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Abstract Testing whether a certain biological trait sig-

nificantly affects clade diversification is central to macro-

evolutionary research. To this end, many scientists use

constant-rate estimators (CR estimators) of diversification.

However, it has never been examined whether these esti-

mators report meaningful relationships between traits and

diversification even when the diversification itself decel-

erates over time. In this study, I simulate trait-driven

diversification concurrently with diversification slow-

downs. Then, I test whether CR estimators manage to

uncover the simulated relationships. Results suggest that

CR estimators are robust against violation of rate constancy

and successfully detect trait-dependent diversification in

spite of diversification declines. Interestingly, correct

results were recovered whether clade age correlated with

clade diversity or not. Further comparison of CR estimators

with QuaSSE suggested that QuaSSE performs better under

constant diversification, but tends to report spuriously

significant outcomes when diversification decelerates

(=elevated Type I error). Given that diversification

slowdowns have been recently reported for a wide range of

taxa, these findings may be of particular relevance for

future diversification studies.

Keywords Speciation � Extinction � Evolution �
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Introduction

Some clades grow and accumulate diversity faster than

others, as the extreme examples of explosive radiations and

living fossils illustrate (Sanderson and Donoghue 1996;

Ricklefs 2007; Hunt et al. 2007; Jablonski 2008; Glor

2010). To measure the tempo of clade growth, Raup (1985)

introduced a series of diversification rate estimators which

have later become broadly popular among paleobiologists

(Sepkoski 1998; Foote 2000; Alroy 2000) and evolutionary

biologists (Magallon and Sanderson 2001; Nee 2006;

Ricklefs 2007). These estimators are sometimes termed

constant-rate (CR) estimators as they assume that clades

diversify at constant rates so that clade diversity grows

exponentially over time. The simplest way to calculate

diversification rate then is to divide log-transformed clade

richness by clade age, r = log(N)/t (Raup 1985; Magallon

and Sanderson 2001).

However, recent studies indicate that the assumption of

rate constancy, which CR estimators are built upon, may be

unrealistic because diversification decelerates over time in

a wide range of taxa (McPeek 2008; Phillimore and Price

2008; Rabosky 2009a; Morlon et al. 2010; Etienne et al.

2012). Due to slowing diversification, clade age and rich-

ness may become decoupled; young clades may be more

diverse than old clades, and vice versa (Ricklefs 2006;

Rabosky 2009b; Vamosi and Vamosi 2010; Rabosky et al.
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2012). Under such circumstances, CR estimators have been

supposed to fail (Ricklefs 2007; Rabosky 2009a).

These observations motivated development of novel

methods that would be robust against decelerating diver-

sification (Rabosky 2009a; Rabosky and Adams 2012). For

example, diversification rates may be more reliably ana-

lyzed within likelihood (Rabosky 2006; Maddison et al.

2007; FitzJohn 2010; Morlon et al. 2010; Ingram 2011;

Stadler 2011; Etienne et al. 2012) or Bayesian (Bokma

2008a, b; Moore and Donoghue 2009; Silvestro et al. 2011;

Wertheim and Sanderson 2011) frameworks which often

circumvent the assumption of rate constancy. However,

these methods may have their own drawbacks, such as new

restrictive assumptions about the input data (e.g. phylogeny

is known completely and accurately), trade-off between

model complexity and phylogeny size, or high require-

ments imposed on the computational resources.

Still, it has not been explored to date whether errors,

potentially introduced by slowing diversification, are sub-

stantial enough to preclude meaningful CR inference.

There are many applications of CR estimators but testing

which biological traits modulate diversification is arguably

among those most relevant. Traits may have a major

impact on clade survival and growth over evolutionary

time. Floral symmetry, host specificity, geographic range

size or sexual coloration are just a few examples of traits

that can facilitate or suppress diversification through their

effects on speciation, extinction, or both (Jablonski 2008;

Glor 2010; Schnitzler et al. 2011). Novel traits, often

referred to as key innovations, may trigger explosive

radiations that presumably created most of the diversity of

life (Hutchinson 1959; Davies et al. 2004; Hunt et al. 2007;

Glor 2010; Vamosi and Vamosi 2010). Geographic distri-

butions of speciose taxa then shape the patterns of local and

regional richness, including the pervasive latitudinal and

altitudinal diversity gradients (Ricklefs 2006; Wiens et al.

2006; Mittelbach et al. 2007; Jansson and Davies 2008;

Vamosi and Vamosi 2010; Schnitzler et al. 2011). Trait-

diversification inference is therefore fundamental for many

biodiversity studies, and it seems important to assess

whether it might be compromised by the commonly

observed diversification slowdowns. Despite its potentially

broad importance, such assessment is currently missing.

Biological mechanisms behind the slowdowns themselves

also remain unknown, but it has been suggested that niche

filling and competition might suppress diversification (as in

some classic models of adaptive radiation) (McPeek 2008;

Phillimore and Price 2008; Glor 2010).

In this study, I examine whether CR estimators return

meaningful conclusions about trait-diversification depen-

dence even under diversification slowdowns. I also com-

pare CR inference with its widely used alternative, the

QuaSSE method (FitzJohn 2010), and highlight the

strengths and weaknesses of both approaches under con-

stant and slowing diversification. In the light of the pre-

sented findings, I argue that both simple and advanced

methods (such as CR and QuaSSE inference) might be

powerful under different circumstances, depending on the

data and hypotheses tested.

Materials and Methods

To explore whether CR estimators uncover trait-driven

diversification in spite of diversification slowdowns, I first

simulated a set of phylogenies with trait values at their tips

wherein the correlations between diversification rate and

traits were known. Then, I examined whether CR estima-

tors can infer these known correlations under gradually

increasing strengths of negative diversity dependence. For

this analysis, I divided the simulated phylogenies into two

groups: (1) phylogenies where clade age and richness were

positively correlated and (2) phylogenies where clade age

and richness were decoupled. The CR assumption of rate

constancy suggests that trait-driven diversification should

be easier to detect in the former of the two groups

(Magallon and Sanderson 2001; Ricklefs 2007; Rabosky

2009a).

To estimate Type I error, I examined how often CR

estimators detect trait-driven diversification even when the

simulation process does not include this dependence.

Finally, I compared the performance of CR estimators

(Raup 1985) and QuaSSE (FitzJohn 2010) under constant

and slowing diversification.

The Simulation Procedure

My simulation procedure generally follows the approach of

Paradis (2005) and FitzJohn (2010) (Fig. 1). To simulate a

series of phylogenies with trait values at their tips, I first

specified speciation and extinction functions. Speciation

rate varied with trait values whereas extinction rate was

simulated as an invariable background process. In concert

with phylogeny simulation, I modeled trait evolution using

the Brownian motion model (Felsenstein 1985; Paradis

2005; FitzJohn 2010). Each simulation procedure was

replicated under different strengths of negative diversity

dependence.

Specifically, speciation rate ki for lineage i was calcu-

lated as a sigmoidal function of that lineage’s trait value si

so that

ki ¼
1

1þ easi

This sigmoidal function ensures that speciation rate does

not attain negative or extremely large values (Paradis 2005;
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FitzJohn 2010). Rather than using a single sigmoidal

function, I used a series of functions with scaling param-

eters a randomly drawn from the uniform distribution

(min = -0.1, max = -0.025), as illustrated in Fig. 1a.

Extinction was modeled as a constant function of trait

values with intercept randomly drawn from the gamma

distribution (shape = 2, rate = 12; see Fig. 1a). Parame-

ters of the speciation and extinction functions were chosen

at random from the specified distributions so that my

simulations would cover a wider range of biological sce-

narios, allowing more general conclusions.

For each combination of speciation and extinction

functions, I randomly selected an ancestral trait value (i.e.

root value) from the uniform distribution (min = -20,

max = 20) and started a simulation. Parameters of the

uniform distribution were selected so that different ances-

tral values would yield distinct but still mutually overlap-

ping ranges of tip values (see Fig. 1a). My objective was to

assess whether CR estimators yield meaningful results

when the assumption of constant diversification is violated.

Therefore, each simulation was repeated under six gradu-

ally increasing strengths of negative diversity dependence

(Fig. 1b). The diversity dependence function was specified

as

k0i ¼ kie
cN

so that

k0i ¼
ecN

1þ easi

where k0i is speciation rate after accounting for diversity

dependence, ki is speciation rate derived from lineage trait

value (see above), and N is the immediate number of

species in a phylogeny at the time of speciation (though

some of these species may go extinct later). Six scaling

coefficients c were used to simulate negative diversity

dependence of increasing strengths (c0 = 0, c1 = -0.001,

c2 = -0.002, c3 = -0.004, c4 = -0.008, c5 = -0.02;

see Fig. 1b). Low c values induce steep deceleration in

speciation and, consequently, diversification rate. As c
approaches zero, speciation rate becomes independent of

the number of extant species and clades diversify without

bounds (Fig. 1b). From these steps, I obtained six phy-

logenies simulated under the same speciation and
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Fig. 1 Outline of the simulation procedure. a Speciation rate was

modeled as a sigmoidal function of trait values with randomly

selected scaling parameter a (black lines). Extinction rate, in contrast,

was simulated as an invariable background process with randomly

selected intercept (gray lines). Ancestral traits, used as starting values

for the simulations, are depicted on the trait axis. The two horizontal

segments show the extent of tip values obtained under two disparate

rates of trait evolution (shorter segment: r2 = 0.2, longer segment:

r2 = 2.2). b Negative diversity dependence, or the relative decline in

speciation rate with phylogeny size (k0/k), was modeled at six

gradually increasing strengths (c0 = 0, c1 = -0.001, c2 = -0.002,

c3 = -0.004, c4 = -0.008, c5 = -0.02). Further details are pro-

vided in the text
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extinction functions but with differing strengths of diver-

sification slowdowns.

Clade ages, used for the simulation of individual phy-

logenies, were taken at random from the avian tribe dataset

of Ricklefs (2006), which ensured that simulations inclu-

ded realistic clade age variation. Moreover, this particular

dataset is known to have no relationship between clade age

and richness, a condition often assumed to be challenging

for CR estimators (Ricklefs 2006, 2007; Rabosky 2009a).

The rate of trait evolution (r2) is also an important

simulation parameter. To inspect two disparate scenarios, I

considered a labile trait (r2 = 2.2) and a conservative trait

(r2 = 0.2). Simulated values of the labile trait covered a

larger range of the speciation function as compared to the

conservative trait (see the two horizontal segments in

Fig. 1a). Therefore, it should be easier to detect trait-

dependent diversification for the labile trait which causes

larger speciation rate shifts. Effects of the conservative

trait, which evolves 11 times slower, should be more dif-

ficult to uncover.

To explore a variety of outcomes, the above described

simulation was repeated 1,000 times. First, I generated

1,000 pairs of speciation and extinction functions with

randomly chosen parameters. For each pair, I then simu-

lated six sets of 25 phylogenies, each set under a different

level of diversity dependence (c0–c5). The whole procedure

was conducted under two rates of trait evolution (i.e. labile

trait and conservative trait). In total, I generated 300,000

phylogenies with trait values at their tips.

The simulated data was then analyzed by methods

conventional in empirical studies. Due to the simulation

process, we know a priori there is a significant relationship

between diversification rate and trait values (see above;

Fig. 1a). The major objective of the following analyses was

to assess whether these known relationships will be

uncovered by CR estimators despite the introduced diver-

sification slowdowns.

Analyzing the Simulated Data

To analyze the simulated dataset, I first estimated diversi-

fication rate for each of the 300,000 phylogenies using the

simplest CR estimator

r ¼ logðNÞ=t;

which yields the average number of species emerging per

unit time (N is clade diversity, t is clade age) (Raup 1985;

Magallon and Sanderson 2001). A whole series of sup-

plementary estimators has been defined depending on

whether crown-group or stem-group ages are used and

whether extinction is considered (Raup 1985; Magallon

and Sanderson 2001). Here, I use the simplest CR estimator

but, in an empirical study, the choice may depend on the

character of the analyzed data.

To summarize trait values at the tips of each phylogeny,

I employed the simplest approach and calculated their

arithmetic mean. Therefore, I did not make any assump-

tions about branch lengths or about the model of trait

evolution. If CR estimators return meaningful results even

under these crude inferential settings, they will probably

perform even better in a refined analysis. For example, for

higher accuracy, methods of ancestral reconstruction

(Felsenstein 1985; Schluter et al. 1997) can be used instead

of simple trait averaging.

Finally, I analyzed correlations between the inferred

diversification rates and mean trait values. One thousand

correlations were fitted for each of the six strengths of

negative diversity dependence. Each correlation was fit for

a set of 25 simulated phylogenies. The results were plotted

separately for phylogenies (1) where clade age and richness

were positively correlated and (2) where clade age and

richness were decoupled. The whole analysis was con-

ducted twice: for the labile trait and for the conservative

trait. The strength and significance of all the correlations

was estimated using non-parametric Spearman’s rank test.

Estimating the Rates of Type I Error Under Slowdowns

It is important to establish how often CR estimators report

a significant relationship when, in fact, there is none

(=Type I error). To estimate Type I error, I set the a
parameter of the speciation function to zero and repeated

all the above described simulations and analyses. With

a = 0, speciation rate becomes independent of trait values.

Phylogenies and traits are still simulated concurrently, and

phylogenetic signal in the simulated traits is preserved.

However, CR estimators should not report any trait-diver-

sification relationship under this setup. Significant results

may occasionally emerge, but such spurious outcomes

should not arise in more than 5 % of the analyzed cases

(i.e. the significance threshold of p = 0.05).

Comparing CR Estimators with the QuaSSE Approach

Performance of CR estimators can be fully evaluated only

in comparison to their alternatives. The simulated data was

therefore analyzed by means of QuaSSE as well (Quanti-

tative State Speciation and Extinction modeling) (FitzJohn

2010). Rates of Type I and Type II error were then esti-

mated for both CR estimators and QuaSSE under constant

and slowing diversification.

QuaSSE framework (FitzJohn 2010) is statistically far

more refined than the CR approach and assumes that

diversification of evolutionary lineages follows a birth–

death process whereby speciation and extinction rates vary
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as the character under study evolves. Variation of specia-

tion and extinction rates can be modeled using different

functions which are fitted to the data (i.e. dated tree and

trait values) through likelihood optimization. Fits of dif-

ferent speciation and extinction scenarios can then be

compared by likelihood ratio tests (FitzJohn 2010).

Since QuaSSE modeling is computationally expensive,

analysis of all 300,000 phylogenies would be hardly fea-

sible even using large computer clusters. Moreover,

QuaSSE is designed to analyze whole trees rather than

clade collections. To obtain a dataset suitable for both CR

and QuaSSE analyses, I randomly selected 100 phyloge-

nies with over 1,000 species from the previously simulated

data. With this reduced dataset, comparison of CR esti-

mators and QuaSSE became feasible.

To analyze the reduced dataset by QuaSSE, I modeled

speciation rate as both constant and sigmoidal functions of

trait values. Constant speciation function served as the null

model where diversification was independent of trait val-

ues. Sigmoidal speciation function was used to model trait-

dependent diversification through which the data was

simulated (Fig. 1a). Extinction was modeled as an invari-

able background process. The resultant QuaSSE models

were compared by means of likelihood ratio tests.

To analyze the reduced dataset by CR estimators, I split

each phylogeny into 10 clades and calculated diversifica-

tion rates and mean trait values for each clade. Then, the

inferred diversification rates were correlated with mean

trait values, and the results were recorded. This procedure

was repeated for all 100 phylogenies. CR inference was

therefore conducted similarly as in my main analyses.

Both methods (QuaSSE and CR estimators) were

applied to phylogenies where diversification was controlled

by trait values (a = 0) and where diversification was

independent of trait evolution (a = 0). Rates of Type I and

Type II error under constant and decelerating diversifica-

tion were then estimated for both methods.

Since CR calculations are relatively fast, I also tested

how many clades are necessary to receive reasonable sta-

tistical power to detect trait-dependent diversification

under diversification slowdowns (high computational

requirements preclude similar analyses for QuaSSE). In

statistical terms, I examined how steeply Type II error

declines with the number of clades analyzed. Randomly

selecting from the simulated data, I compiled 15 sets of 100

trees. The trees were then split into isolated clades suitable

for CR analyses, whereby the number of clades gradually

increased across sets (from 11 to 25 clades). Clade sizes

remained comparable across sets (10–30 species) as the

original trees had been selected so that their size would

increase from one set to another. All tree sets were pro-

cessed similarly as in the main CR analyses, Type II errors

were estimated and plotted against the number of clades

analyzed. The results yielded potentially helpful guidelines

on how many clades need to be examined to receive rela-

tively strong CR tests.

Comparing Simulated Phylogenies to Real Phylogenies

In every simulation study, it is necessary to verify whether

the simulated data correspond with empirical observations

(e.g. whether the simulated phylogenies show realistic

slowdowns or imbalance). To this end, I used 245 phy-

logenies of chordates, mollusks, arthropods and magno-

liophytes, compiled by McPeek (2008), and compared

topologies and branch-length distributions of these empir-

ical phylogenies with my simulated phylogenies.

Topology of individual phylogenies was described by

means of the gamma statistic (Pybus and Harvey 2000) and

the beta parameter (Blum and Francois 2006). The gamma

statistic, which is often used to quantify diversification

slowdowns, is derived from the distribution of branching

times across phylogeny. Negative gamma values indicate

that branching times are concentrated near the root, which

points to decelerating diversification (Pybus and Harvey

2000). The beta parameter from the beta-splitting model of

Blum and Francois (2006) evaluates tree imbalance. Posi-

tive beta values indicate that tree topology is more bal-

anced than expected under the Yule model of

diversification whereas negative values indicate tree

imbalance. Distribution of branch lengths within individual

trees was characterized by skewness and kurtosis. These

statistics described spread, variation and bias of the branch-

length distributions.

I calculated the above described metrics (gamma, beta,

skewness, kurtosis) for all the simulated and empirical

phylogenies (McPeek 2008). Distributions of all four

metrics were then plotted and visually inspected. Since the

metrics were not normally distributed, non-parametric

Kruskal–Wallis test was used for their comparison. My

simulations and analyses were performed using original

(most importantly make.quasse, foreach) and modified

(birthdeath.tree) functions from the ‘R’ packages ape, ap-

Treeshape, diversitree, foreach, and geiger (Paradis et al.

2004; Bortolussi et al. 2006; Harmon et al. 2008; FitzJohn

2012; Weston 2013; R Development Core Team 2012).

Results

In sum, CR estimators successfully detected trait-driven

diversification in most of the analyses. Significant corre-

lation between diversification rate and trait values was

recovered across all the examined strengths of negative

diversity dependence (Fig. 2, Fig. S1). Similar conclusions

were supported whether clade age correlated with clade
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diversity or not (Fig. 2, Fig. S1). Moreover, the labile and

the conservative trait produced highly consistent outcomes.

Results for the labile trait are presented in the main text

while those for the conservative trait were placed to the

Supplementary material. Strength and significance of the

detected correlations tended to diminish with increasing

diversity dependence (Fig. 2, Fig. S1).

CR estimators reported spuriously significant results

with 4.817 % frequency so that their Type I error was close

to the commonly used 5 % threshold (Table 1, Table S1).

Acceptable Type I error was further supported by analyses

of the reduced dataset (100 trees, each with 10 clades) even

though CR estimators often failed to detect trait-driven

diversification in this case (high Type II error) (Table 2,

Table S2). Type II error decreased with the number of

clades analyzed with reasonably strong tests emerging for

[20 clades (Fig. 3, Fig. S2). In contrast to CR estimators,

QuaSSE successfully uncovered present trait-dependent

diversification in the reduced dataset (low Type II error)

but reported spuriously significant results under declining

diversification (high Type I error &15 %) (Table 2, Table

S2). Taken together, QuaSSE performed better when

applied to phylogenies without diversification slowdowns

while CR estimators returned more conservative results

under decelerating diversification.

Sizes of the simulated phylogenies followed a log-normal

distribution with the mean phylogeny size being 61 species

(interquartile: 15–82 species). Phylogenies with several

hundred species ([200 species) were represented as well but

less frequently (8 % of the phylogenies). This generally
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Fig. 2 The detected

correlations between inferred

diversification rates and mean

trait values. Under all the

strengths of negative diversity

dependence (c0 = 0,

c1 = -0.001, c2 = -0.002,

c3 = -0.004, c4 = -0.008,

c5 = -0.02), CR estimators

successfully uncovered the

underlying correlations. Results

are plotted separately for

phylogenies (a) where clade age

positively correlates with clade

richness (b) where clade age

and richness are decoupled.

Interestingly, the results are

virtually the same in both

categories. Threshold of

p = 0.05 is indicated by the

horizontal gray line

Table 1 Rates of Type I error calculated for CR estimators

Strength of diversity

dependence

c parameter Type I error

c0 0.000 0.050

c1 -0.001 0.051

c2 -0.002 0.050

c3 -0.004 0.042

c4 -0.008 0.046

c5 -0.020 0.049

These results are based on the full simulated dataset (300,000 phy-

logenies) and indicate that CR estimators report spuriously significant

relationships in & 5 % of the analyzed cases. The rate of Type I error

is therefore consistent with the commonly used threshold (p = 0.05)

and, importantly, does not increase even under decelerating diversi-

fication (c1–c5)
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corresponds to the distribution of sizes of commonly pub-

lished species-level phylogenies (McPeek 2008; Morlon

et al. 2010). Moreover, distributions of the gamma statistic,

the beta parameter, skewness, and kurtosis from empirical

and simulated phylogenies were highly congruent (Fig. 4,

Fig. S3). Kruskal–Wallis test did not detect any significant

difference between the distributions of these four metrics

(Table 3, Table S3). Therefore, sizes, topologies and branch-

length distributions of the simulated phylogenies seem to

realistically approximate empirical data.

Discussion

My simulations suggest that CR estimators can assess

whether a trait affects diversification even when the

diversification itself is negatively diversity dependent.

Interestingly, meaningful results were recovered whether

clade age correlated with clade diversity or not. In com-

parison to QuaSSE, CR estimators seem to offer simpler

but more robust inference especially when diversification

decelerates. Still, their results need to be interpreted cau-

tiously when the number of analyzed clades is small (B20;

Table 2, Fig. 3, Fig. S2) due to elevated Type II error.

Knowing the strengths and weaknesses of available meth-

ods, we can now make more informed decisions regarding

our data analyses.

My simulation procedure entailed some assumptions

that need to be considered. For example, I assumed that

extinction rates are invariable and traits evolve following

the Brownian motion model. Although this simulation

approach is common in diversification studies (Paradis

2005; Bokma 2008b; FitzJohn 2010), shifting extinction

rates and complex trait evolution might suppress statistical

power of CR inference.

Therefore, CR estimators may be used to test simple

hypotheses without complicated trait-diversification

dynamics. Such hypotheses may still be highly appealing:

Is diversification faster in warmer climates (Ricklefs 2006;

Wiens et al. 2006; Jansson and Davies 2008)? Does

diversification rate decline from clades with narrow eco-

logical niches to generalist clades, or vice versa (Good-

Avila et al. 2006; Nylin and Wahlberg 2008; Schnitzler

et al. 2011)? Which quantitative traits accelerate diversi-

fication and which suppress it (Davies et al. 2004; Klak

et al. 2004; Hunt et al. 2007)? These and many other rel-

evant hypotheses are reviewed and discussed by Jablonski

(2008). My results here corroborate that CR estimators

offer a simple but robust inferential framework for

addressing such questions, even when the analyzed

Table 2 Comparison of CR estimators with QuaSSE based on the reduced dataset (100 trees)

Strength of diversity

dependence

c parameter Type I error Type II error

CR estimators QuaSSE CR estimators QuaSSE

c0 0.000 0.05 \0.01 0.62 0.13

c1 -0.001 0.03 0.09 0.66 0.14

c2 -0.002 0.05 0.12 0.67 0.16

c3 -0.004 0.06 0.15 0.80 0.25

c4 -0.008 0.05 0.18 0.77 0.55

c5 -0.020 0.05 0.20 0.84 0.73

Rates of Type I and Type II error were calculated for both CR estimators and QuaSSE under constant diversification (c0) and diversification

slowdowns of increasing strengths (c1–c5). QuaSSE outperforms CR estimators under constant diversification. However, when diversification

decelerates, CR estimators yield more conservative results and their Type I error stays at the 5 % threshold
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Fig. 3 Type II error associated with CR inference tends to decline

with the number of clades analyzed. Similar trends emerge under all

the examined strengths of diversification slowdowns (c0 = 0, c1 =

-0.001, c2 = -0.002, c3 = -0.004, c4 = -0.008, c5 = -0.02).

When the number of clades entering CR analysis is small (\20

clades), statistical power to detect present trait-diversification depen-

dence may be limited. Under such circumstances, CR estimators can

detect only strong relationships, thus yielding conservative tests
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phylogeny shows decelerating diversification (Fig. 2,

Fig. S1). CR estimators may prove convenient for analyses

of accelerating diversification as well. Being a mirror

image to slowdowns, accelerations are too defined by

biased branching times; the bias merely pulls toward the

tips of a phylogeny instead of its root. Since CR estimators

proved robust toward branching time biases, they may be

suitable not only for taxa showing diversification declines

but also accelerations or frequent shifts between the two

(Davies et al. 2004; Hunt et al. 2007).

For inference more refined than CR estimators can

supply, many other methods have been developed. The

simple birth–death model (Nee et al. 1994) was extended to

incorporate variation of speciation and extinction rates in

time (Rabosky 2006; Rabosky and Lovette 2008; Morlon

et al. 2010; Silvestro et al. 2011; Stadler 2011) and between

clades (Alfaro et al. 2009; Moore and Donoghue 2009;

Rabosky 2010a). Some of the methods allow correcting for

incomplete taxon sampling as well (Bokma 2008a; Stadler

2009, 2011; Morlon et al. 2010; Hohna et al. 2011).
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Fig. 4 Topologies and branch-length distributions of simulated and

real phylogenies appear highly congruent in terms of gamma, beta,

skewness, and kurtosis. My simulations therefore seem to sufficiently

approximate empirical data. For a more quantitative comparison of

these distributions, see Table 3

Table 3 Kruskal-Wallis test did not detect any significant difference

between the distributions of gamma, beta, skewness, and kurtosis of

simulated and empirical phylogenies (see Fig. 4)

Tree statistic KW Chi squared df p

Gamma 2.556 1 0.109

Beta 0.195 1 0.659

Kurtosis 2.909 1 0.088

Skewness 3.473 1 0.062

The simulated phylogenies thus appear realistic in terms of their

slowdowns, imbalance and branch-length distributions
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Many of these extensions, however, come at the price of

additional assumptions or inference limitations (Ricklefs

2007; Bokma 2008a; Silvestro et al. 2011). For example,

correcting for missing species is possible only under the

questionable assumption of random sampling (Paradis

2004; Ricklefs 2007; Moore and Donoghue 2009; Stadler

2009, 2011; Morlon et al. 2010; Silvestro et al. 2011).

Complex diversification models are more realistic but

might require much larger phylogenies to return conclusive

results (Bokma 2008b; Alfaro et al. 2009; Moore and

Donoghue 2009; FitzJohn 2010; Silvestro et al. 2011;

Stadler 2011). Moreover, refined inference may be com-

putationally expensive and virtually impossible without

supercomputers and advanced programming (e.g. the

QuaSSE analyses presented here expended several years of

CPU time).

In contrast, CR inference makes minimal assumptions

and seems reasonably robust against their violation (e.g. as

compared to QuaSSE) (Tables 1, 2; Fig. 2). It imposes few

restrictions on the input data so that readily available

information on clade age, clade diversity, and traits can be

utilized to test basic hypotheses even when a comprehen-

sive phylogeny is missing. Since biological data are often

incomplete, such methods seem particularly important for

first exploratory analyses. Thanks to their fast calculations,

CR analyses are possible even for massive phylogenetic

and trait datasets, allowing broader inference. Even though

the resultant conclusions will be necessarily tentative, they

may still facilitate our understanding of the diversification

process and generate targeted hypotheses for future studies.

Once detailed complete phylogenies exist, previous con-

clusions can be further tested and refined using QuaSSE.

Even though QuaSSE does not accommodate slowdowns

now, it may be extended to account for diversity-dependent

diversification in future. Inferential flexibility of QuaSSE

allows, for example, to first estimate the gamma statistic

(Pybus and Harvey 2000) and then adjust the fitted speci-

ation and extinction functions correspondingly. Very sim-

ilar conclusions should apply to BiSSE (Maddison et al.

2007), whose inferential structure corresponds to QuaSSE

aside from the fact that traits are allowed to vary along a

discrete rather than continuous scale. Both simple and

advanced methods therefore have their strengths and

weaknesses whose relative weights may change with the

data and hypotheses at hand.

Importantly, CR inference and QuaSSE seem to respond

differently to slowing diversification even though both

make similar rate constancy assumptions. Specifically, CR

inference may produce higher Type I and Type II errors

than QuaSSE when clades diversify at a constant rate.

Under decelerating diversification, however, QuaSSE tends

to report spuriously significant results, which is not the case

with CR inference (Table 2, Table S2). Consequently,

QuaSSE performs better when applied to phylogenies

without slowdowns while CR estimators return relatively

robust results whether diversification decelerates or not.

These differences between QuaSSE and CR inference,

which have not been explored before, seem highly impor-

tant given that slowing diversification has been recently

reported for numerous taxa (McPeek 2008; Phillimore and

Price 2008; Morlon et al. 2010; Etienne et al. 2012).

Indeed, CR inference may not yield meaningful results

under all circumstances. For example, heterogeneous

slowdowns or diversity saturation can impair CR analysis

(Rabosky 2009a, 2010b; see also Maddison 2006; Paradis

2008). Interestingly, slowdowns may also result when a

trait directionally evolves toward values which suppress

speciation or promote extinction. Conversely, diversifica-

tion rates accelerated by directional trait evolution can

mask background slowdowns. Under these conditions,

separating trait- and diversity-dependence might be chal-

lenging even with refined statistical inference. Apart from

these special cases, CR estimators seem to recover rea-

sonably reliable results for most species-level phylogenies

of common sizes, topologies and branch length distribu-

tions (sensu McPeek 2008) (Tables 1, 2; Fig. 2). Potential

errors might also arise when trait evolution departs from

the Brownian motion model. In that case, branch lengths of

the analyzed phylogeny may be transformed to mitigate the

resultant bias (see Gittleman and Kot 1990; Freckleton

et al. 2002; Blomberg et al. 2003; Butler and King 2004).

Some of my secondary, yet curious, findings relate to the

correlation between clade age and richness, an issue of

considerable interest in current diversification research

(Ricklefs 2007; Rabosky 2009a, b; Wiens 2011). It has

been suggested that the lack of correlation between clade

age and richness might indicate diversification slowdowns

caused by ecological limits on clade diversity (Sepkoski

1998; Mittelbach et al. 2007; Rabosky 2009a). This has

been shown for many higher taxa (e.g. avian tribes,

mammalian orders, teleost fish orders, plant families)

(Rabosky 2009b, 2010b; Vamosi and Vamosi 2010), but

species-level phylogenies analyzed here (similar to those

from McPeek 2008) suggest that correlation between clade

age and richness might not necessarily indicate slowing

diversification. Specifically, clade age and richness were

decoupled in some of the phylogenies simulated without

diversity dependence (category c0 in Fig. 2b) and, vice

versa, clade age and richness correlated in a number of

phylogenies where diversification decelerated (categories

c1–c5 in Fig. 2a; Fig. S1 shows similar results). Contrary to

some previously published work (Rabosky 2009a, b;

Rabosky et al. 2012, but see Morlon et al. 2010), these

findings suggest that information on clade age and richness

might not be sufficient to diagnose clade saturation

potentially induced by ecological limits.
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In summary, CR inference can help us take advantage of

the readily available data on clade age, clade diversity, and

traits to draw conclusions about the diversification process.

The obtained conclusions may be tentative but potentially

sufficient to address simple and appealing diversification

hypotheses. Refined tests are possible with QuaSSE, but

their results need to be interpreted cautiously under slow-

ing diversification. Rather than favoring one method over

another, we may use either under those circumstances that

play to its particular strengths. While simple methods allow

limited but robust inference with incomplete data, refined

analyses may provide further necessary details assuming

that all their assumptions are satisfied and comprehensive

phylogenies are available. Surprisingly, similar differences

between competing diversification methods are rarely

emphasized or explicitly tested, and many inferential

frameworks have never been examined beyond the paper

where they were introduced (Pennell et al. 2012). To fur-

ther the field of diversification analysis, we need to develop

new methods but also learn how to efficiently use those that

already exist.
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