
is positive for correlated traits. The null hypothesis of
no correlation can be rejected if 95% or more of the 1000
differences are greater than 0.

RESULTS

Table 2 summarizes the simulations and the expected
results. All results matched expectations, except when
simulated trees were small. We expected the distribu-
tions of ADs to be identical for the target and nontarget
samples when characters were independent. We com-

pared AD distributions (estimated by 10,000 simulation
replicates) using the Kolmogorov-Smirnov test as im-
plemented in the R Statistical Language (R Core De-
velopment Team, 2005). The distributions of ADs of the
target sample were indistinguishable from the ADs of the
nontarget sample when characters were independent, as
measured by time, branch length, or node depth, both un-
der FCSS conditions (time: D = 0.0099, P-value > 0.71,
length: D = 0.0086, P-value > 0.85; node depth: D =
0.006, P-value > 0.99), and non-FCSS conditions (time:
D = 0.012, P-value > 0.46, length: D = 0.0109, P-value
> 0.59; node depth: D = 0.0092, P-value > 0.79; Figs. 3
and 4).

We expected the test distribution to be centered at 0
when characters were independent and for it to be shifted
to the right of 0 for correlated characters. The test distri-
bution was centered at 0 when characters were uncorre-
lated (Fig. 4F). When characters were weakly correlated,
5.5% of the test distribution area was less than 0 (Fig. 4E).
When characters were highly correlated, 0% of the test
distribution was less than 0 (Fig. 4D).

The test assumes that the phylogeny is arbitrarily
large, as ADs range across all positive values (Appendix
1). With small phylogenies (30 taxa) and independent
characters under non-FCSS conditions, there was a de-
tectable difference between the target and nontarget dis-
tributions when measured by time or branch lengths.
However, distributions of node depths were still indistin-
guishable (times: D = 0.0274, P-value < 0.05; lengths: D
=0.0278, P-value < 0.001; nodes: D = 0.0165, P-value >
0.13). When FCSS conditions held, distributions were in-
distinguishable for small phylogenies. In all cases (small
and large phylogenies, FCSS and non-FCSS conditions),
test distributions were centered at 0 for independently
evolving characters (Fig. 3G-I).

We predicted that the frequency that taxa had the in-
dependent character (i.e., when the AD was 0) would be
7y, (see Appendix 1) when characters were independent
and FCSS conditions held. The simulated frequency was
not distinguishable from 7y, (7y, = 0.0748, target sample
7y, = 0.0741, nontarget sample my, = 0.0743, z = 0.054,
n = 10,000, P-value > 0.47).

Asexpected, under a constant rate Poisson process, the
distribution of ADs based on branch lengths was approx-
imately a constant scaling of the distribution based on
time (Fig. 5). No differences between target and nontar-
get distributions were detected when rates were hetero-
geneous and characters were uncorrelated (Fig. 6; times:
D = 0.0153, P-value > 0.19; lengths: D = 0.018, P-value
> 0.07; nodes: D = 0.0119, P-value > 0.47).

The AD test could not reject the hypothesis that lich-
enization was associated with increased molecular rate.
The entire test distribution was greater than 0. In fact, all
target samples had ADs equal to 0.

Finally, in the simulations that considered random
taxon subsampling and taxonomic rank level (Fig. 7), cor-
related characters could be detected best (highest values
of D) when the presence of characters was infrequent
(Fig. 7A, B, cells at the lower left of each box of cells)
and characters were highly correlated (Fig. 7A, B, top
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rows of boxes). Correlated characters could be detected
using rank depth, but with weak power (Fig. 7B; low, but
positive values of D).

Di1sCUSSION
Strengths and Weaknesses of the Ancestral Distance Test

Measures of relatedness provide a means to detect cor-
related trait evolution. We introduced the ancestral dis-
tance (AD) as measured by time, node depth, branch
length, or rank level, and derived a two-sample test
based on its use. As comparative biologists are often
limited to character data of extant species, inferences
based on these data are dependent on assumptions about
evolutionary processes (Pagel and Harvey, 1989), and in
particular, about the branching process that gives rise to
the tree of life. The AD test relies on two specific mod-
els of evolution—one depicting character evolution and
one depicting phylogenesis. These models assume a con-
stantrate of character evolution, a constant rate of species
formation, and the standard Markov assumptions con-
cerning independence of events: future character states
of a lineage are based only on its current state (the pro-

cess is memoryless), descendants inherit character states
from their immediate ancestor, and lineages evolve in-
dependently after speciation (no coevolution). Although
we have not evaluated rigorously the effects that extinc-
tions, rate heterogeneity, and taxon sampling have on
AD calculations, it is reasonable to expect that the null
hypothesis (i.e., ADs of target and nontarget samples
equal on average) will be appropriate when these effects
are random effects that are independent of characters of inter-
est. When such effects are independent of the characters,
they are expected to affect both the target and nontarget
ADs equally, on average. In all cases that we examined in
which our model assumptions were violated (i.e., molec-
ularevolutionrates varied: Fig. 6; lineage times non-Yule,
cf., Barraclough and Nee [2001]: Fig. 7A; random taxon
subsampling: Fig. 7; pattern of clade formation similar
to taxonomic rank structure of plants: Fig. 7B), the AD
test behaved robustly (i.e., is relatively free of model
assumptions).

Simulation results (e.g., Figs. 3 and 4) also suggest that
the test performs well both when character transition
rates are fast relative to speciation (FCSS) and phylogeny
is relatively unimportant (Freckleton et al., 2002; Rheindt
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et al., 2004) as well as conditions when character evolu- that when characters are uncorrelated and evolved un-
tion is slower (non-FCSS). Under FCSS conditions, the der FCSS conditions, these proportions will be equal on
proportion of taxa in the target sample with ADs equal average, and a test of proportions can be applied.

to 0 can be compared to this proportion of the nontarget In general, FCSS conditions will not hold, and char-
sample. Both probability theory and simulations reveal acter states of daughter taxa will depend on the states

1000 1200
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FIGURE 5. Comparison between ancestral distances calculated by time and by branch length. A constant scaling of ancestral distances as

measured by time (solid bars) approximates ancestral distances as measured by branch length (black borders) under a constant rate Poisson
process.
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of their ancestors. Most comparative studies will there-
fore require information about the pattern of descent
with modification, stored in the phylogeny (Felsenstein,
1985; Freckleton et al., 2002). The math derivations and
simulations indicate that ADs of the target sample are ex-
pected to be the same as the ADs of the nontarget sample
when characters are uncorrelated. The null hypothesis of
no difference between ADs is based on this result.
Ideally, comparative biologists would have at their dis-
posal a fully resolved, accurate phylogeny and complete
character data for all taxa of interest. In such a case, more
powerful and flexible methods are available, such as the
omnibus test (Pagel, 1992, 1994) for dichotomous traits
and independent contrasts (IC; Felsenstein, 1985; Purvis
and Rambaut, 1995) for continuous traits. However, for
rare and sporadic characters that necessitate a large sam-
ple of taxa, this ideal may not yet be available due to the
lack of a resolved phylogeny or complete character data.
Recent Bayesian methods take into account uncertainty
in the tree, branch lengths, substitution model parame-
ters, and character mappings (Huelsenbeck et al., 2003;
Huelsenbeck and Rannala, 2003), and these methods di-
rectly estimate the marginalized posterior distribution of
correlation parameters under a particular model of char-
acter evolution or compare observed posterior values to
expected values under a null. Bayesian analyses rely, in
part, on the specification of a prior model of character
evolution and phylogenesis. How many new data points

are required to “swamp” the effect of the prior is an open
question (e.g., Kou et al., 2005), and currently available
Bayesian methods require some data for all taxa. The AD
test, in contrast, gleans data from phylogenies for which
comparative data are at hand and excludes taxa with no
data.

The AD approach is most powerful when the frequen-
cies of the characters are low and the number of taxa
is large (Fig. 7). This is expected; when the indepen-
dent character is widespread and common throughout
the phylogeny, target taxa and nontarget taxa will both
be close relatives of taxa with the independent charac-
ter, so ADs for both target and nontarget taxa will be
short. In the extreme, when all taxa have the indepen-
dent character, ancestral distances will be 0 for all sam-
pled taxa (Harvey and Pagel, 1991). This method also
relies predominantly on extant character data, so un-
like current Bayesian methods, it does not need to con-
sider uncertainty in ancestral states. The AD test requires
some inferences about ancestral states, but the “weak”
inference is conservative when parsimony is used or
when even deeper nodes are chosen for taxon exclusion
(see Framework for Proposed Test and Test Procedure).
The AD test allows a researcher to be ignorant of the
states of the independent character before analysis be-
gins. Collection of these data is required for close rel-
atives of sampled taxa only. Ignorance of certain taxa
with the dependent character is also possible (as long
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as the ignorance is not biased). Moreover, use of smaller
phylogenies can reduce problems of inference associated
with large scale phylogenies: sequence alignment, long
branches and saturation, sequence and locus availability
and appropriateness, branch length inference, cost and
feasibility, and character information availability.

Sampling Design Considerations

One of the main assumptions of the AD method is that
other inference methods generate unbiased phylogenies
and divergence times. When this occurs, ADs using time
or node depth can be compared across local phylogenies
that were reconstructed using different molecular loci,
because it is expected that random errors in the phy-
logeny that are not themselves correlated with, or due
to, the characters of interest will affect target and nontar-
get samples the same, on average.

Thus, another assumption of the AD method is that
the structure of the classification or the phylogeny is not
based on (i.e., not correlated with) the characters of in-
terest (or characters that are correlated with them). Cir-
cularity of this type (i.e., inferences about characters of
interest that are reliant on the structure of the classifi-
cation, which is based on the characters of interest) is
an issue for other comparative methods (Hull, 1967) and
may be particularly important to consider when using
rank depth as the measure of AD. It is assumed that the

rank classification is consistent with the underlying phy-
logeny. When the rank classification is inconsistent with
the underlying phylogeny, separate origins of characters
of interest may be considered as part of the same tax-
onomic grouping, or a single origin of a trait may be
split into different taxonomic groupings. When this oc-
curs, samples that are treated as separate origins may
not be independent. This same problem applies to in-
correct phylogenies. As our knowledge of the structure
of the classification of life improves, these problems will
be alleviated. Statistical power is also very low when
ranks are used. However, when the correlation between
traits is particularly strong, and the above assumptions
are met, taxonomic rank levels can be used to detect cor-
relation as witnessed by positive values of D when traits
are correlated and values of D equal to 0 when traits are
uncorrelated (Fig. 7B). Because of the highly conserva-
tive nature of the test when ranks are used, if the null
is rejected, the result is very strong. Use of ranks allows
a researcher to address the question, “Do taxa with the
dependent and the independent characters co-occur in a
higher rank (measured from order up to species) more
frequently than expected by chance?”

Unless it is known that the rank classification is in-
dependent of the characters of interest, and because the
power of the AD test is low when rank depth is used,
use of ADs as measured by time, node depth, or branch
length are recommended instead. Recent studies show
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substantial molecular rate heterogeneity (e.g., Bousquet
et al., 1992; Bromham, 2002; Herbert et al., 2002; Hoegg
et al., 2004; Lutzoni and Pagel, 1997). Although rate vari-
ation is not problematic for the AD method (provided
that evolutionary change in molecular substitution rate
is not correlated with changes in rates of evolution of
characters of interest; Fig. 6), the link between molec-
ular rate heterogeneity and morphological evolution is
unclear except in a few instances (e.g., Bromham, 2002;
Herbert et al., 2002; Lutzoni and Pagel, 1997); therefore,
it may be prudent to avoid the use of branch lengths be-
cause branch lengths may be correlated to the rates of
change of characters of interest. ADs measured by node
depth may be more appropriate; only the approximate
phylogenetic branching pattern is required for use of
node depth, and minimal consideration of time or rate is
required. The AD test assumes that trees can be arbitrar-
ily large, and ADs based on node depth are also robust
when small trees are used (Fig. 3D-F).

When the assumptions of unbiased phylogenies or
times, noncircularity,and random taxon samples are met,
our results permit the use of several much smaller (local)
phylogenies rather than a fully resolved phylogeny of all
taxaina group of interest (global). If a selected phylogeny
is not of sufficient size to find the AD, either a different
taxon and corresponding phylogeny can be sampled, or
the distance from a sampled taxon to the root of the tree
can be recorded in place of the actual AD. Effectively,
this procedure will force taxa in such insufficiently large
phylogenies to be more closely related to taxa with the
independent character than they really are. Use of the
root distance in these small phylogenies will make the
test conservative because it will tend to shorten the ADs
of the nontarget taxa in particular and make them more
similar to the ancestral distances of the target taxa. In
general, when testing for positive correlation, recording
a smaller AD for the nontarget sample will produce con-
servative results and reduce the number of taxa that are
excluded (Fig. 1).

Statistical Power, Biological Questions, and Null Models

There is a multitude of comparative tests available to
the systematist. Our primary goal in designing this test
was to provide a flexible method (i.e., one that can use dif-
ferent measurements—node depth, branch length, time,
rank—depending on data availability) for use with com-
parative studies requiring large samples of taxa. Most
methods require fully resolved phylogenies, and many
require branch lengths as well (Table 1). Each test also
presents a different null hypothesis that is appropriate
for evaluating different biological questions (Table 1).

Pairwise comparison methods for binary characters
are among the few methods that also can be applied to
partially unresolved phylogenies (Maddison, 2000; Read
and Nee, 1995). Read and Nee (1995) argue that for pair-
wise comparisons, only those taxon pairs in which both
characters change state provide appropriate replicates
for statistical tests. Under their null model, the state of
one binary character is equally likely to be associated

with either state of the other character. A binomial sign
test examines whether two character states appear to be
associated more often than expected by chance alone.
There are, however, examples of correlated processes of
evolution for which such a null is inappropriate. For ex-
ample, consider two characters that are different real-
izations of the same developmental program expressed
in different places (homeosis). When selection pays lit-
tle heed to where the traits are expressed or one trait is
a preadaptation for the other, one trait may be equally
likely to be associated with either the presence or absence
of the other trait. The null for pairwise comparisons tests
would not be rejected even though the evolution of the
traits is tightly linked. The AD test, however, can detect
an association due to homeosis or other transference of
function because instead of focusing on change in char-
acter state, it focuses on relatedness of taxa. This example
of homeosis suggests that the AD test can also deal with
different types of biological questions than the pairwise
comparisons test.

Both the AD test and the pairwise comparisons test
can be applied to unresolved phylogenies with missing
comparative data, and both have relatively weak statis-
tical power. Because the AD test is model based, a Monte
Carlo approach is available to estimate P-values when
fully resolved trees, branch times, and comparative data
are available. Using the Monte Carlo approach, correla-
tion can be detected on small phylogenies with few char-
acter transitions, as exemplified using the lichenization
data of Lutzoni and Pagel (1997).

Methods such as IC (Felsenstein, 1985), CC (Maddison,
1990), and the omnibus test (Pagel, 1994) use information
that is present across the whole tree and are therefore
more powerful, whereas the sampling approach used by
the AD test excludes large numbers of taxa and uses only
local information around a sampled taxon (Fig. 1). Ei-
ther a large sample of taxa, or the study of characters
that evolve quickly (FCSS), is required by the AD test to
provide sufficiently large sample sizes. The exclusion of
information about taxa is both a bane and benefit. Be-
cause the AD method uses only “local” information in a
phylogeny, it can be applied across thousands of species,
something that is difficult for methods that require fully
resolved phylogenies and complete character informa-
tion (see Table 1). Furthermore, our simulation studies
indicate that the AD technique may be able to detect rel-
atively weak correlation with sample sizes as small as 10
(Figs. 3,4, 7).

Homeosis and preadaptation in the example described
above are important evolutionary processes (e.g., Sattler,
1988). For example, Olson (2003) proposed that lianas
(woody vines) are evolutionary precursors to a certain
type of stem succulent, the pachycaul succulent (see
Rowley, 1987). He argues that stem parenchyma that
lends flexibility to stems of lianas (Carlquist, 2001) is
a preadaptation for parenchymatous storage tissue in
pachycauls. This hypothesis, as yet, remains untested.
Pachycauls represent a growth form that is relatively
rare, evolved on several separate occasions, and ap-
pears in distantly related lineages, so the AD test is
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appropriate for its testing. Pairwise tests are likely to re-
ject this model of growth form evolution because many
pachycauls still have lianoid stems (e.g., Adenia karibaen-
sis, Cyphostemma laza), whereas other pachycauls that are
clearly derived within lianoid lineages no longer climb
(e.g., Cyphostemma currori, Dendrosicyos socotrana, Ipomoea
arborescens). Future work will investigate the evolution
of succulence across the eudicots (a large angiosperm
lineage of ca. 160,000 species) with the aid of the AD
technique.

The AD method was motivated out of a need based
on the distributions of habit-related traits in plants. Such
traits were found to have evolved on multiple occasions
but are rare overall. However, often within particular
“local” lineages, most taxa possessed the characters of
interest, but the local lineages themselves were distantly
related. Thisled toa problem:in alocallineage, the preva-
lence of characters made it difficult to detect a correla-
tion, necessitating a huge sample of taxa. Seen at a local
level, the characters were present in the majority of taxa,
whereas at a global level, the characters were rare and
sporadic. The option of finding a robust and fully re-
solved tree with taxa that had the traits of interest was
pursued, but none of the currently available large phylo-
genies represented an adequate sample of taxa with the
traits of interest. Moreover, none of the available large
phylogenies consisted of a random sample of taxa, being
biased toward taxonomic breadth. Hearn (2004) there-
fore applied the AD approach across the eudicots and
found that stem succulents are significantly more closely
related to tuberous plants than expected by chance. Im-
plications for this robust and widespread pattern will be
discussed in a future paper.
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APPENDIX 1

Model of character evolution.—Following the notation of
Pagel (1994) we consider two characters, X and Y, that
can take two states, 0 and 1 (see also Lewis, 2001, for a
generalization of the model). A state equal to 1 repre-
sents the presence of the trait, but the coding is arbitrary.
Under the continuous-time Markov process, the matrix
of transition probabilities is given by A = ¢?'. The ma-
trix, A, contains the elements, A;;(t), that represent the
probability that a character changes from state a € {0, 1}
to the final state b € {0, 1} in time, ¢. Q is the matrix with
the instantaneous rates of transition from one state to the
next (see Pagel, 1994, for details).

When t is sufficiently long, the probability of switching
from state a to state b is m; (except in a set of cases with 0
measure), where r; represents the equilibrium (i.e., sta-
tionary) frequency of the character stateb. Let mx, and x,
represent the equilibrium frequencies of the presence and
absence, respectively, of the dependent character. Let 17,
represent the stationary frequency of X =a and Y =0
together.

When X and Y are independent, two 2 x 2 rate ma-
trices, Q, and Q,, describe their evolution (Pagel, 1994).
However, when they are correlated, one 4 x 4 rate matrix
is used to describe their joint evolution (Pagel, 1994). In
the latter case, the two characters together can be repre-
sented by four states, 00, 10, 01, and 11, where the first
digit represents the state of X and the second digit rep-
resents the state of Y. For these derivations, we consider
the evolution of two characters to be correlated when
the rate of gain of X is increased by the presence of
Y, or the rate of loss of X is decreased in the presence
of Y, but clustering of traits can occur through other
processes.

Yule process of speciation.—Due to its mathematical
tractability, we use the Yule process (Yule, 1924) to
model phylogenesis independently from character evo-
lution. The Yule process is a non-homogenous pure birth
branching process in which the time, T, separating speci-
ation events is exponentially distributed. Ata given time,
tiotal, One Of the 11 taxa is selected with uniform probabil-
ity to speciate so that at time ;15 + T therearen + 1taxa,
resulting from the split of the selected taxon. We added
time with density nie " to all terminal branches to rep-
resent time that passed since the last speciation event,
where A is the initial rate of speciation.

Derivation of distribution of ADs.—We derive the equa-
tion for the distribution of ADs based on the Yule model
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and character evolution model. Following Figure 2, the
taxon labeled “Sampled Taxon” has been sampled, and
we want to find the probability that the time back to
the MRA that first gave rise to one or more descendants
having Y in the “Sister Lineage” falls within a tiny range
of times, dt, at time t. We use the dt notation to deal
with mixed random variables such as ancestral distances,
A, whose distributions have both discrete and continu-
ous portions. For a purely continuous random variable,
R, E[g(R)] = [ g(H)P(R € dt) = [ g(t) fr(t)dt, where fris
the density of R and g is any nonnegative measurable
function. When R is a discrete random variable, integra-
tion turns into a sum. Let Abe the time from the Sampled
Taxon back to the MRA. Starting from the Sampled Taxon
and moving back in time, we encounter a first speciation
event, a second, and so on. Let s; be the subclade formed
by the ith speciation event on the branch that does not
lead to the Sampled Taxon.

Let the event, S;, be the event that no taxa in subclade,
si, have states 01 or 11 (i.e,, no Y =1). Let p;; be the
probab1hty that after time f;,;, €vent S; occurs, where

trotal, = l 1 hris the total time from the ith ancestral node
to the present (Fig. 2).

oo (k=1)!

== % [

k=1 s=1

P[Si|z(s, k), bIP[b, ©(s, k)] db

)

This equation is derived by conditioning the probabil-
ity, P(S;), on the “histories,” t(s, k), and “feasible” times,
b, between nodes (Fig. 2). (“Feasible” branch times are
branch times such that the total time along any path
from the ancestor of the subclade to any of the k ter-
minal taxa is t,. The set of sets of all feasible branch
times is Qp.) The outer summation allows for subclades
of all size, whereas the second sum is across all the
(k — 1)! evolutionary “histories” of a clade of size k (Ed-
wards, 1970). P[S;|t (s, k), b]is the probability of the event
Si given a particular clade topology (s), size (k), and
branch lengths (b). The calculation of this probability,
referred to as the likelihood, is described in detail else-
where (e.g., Pagel, 1994). The probability of a particular
set of feasible branch times and history, P[b, (s, k)], is the
product of exponentials that represent waiting times be-
tween speciation events, with attention paid to whether
the waiting times separate two internal nodes or an in-
ternal node and a terminal node. Edwards (1970) and
Sanderson and Bharathan (1993) provide details of this
calculation.

When character evolution is very fast relative to spe-
ciation (fast characters, slow speciation; FCSS), charac-
ter states may reach stationary frequencies along the
branch separating a daughter node from its ancestral
node. When character states reach stationarity rapidly
relative to speciation rates, neither the topology of the
phylogeny nor the states of the ancestral nodes influ-
ence the states of the terminal taxa, so only the number
of taxa in a subclade is required to calculate the p;, of

Equation (1). Under FCSS, when X and Y are indepen-
dent, the p;, reduce to

— 3 R(SIN = PN =)
k=1

Py = P Sl

where N; is the number of extant taxa of subclade
si. P(N; = k) is the probability that k taxa descended
from a single common ancestor in time fotq,: ]P’(N- =
k) = Pix(tiota;;). Under a Yule process, Pix(torar,) is ge-
ometrically distributed with parameter e** i (Hoel
etal., 1987: 99), where A is the rate of speciation. The
probability of S; in a subclade with k taxa equals
(oo + m10)* under FCSS conditions. When X and Y
are independent, and character states evolved under
FCSS contitions, P(S;|N; = k) = (o0 + m10)k = (x,7y, +
x, 7y, )F = n{ﬁo(nxl +ax)f = 7'L'Y because wx, + 7x, = 1.
Under FCSS, Equation (1) snnphfles to

E e)»tmml

When states of taxa depend on the structure of the
phylogeny (i.e., not FCSS) and X and Y are independent,
the probability of observing all taxa with Y = 0 and all
taxa with either X = 1 or X = 0 is the probability that all
taxa have Y = 0 times the probability that all taxa have
either X = 1or X = 0. Let theevent thatall taxahaveY =
0 be Y and the event that all taxa have X =1 or X =0
be X%'. When X and Y are independent, Equation (1) is
therefore:

k
}Ltmtal ) n—)k/o (1a)

oo (k=1)!

=35 [ R b, PG ) ]

k=1 s=1
x P[b, t(s, k)] db

P[X% (s, k), b] equals 1 because this calculation ex-
hausts all combinations of states of character X across
all terminal and ancestral taxa. Equation (1) simplifies
to

oo (k-1)!

= ZZ/ P[Y0|z(s, k), b]P[b, ©(s, k)]db (1b)

k=1 s=1

We now consider the distribution of ADs. This distri-
bution has both a continuous portion at t > 0 and a dis-
crete portion (atom) at t = 0. The p;, terms do not take
into account ADs equal to 0, i.e., P(A = 0). We describe
that calculation later. From independence of lineage evo-
lution under the Yule process, the calculation for ADs
greater than 0 is the product of the probability that the
AD does not equal 0 (i.e., 1 — P(A = 0)), times the prod-
uct of all the py, terms, times the probability that the Sister
Lineage (see Fig. 2) has one or more taxawith Y =1 (i.e,,
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1 — py,). All possible numbers of ancestors, 2, must be
considered, as well as all times f; such that the £, sum to ¢

P(Aedt) =[1—P(A=0)] Z
1ty 120,

=1" ty=t- (r1+ A+t _1)=0

a—1
X [ H A exp(—)\ti)ptzdt,-] rexp(—Aty)

i=1
x (1 — py,)dt. )
To show our objective that the distribution of ADs

is the same for the target and nontarget samples when
characters are independent, first consider the proba-

bility that A= 0 given that the sampled taxon is in
the target sample (substitute X =0 for the nontarget
sample for an analogous result), P(A=0|X =1): P(A =
0X=1)=PA=0,X=1)/PX=1)=PX=1Y=
DN/PX=1)=PX=DPY=1)/P(X=1) =P =1).
The second to last step follows from the independence
of X and Y. A similar result follows for positive ADs.
Because the event Aedt is completely determined
by the values of Y for the taxa in the phylogeny (by
substitution of la or 1b into 2) when evolution of Y
is independent of X, A e dt is independent of X. As
a corollary, under FCSS conditions with independent
characters, the frequency of sampled taxa with AD equal
to 0 when characters are independent is expected to be

Ty, .
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