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Abstract. Maximum likelihood is a potentially powerful approach for investigating the tempo of diversification using
molecular phylogenetic data. Likelihood methods distinguish between rate-constant and rate-variable models of di-
versification by fitting birth-death models to phylogenetic data. Because model selection in this context is a test of
the null hypothesis that diversification rates have been constant over time, strategies for selecting best-fit models must
minimize Type I error rates while retaining power to detect rate variation when it is present. Here I examine model
selection, parameter estimation, and power to reject the null hypothesis using likelihood models based on the birth-
death process. The Akaike information criterion (AIC) has often been used to select among diversification models;
however, I find that selecting models based on the lowest AIC score leads to a dramatic inflation of the Type I error
rate. When appropriately corrected to reduce Type I error rates, the birth-death likelihood approach performs as well
or better than the widely used gamma statistic, at least when diversification rates have shifted abruptly over time.
Analyses of datasets simulated under a range of rate-variable diversification scenarios indicate that the birth-death
likelihood method has much greater power to detect variation in diversification rates when extinction is present.
Furthermore, this method appears to be the only approach available that can distinguish between a temporal increase
in diversification rates and a rate-constant model with nonzero extinction. I illustrate use of the method by analyzing
a published phylogeny for Australian agamid lizards.
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There is great interest in understanding variation in spe-
ciation and extinction rates both over time (e.g., Hey 1992;
Sanderson and Donoghue 1996; Barraclough and Nee 2001;
Zink et al. 2004; Ruber and Zardoya 2005) and among lin-
eages (e.g., Mooers and Heard 1997; Chan and Moore 2002;
Moore et al. 2004; Ree 2005). The proliferation of molecular
phylogenetic data has provided researchers in this area with
a wealth of material for comparative analyses of diversifi-
cation. Many intriguing and unanswered questions in evo-
lutionary biology concern temporal variation in diversifica-
tion rates. For example, how have climatic shifts influenced
the tempo of diversification (Zink and Slowinski 1995; Kad-
ereit et al. 2004; Weir and Schluter 2004)? How do diver-
sification rates vary over time during major evolutionary ra-
diations (Harmon et al. 2003; Kozak et al. 2006)? Is early,
rapid diversification a general feature of adaptive radiation
(Lovette and Bermingham 1999; Schluter 2000)?

To address temporal variation in diversification rates, re-
searchers use an increasingly sophisticated statistical toolkit.
Typically, branch lengths in a reconstructed phylogeny are
used to estimate the timing of speciation events, and observed
waiting times between successive speciation events are com-
pared to the expected distribution under a stochastic branch-
ing process where rates have been constant over time (Wol-
lenberg et al. 1996). The most widely used null model for
diversification rate analyses is the birth-death model (Kendall
1948), where clades grow under constant per-lineage speci-
ation and extinction rates. Both parametric and nonparametric
statistics have been developed to test the distribution of in-
ternal nodes in a molecular phylogeny for departures from
the pure-birth process, a special case of the birth-death pro-
cess where all lineages have a common per-lineage extinction
rate m 5 0 (Zink and Slowinski 1995; Paradis 1998b; Pybus
and Harvey 2000).

Although methods based on the pure-birth process can infer
temporal decreases in diversification rates, they are unable
to detect temporal increases (Pybus and Harvey 2000; Nee
2001). If the per-lineage extinction rate m is high relative to
the speciation rate l, we will observe an excess of recently
diverged lineages relative to our expectation under the pure-
birth model (Fig. 1). This phenomenon, termed the ‘‘pull of
the present’’ (Nee et al. 1994a), can mislead researchers into
concluding that a particular clade has undergone a temporal
increase in the net diversification rate (Nee et al. 1994a; Kubo
and Iwasa 1995). The distribution of waiting times under the
birth-death process is thus contingent on the ratio of extinc-
tion and speciation rates. As we typically do not know and
cannot reasonably estimate this parameter (Nee et al. 1994a;
Paradis 2004), existing methods are limited to testing for
temporal declines in diversification rates using the pure-birth
null model.

Likelihood methods based on the birth-death model are a
potentially powerful approach for reconstructing the history
of diversification from phylogenetic data. Likelihood is in-
creasingly used to reconstruct shifts in diversification rates,
either through use of the birth-death model (Barraclough and
Vogler 2002; Turgeon et al. 2005) or through a related ap-
proach involving survival analysis (Paradis 1997; Emerson
et al. 2000; Pitra et al. 2004; Paradis 2005). Rather than
explicitly testing a specific null hypothesis of diversification,
such as the pure-birth process, likelihood methods do not
need to assume a particular parameterization of the birth-
death null model. It is thus possible to ask, for example,
whether phylogenetic data are more likely to have been gen-
erated under a general rate-constant birth-death model (l .
0; m $ 0), or whether the data are more likely under a model
in which rates have varied over time.

Use of a general birth-death null model may afford several
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FIG. 1. Average log-lineages-through-time curves for phylogenies
of N 5 50 taxa simulated under a rate-constant birth-death process
with m 5 0 or m 5 0.8l. Note the sharp upturn in the number of
lineages toward the present for phylogenies simulated under m 5
0.8l.

advantages. Because the null hypothesis of rate-constancy
incorporates extinction, it is possible that this approach can
separate temporal increases in diversification rates from a
rate-constant process with m . 0. This method may also have
greater power to infer temporal decreases in diversification
rates when extinction is present, relative to methods based
on the pure-birth model. All methods should suffer some loss
of power in such situations, due to the tendency of the pull
of the present to offset the excess of early branching events,
but the effect may be more severe for methods that assume
m 5 0. Finally, such model-based approaches can simulta-
neously assess rate variation over time and provide estimates
of relevant diversification parameters (Sanderson 1994; Bar-
raclough and Vogler 2002).

Despite the potential utility of the birth-death likelihood
approach, there have been few critical assessments of its
performance against datasets simulated under both rate-var-
iable and rate-constant diversification scenarios, and there
are additional issues that should be considered by researchers
wishing to make use of these methods. Model selection, for
example, is the subject of a substantial and growing literature
in molecular phylogenetics (Zhang 1999; Posada and Cran-
dall 2001; Pol 2004; Posada and Buckley 2004), but little
attention has been given to this subject in the context of
diversification rates analysis. Because researchers typically
use model selection as a test of the null hypothesis that di-
versification rates have not varied over time, it is imperative
that model selection be based on nonarbitrary criteria that
minimize the Type I error rate.

Here, I address model selection and Type I error rates for
likelihood-based analyses of diversification, and I evaluate
whether this approach can be used to identify temporal in-
creases in diversification rates. I assess the power of likeli-
hood methods to recover the true model of evolution when
rates are known to have varied over time, and I compare the
birth-death approach to the g-statistic (Pybus and Harvey
2000), a popular parametric alternative. Because we know
little about bias and variances of parameters estimated under

the birth-death model when rates are known to have varied
over time, I examine the relative error of parameters inferred
from phylogenies simulated under several models of diver-
sification. Finally, I illustrate use of the likelihood approach
by analyzing the tempo of diversification in a radiation of
Australian lizards.

METHODS

Models for Likelihood-Based Analyses of Diversification

Here I consider the generalized birth-death process as a
framework for the analysis of diversification rates. This is a
simple null model for the growth of a phylogenetic tree over
time: existing lineages give birth to new lineages at a per-
lineage rate l and go extinct at a per-lineage rate m. The
Yule process, or pure-birth model (Yule 1924), is a special
case of the birth-death process with m 5 0, where the number
of lineages can only increase over time. In contrast, when m
. 0, the number of lineages can decrease over time; a clade
diversifying under this model can become extinct even when
the speciation rate exceeds the extinction rate.

Kendall (1948) formalized the probability that a stochastic
process beginning with n0 lineages will have nt progeny after
some time t under any constant and time-dependent birth and
death rates. Nee et al. (1994b) extended the Kendall model
to the case of reconstructed phylogenies; in this case, birth
events (speciation) can only be observed if each descendent
lineage leaves at least one surviving progeny in the present
(Fig. 2). The probability of each waiting time between suc-
cessive speciation events is equal to the probability that each
of the n lineages at the start of the interval has exactly one
progeny (itself) after some time t, conditioned on the prob-
ability that none of the n lineages go extinct (Nee et al. 1994b;
eq. 17):

Prob(t z n, l, m, T, t )n

5 n(l 2 m)exp[2(l 2 m)nt]
n21

m
1 2 exp[2(l 2 m)(T 2 t 2 t)]n5 6l

3 , (1)n
m

1 2 exp[2(l 2 m)(T 2 t )]n5 6l

where T is the time from the root node to the present, tn is
the birth time of the nth lineage, and t corresponds to the
waiting time until the birth of another lineage that can be
observed in a reconstructed phylogeny.

From equation (1), we multiply the transition probabilities
together to obtain the likelihood that a particular birth-death
process has produced the branching times observed in the
reconstructed phylogeny (Nee et al. 1994b). Reparameter-
izing the model such that r 5 l 2 m (the net diversification
rate), a 5 m/l (the extinction fraction), and letting x be a
vector of observed branching times (Fig. 2), we have

N21

L(x z a, r) 5 nr exp[2nr(x 2 x )]P n n11
n52

n21{1 2 a exp[2r(x )]}n113 . (2)n{1 2 a exp[2r(x )]}n
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FIG. 2. A reconstructed phylogenetic tree with five species to il-
lustrate parameters discussed in text. T represents the total time
elapsed from root node to the present, ti is the birth time of the ith
lineage, and xi is the branching time of lineage i (xi 5 T 2 ti).
Lineages e1 and e2 went extinct at some time before the present,
and we are thus unable to see the corresponding speciation events
in a reconstructed phylogeny.

Here I consider the special case where a clade diversifies
under parameters r1 and a1, until some point in time ts, where
rates shift to r2 and a2. Due to the computational time required
to optimize parameters over all possible values of ts, I con-
sider only observed branching times as possible shift points.
This is a conservative approach, because consideration of
shift points other than the observed branching times can only
increase the likelihood of the rate-variable model relative to
the rate-constant model. This approach has been implemented
in several previous studies (Barraclough and Vogler 2002;
Turgeon et al. 2005). Throughout the text, I refer to this
method as BDL.

An alternative likelihood-based approach to testing for
temporal shifts in diversification rate is survival analysis
(Paradis 1997, 1998a). Here we think of the time-axis of the
phylogeny in reverse: a speciation event in the reconstructed
phylogeny becomes a failure event in survival analysis. Each
lineage has a probability of h(t) of failure or death; in the
case of a reconstructed phylogeny with exponentially dis-
tributed branching times, h(t) is equal to the net diversifi-
cation rate (Cox and Oakes 1984; Paradis 1997). Survival
analysis has been used to test for temporal increases in net
diversification rates (Near et al. 2003); however, because sur-
vival models do not include an extinction term, it is unclear
whether they can separate this phenomenon from constant
background extinction rates.

I used the birth-death model to analyze phylogenies sim-
ulated under a set of rate-variable and rate-constant models
of speciation and extinction. Likelihoods of simulated phy-
logenies were computed under two rate-constant and two rate-
variable models: (1) the pure birth model (one parameter, l,
with m set to zero); (2) a constant-rate birth-death model (two
parameters, l . 0; m $ 0); (3) a pure birth rate-variable
model where speciation rate l1 shifts to rate l2 at some time
ts (three parameters: l1, l2 . 0; 0 , ts , T); and (4) a rate-
variable model with two speciation rates and two extinction
rates, but constrained such that the extinction fraction m/l
remains constant (four parameters: l1, l2 . 0; m1, m2 $ 0;
0 , ts , T; but m1/l1 5 m2/l2). The distribution of branching
times in a reconstructed phylogeny is a function of the net
diversification rate, l 2 m, and the extinction fraction, m/l,
and throughout the text I denote these parameters by r 5 l
2 m and a 5 m/l. I also computed likelihoods of rate-constant
phylogenies using survival models to assess Type I error rates
under different values of a.

For each simulated phylogeny, parameters were optimized
for each birth-death model under consideration. I then cal-
culated the likelihood of the data given the model for all
models using these optimized parameters. For survival anal-
ysis, the likelihood of the simulated data was calculated under
two models: a rate-constant model, and a rate-variable model
where the diversification rate is modeled as a function of
time, r(t) 5 ab(at)b2 1. In the latter case, the distribution of
failure times follows a Weibull distribution, where the di-
versification rate decreases over time if b . 1, increases if
b , 1, and is constant if b 5 1. Simulation and optimization
details are given in the Appendix.

Model Selection

In the likelihood methods discussed here, model selection
is equivalent to hypothesis testing: we are asking, at least
initially, whether we can reject a rate-constant model in favor
of a model where diversification rates have varied over time.

The Akaike information criterion (AIC; Akaike 1973) has
been widely used to select among different models of di-
versification (e.g., Paradis 1997; Emerson et al. 2000; Bar-
raclough and Vogler 2002; Pitra et al. 2004). Typically, AICs
are calculated for a set of models, and the model with the
lowest AIC is taken to be the model that best approximates
the data. The AIC is a function of both the log likelihood
and the number of free parameters in a given model:

AIC 5 22 log L 1 2p, (3)

where p is the number of parameters that are estimated from
the data. Thus, more parameters typically improve the fit of
the model to the data, but also increase the penalty term (2p).

Some argue that it is inappropriate to use the AIC or any
other information-theoretic measure for hypothesis testing,
in part because it is believed that the traditional hypothesis
testing framework is uninformative and based on arbitrary
rejection criteria (Burnham and Anderson 2002). A philo-
sophical discussion of this matter is beyond the scope of the
present paper, but several considerations justify the use of
the AIC for the present purpose: (1) virtually all research in
this area has employed the AIC as a test statistic to distinguish
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between rate-constant and rate-variable models of diversifi-
cation; and (2) as will be shown, the AIC performs well in
practice and lends itself easily to Monte Carlo methods used
to infer the distributions of other parametric and nonpara-
metric test-statistics.

Is it sufficient to select the model with the lowest AIC,
regardless of the difference in AIC scores between the best
and second-best models (Paradis 1997)? This issue is essen-
tially one of confidence: if the best rate-variable model rep-
resents an improvement in fit of x AIC units over the best
rate-constant model, how confident can we be that the rate-
variable model is the better approximation of our data?

To address this issue, I simulated 1000 phylogenies each
of N 5 50 taxa under 10 rate-constant diversification sce-
narios. The net diversification rate r was identical for all 10
scenarios, but the extinction fraction a was varied from a 5
0 to a 5 0.9. The likelihood of each simulated phylogeny
was calculated under the four variants of the birth-death mod-
el and two survival models described previously. AIC scores
were computed for each model to address whether the birth-
death likelihood approach is susceptible to high Type I error
rates and whether objective criteria based on the AIC can be
established to select among rate-variable and rate-constant
models of diversification such that the Type I error rate is
minimized.

For each simulated phylogeny, the difference in AIC score
between the best rate-constant and rate-variable models was
calculated as

DAIC 5 AIC 2 AIC ,RC RC RV (4)

where AICRV is the lowest AIC score among rate-variable
models (hereafter referred to as the candidate set) and AICRC
is the lowest AIC score among the two rate-constant models.
DAICRC is positive if a rate-variable model best fits the data
and negative if a rate-constant model is the better fit. Use of
DAICRC as a test-statistic permits us to identify a difference
in AIC scores between rate-constant and rate-variable models
such that a # 0.05. The DAICRC giving a Type I error rate
of a 5 0.05 corresponds to the 95th percentile of the distri-
bution of DAICRC scores tabulated from phylogenies simu-
lated under the null hypothesis of rate-constancy.

One might predict that the probability of Type I error will
increase for larger phylogenies, because of the greater number
of likelihood estimates (under each rate-variable model, we
have a likelihood of a rate shift for each branching time). If
this is the case, AIC criteria for rejecting the null hypothesis
of rate-constancy will require adjustment based on the num-
ber of taxa in our tree. I simulated 1000 phylogenies of N 5
15, 30, 60, and 100 taxa under the pure birth model to de-
termine whether Type I error rates show dependency on sam-
ple size.

It is also possible that the Type I error rate will increase
as the number of rate-variable models under consideration
increases. For each set of simulated phylogenies, I computed
the distribution of DAICRC under three different candidate
sets of rate-variable models. In addition to the two rate-var-
iable models described previously, I added a five-parameter
variant of the pure birth model with three speciation rates
and two shift points, all of which were optimized for each
simulated phylogeny. This model may be useful in many

situations of interest to biologists; for instance, rapid diver-
sification early in the history of a clade could limit our power
to detect recent rate shifts that may have occurred, for ex-
ample, during the Pleistocene. By decoupling these process-
es, we may better be able to approximate the true tempo of
diversification. The candidate sets of rate-variable models for
this analysis consisted of (1) the three-parameter model only;
(2) three-and four-parameter models; and (3) three-, four-
and five-parameter models.

Finally, I used survival analysis to assess the distribution
of DAICRC as a function of the extinction fraction a. If there
is a positive relationship between DAICRC and a, this method
cannot be used to distinguish temporal increases in diversi-
fication from a rate-constant model with a $ 0.

Power to Detect Temporal Variation in
Diversification Rates

A good statistical framework for diversification rates anal-
ysis cannot simply minimize Type I error: it must have suf-
ficient power to detect temporal variation in diversification
rates when it is present. Of primary concern is whether we
can ever detect a temporal increase in the net diversification
rate using phylogenies of extant taxa only. Constant, nonzero
extinction rates produce an apparent excess of recently di-
verged lineages relative to the pure-birth model (Nee et al.
1994a; Kubo and Iwasa 1995), possibly leading to the er-
roneous conclusion that diversification rates have increased
over time (Nee 2001). The most widely used diversification
rates test-statistic, g, can only be used to detect temporal
decreases in diversification (Pybus and Harvey 2000). This
fact is not widely appreciated, and positive g-values have
been interpreted to support temporal increases in diversifi-
cation rates (e.g., Linder et al. 2003; Turgeon et al. 2005).

I assessed the power of the birth-death likelihood approach
by simulating 500 phylogenies of N 5 30, 60, and 100 taxa
under each of eight models of diversification, yielding a total
of 24 sets of 500 phylogenies. For each N, phylogenies were
simulated with a constant extinction fraction a 5 0 or a 5
0.5 under the following scenarios: (1) fivefold decrease in
the net diversification rate r; (2) twofold decrease in r; (3)
twofold increase in r; and (4) fivefold increase in r. Clades
grew under rate r1 from an initial size of two lineages until
the birth of the N/2 lineage. Rates then shifted to a second
diversification rate r2, and the clade was permitted to grow
until the Nth lineage was born. Thus, a phylogeny of 60 taxa
would grow under rate r1 until the birth of the 30th lineage,
after which the clade continued to grow with a new rate r2
until the clade reached a final size of N 5 60. Extinction was
maintained at a constant level of a 5 0 or a 5 0.5 throughout
the duration of the simulation.

The power of the likelihood method to recover the true
rate-variable model of evolution was simply the percentage
of trees for which the null hypothesis of rate-constancy was
rejected. The rate constant model was rejected only if DAICRC
was less than the critical value of the simulated null distri-
bution. The likelihood of each phylogeny was assessed under
two rate-constant and two rate-variable models of diversifi-
cation.

I contrasted the power of the likelihood approach to that
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of the g-statistic, a test of the distribution of internal nodes
in a phylogeny. Because the g-statistic tests for departures
from the pure birth (a 5 0) model of diversification, it cannot
distinguish between an increase in speciation and a constant
rate model with a . 0 (Pybus and Harvey 2000); both sce-
narios result in an apparent excess of speciation events near
the present relative to the pure birth model. The g-statistic
follows a standard normal distribution under the pure birth
process, and we reject the null hypothesis of rate-constancy
in favor of a temporal decrease in diversification when g ,
21.645.

I further explored the power of these methods to detect
temporal decreases in diversification rates when rates have
shifted earlier or later than the N/2 speciation event. I sim-
ulated a two-rate branching process where the net diversifi-
cation rate decreased 3.5-fold with the birth of the kth taxon
(k 5 5, 10, 15, 20, 25, 30, 35, 40, 45, 50, or 55) under
background extinction rates of a 5 0 and a 5 0.5. I generated
500 phylogenies of N 5 60 taxa for each combination of a
and k and applied both BDL and the g-statistic to each set
of simulated phylogenies.

In the above rate-variable scenarios, diversification rates
shift instantaneously from rate r1 to r2. Because the likelihood
models implemented here are designed precisely to detect
this type of rate shift, it is possible that the g-statistic would
perform better than likelihood methods under models where
diversification rates have changed gradually over time. To
address this possibility, I considered a model of density-
dependent cladogenesis, where diversification rates are in-
versely related to the number of lineages surviving at any
point in time. I simulated two sets of 500 phylogenies (N 5
60 taxa; a 5 0 or a 5 0.5) under a density-dependent model
with r(n) 5 r0 n 2x, with x 5 0.45. Likelihoods were computed
under each model as described above.

Parameter Estimation

A potential advantage of the likelihood approach is that it
provides estimates of the timing and magnitude of rate shifts.
It is not possible to estimate extinction rates from molecular
phylogenies with any reasonable degree of confidence, but
estimates of the net diversification rate fare much better (Nee
et al. 1994a; Kubo and Iwasa 1995; Paradis 2004). To date,
no studies have assessed the performance of the BDL method
in parameter estimation when rates are known to have varied
over time. For each set of N 5 30, 60, and 100 phylogenies
simulated under four different rate-variable models, I inves-
tigated whether likelihood methods could reasonably ap-
proximate the net diversification rates before and after the
rate shift, r1 and r2, and the timing of the rate shift, ts.

Because phylogenies were simulated under a specified
model of diversification, I calculated the relative error in the
estimates of r1 and r2 as

r̂ 2 ri i , (5)
ri

where r̂i is estimated from the data and ri is the true value.
Thus, positive values indicate overestimates of the net di-
versification rate, and negative values indicate underesti-

mates. I expressed the error in ts as a percentage of the total
age of each simulated phylogeny,

t̂ 2 ts s , (6)
T

where t̂s is the inferred time of the rate shift in time units
from the start of the simulation (t 5 0), ts is the true shift
time, and T is age of the simulated phylogeny. Thus, a pos-
itive value indicates that the inferred rate shift is later than
the true shift point.

Example: Australian Agamid Radiation

To illustrate how these methods might be used, I analyzed
a recent molecular phylogeny for Australian lizards in the
family Agamidae (Harmon et al. 2003). The agamids (dragon
lizards) constitute a substantial component of squamate rep-
tile diversity in Australia and show considerable diversity in
morphology and ecology (Pianka 1986; Melville et al. 2001).
The analysis of Harmon et al. (2003) was based on 69 extant
taxa, including at least 93% of the species known from Aus-
tralia.

The agamid tree was constructed by maximum likelihood
from 1800 bp of mitochondrial DNA using the GTR 1 I 1
G model of sequence evolution (Harmon et al. 2003), and the
tree was made ultrametric using nonparametric rate smooth-
ing (NPRS; Sanderson 1997). I evaluated the tempo of di-
versification in the Agamidae with BDL, fitting two rate-
constant and two rate-variable models of speciation and ex-
tinction using maximum likelihood methods described in this
paper. To infer diversification parameters, an age of 30 mil-
lion years was assigned to the basal divergence between Aus-
tralian and Southeast Asian agamids (Hugall and Lee 2004).

RESULTS

Model Selection

When data are simulated under a model in which rates do
not vary over time, selecting the model with the lowest AIC
score leads to Type I error rates exceeding 28% in all cases
(Fig. 3A); for some values of a, the error rate exceeded 40%.
For phylogenies simulated under rate-constant models, the
95th percentile of the distribution of DAICRC corresponds to
a 5 0.05: by definition, 5% of the differences in AIC scores
between the best rate-constant and rate-variable models ex-
ceed this value. The 95th percentile values are approximately
constant or decreasing slightly from a 5 0 to a 5 0.9 (Fig.
3B).

There is a high variance in DAICRC values, accounting for
the ragged distribution of error rates and a0.05 rejection re-
gions. Because error rates do not increase with extinction
levels, we can reject the rate-constant model if DAICRC for
a test phylogeny is greater than the critical value determined
by simulating rate-constant phylogenies under the pure-birth
process. The lack of a positive relationship between a and
DAICRC suggests that the birth-death likelihood approach
may be capable of detecting a temporal increase in the net
diversification rate.

The DAICRC required to maintain a # 0.05 increases with
sample size (Fig. 3C): as the number of taxa increases, we
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FIG. 3. Type I error rates and DAICRC rejection criteria for rate-constant phylogenies simulated under different values of the extinction
fraction a and analyzed with a set of rate-constant and rate-variable birth-death models. (A) Type I error rate as a function of a if the
model with the lowest AIC score is selected as that which best approximates the data. Type I error rates range between 28% and 45%,
but do not increase substantially with a. (B) Differences in AIC scores between the best rate-constant and rate-variable models as a
function of a. Shown are median DAICRC scores (black diamonds), 0–95th percentile range of DAICRC (error bars), and bootstrap standard
errors of the 95th percentile DAICRC value (open circles). The 95th percentile of the DAICRC distribution (upper-bound error bar) equals
the AIC difference between rate-constant and rate-variable models corresponding to a 5 0.05 and does not increase with a. Negative
values of DAICRC are obtained when AIC scores for the best rate-variable model exceed those of the best rate-constant model. (C)
Distribution of DAICRC as a function of the number of taxa in simulated phylogenies: as the number of taxa increases, a greater difference
in AIC scores between the best rate-constant and rate-variable models is required to maintain a 5 0.05. (D) The 95th percentile of the
distribution of DAICRC when data are analyzed with multiple rate-variable models. Dashed lines indicate DAICRC rejection criteria
required to maintain a 5 0.05 when analysis is based on different sets of three-, four-, and five-parameter rate-variable models (model
set indicated adjacent to each dashed line). As more parameters are added to models in the candidate set, DAICRC values corresponding
to a 5 0.05 increase. All estimates are based on 1000 simulated phylogenies per a.

require greater differences in likelihood scores between the
best rate-constant and rate-variable models to reject the null
hypothesis. When N is small, there is a high variance in the
95th percentile values of the DAICRC distribution, but this
decreases for larger phylogenies. For phylogenies of N 5 60
and 100 taxa, Type I error rates exceeded 50% if the model
with the lowest AIC is selected as that which best approxi-
mates the data. We have little confidence that a rate-variable
model best approximates the data when the AIC difference
between rate-constant and rate-variable models is less than
3. Only when DAICRC approaches 4 for small (N 5 30) phy-
logenies and 5.5 for large (N 5 100) phylogenies can the
rate-constant model be rejected with confidence.

There is a positive relationship between DAICRC required
to maintain a # 0.05 and the number of rate-variable models
under consideration (Fig. 3D). As more complex models are
added to the candidate set, Type I error rates increase unless
DAICRC rejection criteria are adjusted accordingly. This is
particularly apparent with the addition of the five parameter
rate variable model, where the DAICRC corresponding to a
# 0.05 jumps from 4.8 to 8.2.

As predicted, likelihood methods based on survival anal-

ysis show high Type I error rates when the extinction fraction
a increases (Fig. 4). Because available survival models do
not incorporate the effects of extinction, they cannot distin-
guish between temporal increases in diversification rates and
constant-rate models with a . 0.

Power Analyses

For each of the 500 phylogenies simulated under a given
diversification model, the rate constant model was rejected
in favor of a rate-variable scenario if DAICRC exceeded that
required to maintain a Type I error rate of 0.05 under the
pure-birth model (Fig. 3C). Power to reject the null hypoth-
esis of rate-constancy is generally high when diversification
rates have decreased over time (Fig. 5). Likelihood can sep-
arate temporal increases in diversification rates from con-
stant, nonzero extinction, but power to detect this shift is
high only when sample sizes are large (N 5 60, 100) and the
magnitude of the rate shift is great. When diversification
models included constant background extinction (a 5 0.5),
power to reject the null hypothesis decreased in all cases.

Under diversification models with extinction set to zero,
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FIG. 4. Relationship between DAICRC and the extinction fraction
a when survival analysis is used to compute likelihoods. Shown
are median (black diamonds) and the 0–95th percentile range of
the distribution of DAICRC. Median values and 95th percentile of
the DAICRC distribution are positively correlated with a, indicating
that this method cannot separate a temporal increase in diversifi-
cation from a rate-constant model with a . 0. All estimates are
based on 1000 simulated phylogenies per a.

FIG. 5. Power of birth-death likelihood (BDL; open bars) and the g-statistic (shaded bars) to detect shifts in diversification rates over
time. Test phylogenies were simulated under a model where diversification rates shift with the birth of the N/2 lineage. Power is the
percentage of 500 replicate phylogenies for which the null hypothesis of rate-constancy was rejected for each value of a and N if the
DAICRC rejection region is set to maintain a 5 0.05 (BDL) or if g # 21.645. (A) fivefold increase in r over time; (B) twofold increase
in r; (C) fivefold decrease in r; (D) twofold decrease in r. Power for BDL exceeded that of the g-statistic in all but two of the diversification
scenarios considered (D; a 5 0; N 5 30 and 60). Confidence limits are bootstrap standard errors of each power estimate.

BDL and the g-statistic had approximately equal power to
detect temporal decreases in diversification rates. When di-
versification models included nonzero extinction rates (a 5
0.5), likelihood methods performed much better than the g-
statistic. BDL showed much greater power to detect temporal
decreases in diversification rates when rate shifts occur early
in the history of a clade, particularly when extinction is pre-
sent (Fig. 6). In the case of density-dependent cladogenesis,
power was virtually identical for BDL and the g-statistic
when a 5 0 (Fig. 7). Likelihood performed better under a 5

0.5, but power to reject the null hypothesis was low for both
methods. Despite a nearly five-fold decrease in the net di-
versification rate over time, power was much lower than in
the case where rate shifts occurred instantaneously (Fig. 5).

Parameter Estimation

For models with a 5 0, estimates of the net diversification
rate showed a weak bias for small phylogenies (Fig. 8), but
the mean relative errors tended to zero as the number of taxa
increased. For weak increases or decreases in diversification
rates, variance in estimates of r1 and r2 was high. Estimates
of the time of the rate shift ts did not show appreciable bias
for most of the diversification scenarios considered. For weak
increases in diversification rates, mean relative errors in ts
suggested a consistent underestimate of true shift times; how-
ever, median relative errors in this parameter were less than
0.01 for all three sets of simulated phylogenies (N 5 30, 60,
100). For five-fold increases or decreases in diversification
rates, error in estimates of ts was very low for phylogenies
of N 5 60 and 100 taxa. For models with a 5 0.5, estimates
of r1, r2, and ts generally appeared unbiased and tended to
zero as the number of taxa increased.

Australian Agamids

The agamid phylogeny was analyzed under two rate-con-
stant and two rate-variable models of diversification (Table
1). The best rate-variable model had an AIC of 24.72 versus
40.68 for the best rate-constant model (DAICRC 5 15.96).
The DAICRC value required to maintain a 5 0.05 was ob-
tained by simulating 1000 phylogenies of the same size as
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FIG. 6. Power of birth-death likelihood (BDL) and the g-statistic
to detect temporal decreases in diversification rates when rates have
shifted at different points in time. Test phylogenies (N 5 60) were
simulated under (A) a 5 0 and (B) a 5 0.5, with a 3.5-fold decrease
in the net diversification rate occurring with the birth of the 5th,
10th, . . . , 50th, or 55th lineage. Power is the percentage of 500
replicate phylogenies for which the null hypothesis of rate-con-
stancy was rejected. Relative divergence times reflect the mean time
of the rate shift for each set of simulated phylogenies, expressed
as a fraction of total clade age. Bootstrap standard errors of each
power estimate (not shown) were less than 0.022.

FIG. 7. Power of birth-death likelihood (BDL; open bars) and the
g-statistic (shaded bars) when diversification rates have decreased
gradually under a model of density-dependent cladogenesis. (A)
Simulation model: the net diversification rate r decreases as the
number of surviving lineages increases. (B) Percentage of 500 sim-
ulated phylogenies (N 5 50) for which the rate-constant model was
rejected for likelihood and the g-statistic under a 5 0 and a 5 0.5.

the test phylogeny under the pure-birth model. For N 5 69,
we reject the null hypothesis of rate-constancy if the observed
DAICRC $ 5.0.

DAICRC for the agamids was much greater than the DAICRC
required to reject the null hypothesis at a 5 0.05, providing
strong support for the hypothesis that diversification rates
have changed over time. Diversification rates in the Austra-
lian agamids appear to have decreased roughly threefold
over time (Table 2), with an estimated rate shift occurring
12–14 million years ago. Confidence limits were placed on
estimated diversification rates using Moran’s variance (Nee
2001).

Log-likelihoods of rate shifts under the best rate-variable
model were plotted as a function of time (Fig. 9). Although
the maximum likelihood shift point occurs approximately 13
million years ago, two additional peaks in the likelihood plot
(Fig. 9B; 6 million and 19 million years ago) suggest that
agamid diversification trends may have occurred in a stepped
fashion. This pattern of multiple likelihood peaks separated
by troughs appears inconsistent with a model of gradually
decreasing diversification rates over time, as could occur if

the agamid radiation in Australia was characterized by den-
sity-dependent cladogenesis on a continental scale. Addi-
tional work is needed to determine whether this pattern can
be attributed to stochasticity or a true stepwise decline in
diversification.

DISCUSSION

Model Selection

Type I error rates are high when the model with the lowest
AIC score is selected as that which best approximates the
data, approaching 50% in some trials. This effect appears to
be most pronounced for phylogenies generated under a #
0.7. Because there is no positive relationship between D-
AICRC and a, we can reject the null hypothesis of rate-con-
stancy if DAICRC is greater than or equal to that required to
maintain a 5 0.05 under the pure-birth model for a given
value of N. The dependency of this rejection criterion on the
size of the clade (Fig. 3C) and the number of models under
consideration (Fig. 3D) suggests that no single criterion can
be used to select among rate-constant and rate-variable mod-
els. Researchers studying clades larger or smaller than those
considered here may wish to obtain DAICRC scores required
to maintain an acceptable Type I error rate by simulating
phylogenies of the same size as the actual phylogeny under
the pure-birth model and examining the resulting distribution
of DAICRC scores with respect to the full set of candidate
models.
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FIG. 8. Relative error in parameters estimated under the best fit
rate-variable model for phylogenies simulated under four models
of diversification with a 5 0 and two models with a 5 0.5. r1 and
r2 are maximum likelihood estimates of the net diversification rate
before and after the inferred rate shift, ts. Shown are means and
95% confidence limits on the distribution of relative errors for each
set of simulated phylogenies. In general, mean relative errors tended
to zero as the number of taxa increased.

TABLE 2. Diversification parameters for the Australian Agamidae
under the best-fit model before and after the inferred rate shift (my,
million years).

r 95% lower 95% upper

Divergences .13 my ago 0.148/my 0.119/my 0.196/my
Divergences #13 my ago 0.048/my 0.039/my 0.063/my

TABLE 1. Results of fitting four birth-death models to the agamid data. DAIC is the difference in AIC scores between each model and
the overall best-fit model.

Description of model Rate-constant a 5 0 Rate-constant a $ 0 Rate-variable a 5 0 Rate-variable a $ 0

Parameters in model r r, a r1, ts, r2 r1, ts, r2, a
Log-likelihood 219.34 219.34 29.36 29.36
AIC 40.68 42.68 24.72 26.72
DAIC 15.96 17.96 0 2

Alternative model selection criteria, such as the AICc
(Burnham and Anderson 2002) and the likelihood ratio test
(LRT) also have high Type I error rates (data not shown),
and there seems to be little advantage in abandoning the AIC,
provided that error rates and rejection criteria are explicitly
addressed through simulation. Even if Monte Carlo methods
are used to infer the null distribution of the LRT, this method
results in a large number of pairwise LRTs, the significance
of which are difficult to compute and interpret (Paradis
1998a). When comparing more than two models, one must

correct the LRT for multiple testing (Paradis 1998a; Pol
2004), and this problem is avoided by use of the AIC.

Power Analyses and Parameter Estimation

Despite the high DAICRC values required to maintain Type
I error rates of 0.05 or less, BDL retains considerable power
to detect variation in diversification rates over time. When
extinction rates are equal to zero, differences in power for
BDL and the g-statistic are trivial, at least for the abrupt rate-
shift scenarios considered here. However, when clades have
grown under a model that includes constant, nonzero ex-
tinction rates, BDL has much greater power than the g-sta-
tistic.

Decreased diversification through time results in an excess
of early diverging lineages in reconstructed phylogenies, but
constant background extinction can reduce this effect by
eliminating ancient divergences and favoring recently di-
verged lineages. By explicitly including extinction, model-
based approaches can succeed where other approaches fail.

It is far more difficult to detect a temporal increase in
diversification than a temporal decrease. In the birth-death
likelihood framework, power to detect weak increases in di-
versification rates is always low. However, power increases
with sample size when the magnitude of the rate shift is large.
Furthermore, this may be the only approach available that
can detect an increase when it occurs. For most groups, the
fossil record does not permit independent estimates of ex-
tinction rates, and it is difficult to justify why a particular
background extinction rate is less likely than any other; this
limits the utility of methods where rejection criteria are de-
pendent on a to cases where diversification rates have de-
creased over time. Methods that do not explicitly account for
extinction, such as the g-statistic and survival analysis, are
unable to distinguish between temporal increases in diver-
sification rates and rate-constant models with a $ 0.

Under both a 5 0 and a 5 0.5, parameter estimation using
the birth-death model performs well; estimates of both the
timing and magnitude of the rate shift were consistent and
generally unbiased across a range of rate-variable diversifi-
cation scenarios. The two main conclusions from previous
work on parameter estimation in a birth-death framework are
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FIG. 9. Analysis of diversification in Australian agamid lizards.
(A) Log-lineage through time plot using the nonparametric-rate-
smoothing tree from Harmon et al. (2003). Dashed line represents
expected rate of lineage accumulation under the pure birth model.
(B) Log-likelihood of rate shifts at different points in time for the
agamid data. The best fit model was the three parameter model with
two speciation rates and extinction set to zero, with an estimated
rate shift occurring 13 million years ago. Estimated speciation rates
are 0.148 per million years and 0.048 per million years before and
after the shift point, respectively, assuming a clade age of 30 million
years.

that (1) it is always difficult to estimate a in the absence of
fossils; and (2) we can infer r with reasonable confidence
when a is low (Nee et al. 1994a; Paradis 2004). This study
extends previous work in two important respects. It is shown
that, at least for the diversification models considered here,
estimates of the timing of the rate shift are unbiased and have
low variance. The sole exception to this pattern occurs when
rates show weak increases over time; this can be explained,
at least in part, by the low power of BDL to detect such shifts
in diversification rates (Fig. 5B). This consistency implies
that the method will be useful for testing specific hypotheses
about the causes of variation in diversification rates. To the
extent that we can accurately calibrate divergence times in
a molecular phylogeny, we should be able to use the method
to examine, for example, whether rate shifts coincide with
climatic or geological events that may have influenced the
tempo of diversification.

A second point is that the relative error in estimates of the
magnitude and timing of rate shifts when diversification rates
increase over time perform nearly as well as estimates when
rates decrease over time. Confidence limits on the distribution
of relative errors under scenarios of increasing and decreasing
diversification are similar, particularly for phylogenies of N
5 60 and 100 taxa. Provided that we can detect a temporal
increase in the net diversification rate when it occurs, we can

be reasonably confident in the resulting estimates of the mag-
nitude and timing of the rate shift.

Strengths of the Birth-Death Likelihood Approach

Primary strengths of the likelihood-based methods dis-
cussed here include power to detect both increases and de-
creases in diversification over time and parameter estimation.
Furthermore, the method is very flexible and could accom-
modate tests of a wide range of rate variable models; although
I considered only simple models, net diversification rates
could be modeled as functions of any number of independent
variables. For example, rates can be modeled as a function
of the number of extant lineages at any point in time to test
whether decreasing diversification rates show density depen-
dence. Another application might include testing whether di-
versification rates are related to climatic oscillations (Kad-
ereit et al. 2004). When we have reason to suspect that a
particular event in earth history may have affected diversi-
fication, rate-variable models can be adjusted to test a priori
hypotheses. Finally, likelihood methods can test for simul-
taneous rate shifts across multiple, distantly related groups
of organisms, provided we can appropriately calibrate di-
vergence times (Turgeon et al. 2005).

Limitations of Likelihood Methods

Conclusions about the temporal nature of diversification
are dependent upon the quality of the data themselves. Here
I have ignored error in branching time estimates to focus on
the analysis of diversification from these data. In reality,
many factors can influence or bias estimates of divergence
times. Errors in tree topology per se are not necessarily fatal
for likelihood-based analyses of diversification; for example,
an ancient, rapid radiation may result in a virtual star to-
pology, with all lineages appearing to originate simulta-
neously. It may never be possible to reconstruct the true
phylogeny for these taxa, but it may nonetheless be possible
to infer with confidence that diversification rates have de-
creased over time.

Biased estimates of divergence times, on the other hand,
are expected to introduce a similar bias into diversification
rate analyses. For example, failure to use an appropriate mod-
el of sequence evolution to estimate branch lengths could
lead to consistent underestimates of divergence times early
in the history of a clade. This is expected to occur when
simple models of sequence evolution cannot fully capture the
effects of saturation that become apparent when comparing
highly diverged lineages (Arbogast et al. 2002). In this case,
one might conclude that decreasing diversification rates have
prevailed, when the pattern is a simple artifact of saturation
(Revell et al. 2005).

All methods developed to infer temporal shifts in diver-
sification rates, including BDL and the g-statistic, assume
that diversification rates have been constant across lineages.
The extent to which violations of this assumption influence
BDL and other methods is unknown. Revell et al. (2005)
found no significant correlation between tree imbalance and
the g-statistic for phylogenies generated under rate-constant
models of diversification, but more research is clearly needed
on this topic.
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Incomplete taxon sampling is a potentially severe problem
that has not been addressed for BDL. If a number of taxa in
a clade are not sampled, and if sampled lineages are random
with respect to divergence times, we will observe a spurious
decrease in diversification over time, because missing branch-
ing times tend to occur closer to the present than the root of
the tree (Nee et al. 1994a). Monte Carlo approaches can be
used to generate the null distribution of branching times with
incomplete sampling, if the true number of species in the
clade is known (Pybus and Harvey 2000; Pybus et al. 2002).
A similar approach could be used with BDL to obtain the
DAICRC score required to reject a rate-constant model while
minimizing Type I error rates.

The BDL approach could be adapted to test a variety of
birth-death models other than the simple rate shift models
considered here. In the case of density-dependent cladogen-
esis (Fig. 7), one might predict that power to reject the null
hypothesis would increase if a density-dependent model had
been included in the candidate set. However, Type I error
rates increase with the number of rate-variable models con-
sidered (Fig. 3D); a greater difference in AIC scores between
the best rate-constant and rate-variable models is required to
reject the null hypothesis when the number of fitted models
is increased. Because Type I error rates do not increase with
a, we can easily determine appropriate rejection criteria for
the null hypothesis under any set of candidate models by
simulating rate-constant phylogenies and examining the dis-
tribution of DAICRC values.

The relationship between hypothesis testing and data ex-
ploration can easily become blurred when applying these
methods, and this is a particular concern when using a priori
hypotheses to test models of diversification. If, before looking
at any data, we have reason to believe that diversification
rates may have shifted at some point in time, we can justi-
fiably reduce the number of free parameters in rate-variable
models by fixing the timing of the rate shift to the hypoth-
esized value (Near et al. 2003; Turgeon et al. 2005). This
reduces the AIC penalty term of the rate-variable model rel-
ative to the rate-constant model, and we have greater power
to reject the null hypothesis of rate-constancy if it is false.
However, there is danger that researchers will simply look
at a phylogenetic tree or a plot of lineages-through-time, note
an apparent increase or decrease in diversification, and then
construct an a posteriori hypothesis to explain this pattern.
If this a posteriori observation is then treated as an a priori
hypothesis in a model-based analysis, the probability of a
Type I error may be increased. This is a subtle but important
point, and researchers must be careful to justify why a par-
ticular a priori hypothesis was used.

Summary and Recommendations

The analyses presented here indicate that the BDL ap-
proach is a useful framework for studying temporal variation
in diversification rates. In all scenarios considered, BDL
showed comparable or greater power than the g-statistic to
detect temporal variation in diversification rates. The advan-
tages afforded by BDL are particularly apparent when ex-
tinction is present, suggesting that researchers may wish to
revisit datasets for which the g-statistic was unable to detect

a temporal shift in the diversification rate. Furthermore, BDL
appears to be unique among available methods in that it can
separate a temporal increase in diversification from constant,
nonzero extinction rates. Finally, BDL provides parameter
estimates that can be used to formulate more specific hy-
potheses about underlying processes that have influenced the
tempo of diversification. However, model overfitting is a po-
tentially serious problem and may lead to a high Type I error
rate; researchers must carefully address this issue before con-
cluding that the tempo of diversification has changed over
time.
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APPENDIX

Likelihood Optimization

For the pure-birth model (a 5 0), maximum likelihood estimates
of r were calculated as

N 2 2
r̂ 5 (A1)N

ibO i
i52

after Nee (2001), where bi is the ith internode distance.
For models incorporating a $ 0, maximum likelihood estimates

of a and r were inferred using a steepest descent algorithm. For
any trial points ri and ai, the gradient of the likelihood function
L(x z r, a) can be obtained by evaluating the partial derivatives of
L with respect to r and a. I used the gradient of the likelihood
function to sequentially choose the ri11 and ai11 following the steep-
est path to the optimum. The optimum was found when 100 suc-
cessive approximations could not improve the log-likelihood be-
yond 1025 units. Nonlinear optimization can be difficult due to the
possibility of multiple optima in the likelihood surface, and the
optimization algorithm employed here is prone to error when mul-
tiple optima exist. To guard against this possibility, I repeated each
optimization with 10 different initial values of a and r. Estimates
of the maximum log-likelihood and r converged to the same values,
though a was very slow to converge beyond 0.05 units of precision
(which is well within the 95% confidence interval for this param-
eter). This can be explained by the fact that, at least for phylogenies
examined in this study, the likelihood surface for a and r consists
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of a long, narrow ridge, with a single optimum, as observed in Nee
et al. (1994a). A wide range of a-values give log-likelihoods that
are virtually indistinguishable, and none of the analyses presented
here require a precise estimate of a.

For rate variable models, parameters were optimized separately
for all internode distances occurring before and after a given shift
point, ts. This was repeated for all possible shift points, assumed
here to consist only of observed branching times. In the case of
survival analysis, likelihood and parameter optimization follows
Cox and Oakes (1984) and Paradis (1997).

Phylogenetic Simulation

A discrete time approach was used to simulate phylogenies under
rate-variable and rate-constant scenarios. Each simulation begins
with two lineages and runs forward in time; at each time step,

surviving lineages are evaluated for a speciation event, with prob-
ability l, or an extinction event, with probability m. Each new
lineage contains a reference to the parent lineage, such that a re-
constructed phylogeny can be generated at the end of the simulation.
When the target number of lineages is reached at some time T, both
basal lineages are tested to ensure that at least one descendent
lineage has survived to the present; if all of the descendents of one
lineage had gone extinct, our simulated phylogeny would not be of
age T. For each simulation, r 5 l 2 m was chosen sufficiently small
to generate phylogenies of several thousand time units in total length
(mean number of time steps per simulation: 8322; range: 1964–
34853). This step was taken to avoid possible artifacts caused by
using a discrete simulation procedure to approximate a continuous
time process. Software for likelihood analysis, phylogenetic sim-
ulation, and model selection were written in ANSI C; source code
and Windows-compiled executables are available from the author.


