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afarensis: Where do we stand?, Yearb. Phys. An-
thropol., 45:185–215, 2003; B. Wood, A precious lit-

tle bundle, Nature, 443:278–281, 2006; J. G. Wynn

et al., Geological and palaeontological context of a

Pliocene juvenile hominin at Dikika, Ethiopia, Na-
ture, 443:332–336, 2006.

Inferring patterns of diversification
Episodes of prolific cladogenesis (branching of new

taxa from common ancestral lineages), adaptive ra-

diation (divergence of a species or single ancestral

type into several forms that are each adaptively spe-

cialized for a specific environmental niche), species

selection (the process responsible for the prolifera-

tion of species that have lower extinction and higher

speciation rates), key innovations, and mass extinc-

tions are a few examples of evolutionary phenomena

involving differential rates of diversification (speci-
ation minus extinction rate). Although traditionally

based on patterns of fossil diversity chronicled in the

paleontological record, the study of diversification

increasingly relies upon information from phyloge-
netic analyses of extant species (estimates of evolu-

tionary relationships that collectively comprise the

Tree of Life). Tremendous technical progress in the

generation of molecular sequence data and parallel

theoretical, methodological, and computational ad-

vances in the analysis of those data have wrought

an exponential increase of ever more reliable phylo-

genetic trees. Depending on the nature of the data

and methods of analysis, phylogenetic trees can pro-

vide two sources of information relevant to the infer-

ence of diversification rates (Fig. 1): topological dis-

tribution of species diversity across branches of the

tree and temporal distribution of branching events

through time. These phylogenetic observations can

be compared to expectations generated under vari-

ous null models to explore numerous evolutionary

phenomena.

Stochastic models. Diversification is an inherently

stochastic (random) process: over a given time in-

terval, two lineages with the same underlying prob-

ability of diversification may nevertheless possess

substantially different rates of diversification. It is

therefore necessary to compare our phylogenetic

observations (on the topological distribution of

species diversity or temporal distribution of branch-

ing events) to expectations generated by an appro-

priate stochastic branching model. Several statistical

models have been proposed (see table). Most are

stochastic Markov processes that model lineage ex-

tinction, μ, and/or speciation, λ, as instantaneous

events that occur in continuous time with equal and

independent probability along any tip of the grow-

ing tree. (In general, a stochastic Markov process as-

sumes that in a series of random events the proba-

bility of an occurrence of each event depends only

on the immediately preceding outcome.) During a

brief interval �t, every tip of the tree will speciate

with probability λ(t)�t and go extinct with probabil-

ity μ(t)�t, such that λ(t) and μ(t) are lineage-specific

rates of speciation and extinction. The Markov family

of branching processes includes four common mod-

els of increasing complexity:

1. The constant-rate pure-birth model (or Yule
model) assumes a constant speciation rate and a zero

extinction rate.

2. The generalized pure-birth model (or equal-
rates Markov model) allows the speciation rate to

vary through time, but assumes a zero extinction

rate.

3. The constant-rate birth-death model assumes

constant and nonzero rates for both speciation and

extinction, provided that the net diversification rate

is positive.
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Fig. 1. Phylogenetic trees can provide two sources of
information for the study of diversification rates. Both the
upper and lower trees specify identical evolutionary
relationships among species a through i. However, the
lengths of branches may be arbitrary (as in A) or drawn to
reflect the (absolute or relative) timing of branching events
(as in B). Two corresponding classes of methods have been
developed. Topological (also referred to as tree-balance)
methods rely exclusively on the species diversity of
lineages descended from a common node in the tree. By
contrast, temporal (also referred to as tree-shape) methods
exploit estimates of the waiting times between speciation
events in the tree.
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Common stochastic branching process models used in the study of diversification rates

Family Model Parameters Comments

Markov Generalized birth-death λ(t), μ(t) All Markov models assume speciation and extinction
events are instantaneous, and that, even when λ(t)
and/or μ(t) may vary through time, they are
nevertheless constant across every tip of the tree at
any instant.

Constant-rate birth-death λ(t) = λ, μ(t) = μ, λ ≥ μ Behavior of this model is well characterized
mathematically.

Generalized pure-birth λ(t), μ(t) = 0 Also referred to as the equal-rates Markov model.
Equivalent to the constant-rate pure-birth model when

temporal information is ignored.
Constant-rate pure-birth λ(t) = λ, μ(t) = 0 Also referred to as the Yule model.

Equivalent to the generalized pure-birth model when
temporal information is ignored.

Most commonly used model owing to its tractable
mathematical properties and convenient simplifying
assumptions.

Non-Markov Peripatric∗ pure-birth λ(t), π All non-Markov models relax the assumption that
speciation and extinction events occur
instantaneously. Consequently, expectations may
differ substantially from Markov models.

Explicitly models diversification by peripheral isolates
speciation.

More realistic, but seldom used owing to difficulty in
reliable estimation of the refractory period
parameter, τ .

Allopatric∗ pure-birth λ(t), τ Explicitly models diversification by allopatric/vicariant
speciation.

More realistic, but seldom used owing to difficulty in
reliable estimation of the refractory period
parameter, τ .

∗Allopatric speciation = Differentiation of populations in geographical isolation to the point where they are recognized as separate species. Peripatric
speciation = A special version of allopatric speciation that occurs when one of the isolated populations has few individuals.

4. The generalized birth-death model permits spe-

ciation and extinction rates to vary through time.

Although less commonly used, non-Markov mod-

els are perhaps more realistic, in that they allow the

process of diversification to have memory, as might

arise, for example, when speciation events are fol-

lowed by a refractory period in which newly formed

species reestablish their geographic range or effec-

tive population size.

Stochastic branching models are central to both

hypothesis testing and parameter estimation. Al-

though our current focus is on the use of these mod-

els for generating expected (null) distributions, nu-

merous approaches have also been developed that

allow various diversification-rate parameters to be

estimated from phylogenetic trees with an absolute

time scale. For example, maximum-likelihood ap-

proaches (statistical techniques for which the like-

lihood distribution is so maximized as to produce

an estimate to the random variables involved) can

be used to fit the observed distribution of branching

times to a constant-rate birth-death model to estimate

rates of speciation and extinction.

Fundamental questions. Although differential rates

of diversification are associated with myriad evo-

lutionary phenomena, the study of these diverse

processes ultimately entails a limited number of fun-

damental inference problems for which phylogeny-

based methods have been developed.

Detecting variation in diversification rates across lineages. This

inference problem addresses the question, “Have lin-

eages diversified under significantly different rates?”

Detecting significant variation in rates of diversifi-

cation has been used to investigate the prevalence

of different modes of diversification (including adap-

tive radiation) in samples of estimated phylogenies,

and also to evaluate whether a particular phyloge-

netic tree satisfies the assumptions of other inference

methods (for example, for identifying diversifica-

tion rate shifts through time; see below). In general,

methods for detecting significant diversification rate

variation involve statistics that variously summarize

relevant aspects of the topological or temporal phylo-

genetic information. The value of the statistic is first

calculated for the study tree. Monte Carlo simulation

(a method that obtains a probabilistic approxima-

tion to the solution of a problem by using statistical

sampling techniques) is then used to generate a null

distribution of the statistic; this involves repeatedly

simulating trees equal in size to the study tree under

a stochastic model in which the probability of diver-

sification is equal across all lineages (for example, the

constant-rate pure-birth model). The statistic is cal-

culated for each simulated tree, and resulting values

collectively comprise a null distribution of the statis-

tic against which the observed value can be com-

pared to estimate the probability that all lineages in

the study tree diversified under stochastically con-

stant rates.

Locating shifts in diversification rate along branches. This

second inference problem addresses the question,

“Along which branches have significant changes in

diversification rate occurred?” Locating significant

shifts in diversification rate along branches of a tree

has been used to investigate the influence of intrinsic
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traits (key innovations, such as morphological, be-

havioral, or physiological novelties) and incidence

of extrinsic events (key opportunities, such as the

dispersal of continental lineages to oceanic islands).

Relatively few methods have been developed to ad-

dress this inference problem. One method, the rel-

ative cladogenesis statistic, relies on temporal infor-

mation to identify the set of k ancestral lineages that

were contemporaneous at some arbitrary point in

the past, tk, that collectively gave rise to N extant

species. The observed distribution of extant species

diversity in each of the k ancestral lineages can be

compared to the expected distribution generated

under a stochastic branching model in which the un-

derlying probability of diversification is equal among

the set of lineages. Identification of an anomalously

diverse lineage indicates that it diversified at a signifi-

cantly higher rate than its contemporaries. The statis-

tic can be evaluated over the entire duration of the

tree (that is, by integrating tk over the interval from

the first to the last branching event) to assess the

probability of a significant diversification rate shift

along all internal branches.

Exploring the association between traits and rates of diversi-

fication. This third inference problem addresses the

question, “Are rates of diversification significantly

correlated with a particular organismal trait?” Identi-

fying traits that are correlated with differential rates

of diversification is critical to testing key innovation

hypotheses, in which an evolutionary novelty is hy-

pothesized to have promoted lineage diversification.

Putative key innovations are typically morphological

traits, but may also involve other biological attributes

(associated with changes in ecology, physiology, be-

havior, etc.). Methods have been developed for both

qualitative traits that occur in two or more discrete

states and quantitative traits that exhibit a continuous

number of states. These methods generally entail es-

timating the evolutionary history of the putative trait

(Fig. 2). A statistic is then calculated that reflects the

association between the inferred trait history and di-

versification rate. One such statistic, δ, provides a test

of key innovations with two discrete states, i and j.
The diversification rate is calculated for lineages in

the study tree that possess alternate states of the trait,

λi and λj, and the statistic is simply given by the dif-

ference between the state-specific rates, δ = (λi − λj).

A null distribution of this statistic is then generated

by repeatedly simulating branching times for nodes

in the study topology using a stochastic branching

model in which the diversification rate is not corre-

lated with the evolutionary history of the trait. The

δ statistic is calculated for each simulated tree, and

these values collectively comprise the null distribu-

tion against which the observed value is compared to

determine the probability that the trait is correlated

with a significantly elevated diversification rate.

Identifying shifts in diversification rate through time. This

fourth inference problem addresses the question,

“Have rates of diversification significantly changed

over time?” Detecting significant temporal shifts in

diversification rate has been used to study the impact

of extrinsic events that might simultaneously influ-
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Fig. 2. Exploring association between organismal traits
and rates of diversification. A hypothetical phylogenetic
tree for species a through i includes estimates of the
(absolute or relative) timing of branching events. The trait
under consideration exhibits two discrete states, gray and
black. Circles adjacent to the tips indicate the observed
states in the extant species, and branches of the tree have
been shaded to reflect the inferred evolutionary history of
this trait. The key innovation hypothesis posits that the
evolution of the black state promoted rates of
diversification, which can be tested by means of a statistic
that reflects the difference in state-specific rates of
diversification.

ence rates of diversification in all lineages of a study

tree (for example, the onset of Pleistocene glacia-

tions might uniformly have impacted rates of diver-

sification in temperate groups). Establishing whether

a particular tree has diversified under stochastically

constant rates is also necessary to use other inference

methods (for example, methods for estimating pa-

rameters of constant-rate branching process models

assume that rates have not changed over time). Sev-

eral methods have been developed to identify tem-

poral shifts in diversification rate. For example, the

constant-rate test relies on a statistic, γ , that summa-

rizes the relative distance of branching events from

the root of a tree. The γ statistic is first calculated for

the study tree: values of γ < 0 indicate that branching

events are clustered near the root (that is, rates have

decreased through time), whereas values of γ > 0

indicate that branching events are concentrated to-

ward the tips of the tree (that is, rates have increased

through time). The observed value may then be com-

pared to a null distribution of the γ statistic gen-

erated by Monte Carlo simulation under a stochas-

tic branching model in which diversification rates

are constant through time. All methods for detecting

shifts in diversification rate through time require that

rates of diversification across lineages are stochasti-

cally constant, which can be ascertained with the

methods described previously.

Outlook. Our ability to address these fundamental

questions about diversification is currently unprece-

dented. The profusion of phylogenetic research

and the continuing development of phylogeny-based

methods have profoundly transformed our capacity

to discover the historical patterns and understand

the processes of biological diversification.
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For background information see BIODIVERSITY; EX-

TINCTION (BIOLOGY); MACROEVOLUTION; ORGANIC

EVOLUTION; PHYLOGENY; SPECIATION; SPECIES CON-

CEPT; STOCHASTIC PROCESS in the McGraw-Hill Ency-

clopedia of Science & Technology. Brian R. Moore

Bibliography. B. R. Moore, K. M. A. Chan, and M. J.

Donoghue, Detecting diversification rate variation in

supertrees, pp. 487–533 in O. R. P. Bininda-Emonds

(ed.), Phylogenetic Supertrees: Combining Infor-
mation to Reveal the Tree of Life, Kluwer Aca-

demic, Dordrecht, the Netherlands, 2004; S. Nee,

Birth-death models in macroevolution, Annu. Rev.
Ecol. Evol. System., 37:1–17, 2006; S. Nee, Infer-

ring speciation rates from phylogenies, Evolution,

55:661–668, 2001; D. Rabosky, Likelihood methods

for inferring temporal shifts in diversification rates,

Evolution, 60:1152–1164, 2006; R. H. Ree, Detect-

ing the historical signature of key innovations using

stochastic models of character evolution and clado-

genesis, Evolution, 59:257–265, 2005.

Integrated nanosensors
Integrated nanosensors are nanostructured systems

in which several sensors of different types, includ-

ing those sensitive to optical, magnetic, chemical, or

biological stimuli, have been integrated on a single

platform (Fig. 1). Integrated nanosensors are the sub-

ject of interdisciplinary research involving materials

scientists, physicists, chemists, biologists, and engi-

neers. The driving force behind the development of

integrated nanosensors is the diverse range of appli-

cations (including the detection of explosives, gas-

phase toxins, pathogens in food products, and so

forth) and the development of sensitive biosensors

(DNA, proteins, bacteria, neurons, and so forth).

Feynman’s vision. It is generally accepted that a vi-

sionary discussion by Richard P. Feynman in 1959 of

the problems and promise of miniaturization consti-

tuted the starting point for the new field that today

is called nanotechnology. The spirit of this discus-

sion was embodied in his statement: “I will not now

discuss how we are going to do it, but only what is

possible in principle—in other words, what is possi-

ble according to the laws of physics.”

Nanoscale engineering is being applied to the

miniaturization of the current generation of sen-

sors and the creation of entirely new classes of

sensors. The ability to manufacture a sensor’s

components—including power supply, sensing re-

ceptor, and transmitter—at a fraction of traditional

sizes will allow sensors to be much smaller and

thus much more easily incorporated into the envi-

ronment for a broadening range of sensing applica-

tions. Nanoscale engineering could also improve the

sensing element itself, which would be particularly

important since shrinking the sensor size would also

decrease the area of the sensor available for detec-

tion.

Use of nanoparticles. There are two kinds of

nanosensors: nanoparticle sensors, which are in-

tended to detect and study nanoparticles, and

nanoparticle-based detector systems, which rely on

the formation of nanoparticles that have been devel-

oped as sensing species. Nanoparticles are unique

tools as sensors for three reasons.

First, nanoparticles are similar in size to many pro-

teins. This is part of the reason they can operate

well inside cells. The sensors, which can detect a

wide variety of proteins, could serve as a tool for di-

agnosing diseases like cancer by identifying the mal-

formed proteins made by sickly cells. For instance,

gold nanoparticles with attached fluorescent dyes

have been developed by V. Rotello and his team to

detect specific proteins. Depending on its shape, a

particular protein molecule stimulates certain sen-

sors to release their dye and glow. By analyzing the

pattern of glowing, the researchers can identify the

protein.

Second, nanoparticles possess unique physical

characteristics with sensitivities orders of magnitude

better than conventional devices and provide such

performance advantages as fast response and porta-

bility. For example, N. J. Halas and her collaborators

fabricated nanoshells and nanorice, which consist

of nonconducting cores that are covered by metal-

lic shells. (Nanorice consists of prolate spheroidal

nanoparticles that resemble grains of rice and have

dielectric cores and metallic shells.) Nanoshells

are about 10,000 times more effective at surface-

enhanced Raman scattering (SERS) than traditional

systems. Nanoshells provide an opportunity to de-

sign all-optical nanoscale sensors—essentially new

molecular-level diagnostic instruments—that could

detect as little as a few molecules of a target sub-

stance.

Third, nanoparticles have unique physical prop-

erties that do not exist in bulk materials. For exam-

ple, the optical response of gold colloidal nanoparti-

cles (5–20 nm in size) is characterized by a localized

fluidic circuit

guided-wave free-space

physical 
sensors

gas/chem
sensors

electronics (communication, powering)

aqueous
bio/chem sensors

optics optics

Fig. 1. Scheme of an integrated nanostructured supersensor. (From
http://nanosensors.ucsd.edu/Introduction.htm, courtesy of I. K. Schuller)




