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The coalescent
Assume equilibrium number of infecteds.  Call this equilibrium N.
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The coalescent

Assumes that i ≪ N
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Changing population size

that heterochronous samples taken from a population
should be measurably evolving. This expectation has
recently been used to challenge the validity of claims of
successful isolation of DNA from exceptionally ancient
sources of bacteria [37,38].

Previously, phylogenetic calibrations of the rate of
evolution within species have not been possible because
of the difficulty in assigning fossils to specific lineages
at this taxonomic level. As a result, most estimates of
the rate of molecular evolution have been at the level
of genera or higher. Independent estimates based on
ancient DNA will not only give us a more detailed
picture of variation in evolutionary rates across species
and populations, but will also help test the validity of
recent methods designed to estimate the variation in
rates across lineages [16,20–22].

Measuring the evolution of RNA viruses
As a group, RNA viruses encompass such well known
pathogens as HIV, influenza and foot and mouth disease,
and are characterized by populations that continuously
generate huge numbers of mutations owing to their large
numbers, very short generation times and the error-prone
nature of their replication machinery [39,40]. Some of
these mutations are carried to fixation by random genetic
drift or by the strong directional selection exerted by host
immune responses, resulting in a very fast rate of
substitution of the order of 1023 substitutions site21 y21

[19]. This rate is a million-fold greater than that observed
in eukaryotes [41], so that samples of RNAviruses showing
measurable evolution can be obtained from short
sequences (,300 nucleotides) sampled over short time
intervals (,1 year). As a consequence of this wealth of

Box 3. The coalescent and measurably evolving populations

Molecular sequences, whether sampled simultaneously or serially
through time, can be used to reconstruct the demographic history of
natural populations. This approach is based on a population genetic
model called the coalescent, introduced by Kingman [8] and
generalized by Griffiths and Tavaré [9]. Although these papers consider
populations sampled at one time point, the coalescent model has been
subsequently extended tomeasurably evolvingpopulations byRodrigo
and Felsenstein [46].

The coalescent describes the relationship between the demographic
history of a large population and the shared ancestry of individuals
randomly sampled from it, as represented by a genealogical tree. This
tree, in turn, determines the pattern of genetic diversity seen in sampled
sequences (Box 2). Figure I illustrates the shared ancestry of individuals
sampled from constant-sized (a) and exponentially growing popu-
lations (b), respectively. Moving back in time from the present, we
follow the number of lineages in the genealogy in each generation.
This value decreases when two lineages share a common ancestor
(a coalescence event), and increases when sampled individuals are
encountered (a sampling event). Because the probability that a
coalescence event occurs at a particular time is inversely proportional

to the population size at that time, the pattern of observed coalescence
and sampling events can be used to estimate the demographic history
of the population.

The coalescent model provides a probability distribution of times
between the coalescence events in the sample genealogy. This
distribution depends on a demographic function (e.g. constant size,
exponential growth or logistic growth) that describes population-size
change, and the likelihood of this function can be calculated given a
specified genealogy. Hence, the demographic function can be esti-
mated from gene sequences by combining the phylogenetic and
coalescent likelihood functions, as described in Box 4.

The coalescent is a variable process, so it often produces estimates
with large confidence limits. Statistical power is increased by the use of
sequences from multiple unlinked loci (as they represent multiple
independent runs of the coalescent process), or by the use of sequences
sampled at different times. The greater the spread of sampling times of
sequences, the more precise the estimates of population size and
substitution ratewill be [23]. Finally, heterochronous sequences contain
information about mutation rate (Box 2), so the demographic function
can be estimated in calendar time units (generations or years).

Fig. I.

TRENDS in Ecology & Evolution 

(a) (b)

TREE 141

Review TRENDS in Ecology and Evolution Vol.not known No.not known Month 00004

ARTICLE IN PRESS

http://tree.trends.com

that heterochronous samples taken from a population
should be measurably evolving. This expectation has
recently been used to challenge the validity of claims of
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natural populations. This approach is based on a population genetic
model called the coalescent, introduced by Kingman [8] and
generalized by Griffiths and Tavaré [9]. Although these papers consider
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tree, in turn, determines the pattern of genetic diversity seen in sampled
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follow the number of lineages in the genealogy in each generation.
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(a coalescence event), and increases when sampled individuals are
encountered (a sampling event). Because the probability that a
coalescence event occurs at a particular time is inversely proportional

to the population size at that time, the pattern of observed coalescence
and sampling events can be used to estimate the demographic history
of the population.

The coalescent model provides a probability distribution of times
between the coalescence events in the sample genealogy. This
distribution depends on a demographic function (e.g. constant size,
exponential growth or logistic growth) that describes population-size
change, and the likelihood of this function can be calculated given a
specified genealogy. Hence, the demographic function can be esti-
mated from gene sequences by combining the phylogenetic and
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sequences from multiple unlinked loci (as they represent multiple
independent runs of the coalescent process), or by the use of sequences
sampled at different times. The greater the spread of sampling times of
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information about mutation rate (Box 2), so the demographic function
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that heterochronous samples taken from a population
should be measurably evolving. This expectation has
recently been used to challenge the validity of claims of
successful isolation of DNA from exceptionally ancient
sources of bacteria [37,38].

Previously, phylogenetic calibrations of the rate of
evolution within species have not been possible because
of the difficulty in assigning fossils to specific lineages
at this taxonomic level. As a result, most estimates of
the rate of molecular evolution have been at the level
of genera or higher. Independent estimates based on
ancient DNA will not only give us a more detailed
picture of variation in evolutionary rates across species
and populations, but will also help test the validity of
recent methods designed to estimate the variation in
rates across lineages [16,20–22].

Measuring the evolution of RNA viruses
As a group, RNA viruses encompass such well known
pathogens as HIV, influenza and foot and mouth disease,
and are characterized by populations that continuously
generate huge numbers of mutations owing to their large
numbers, very short generation times and the error-prone
nature of their replication machinery [39,40]. Some of
these mutations are carried to fixation by random genetic
drift or by the strong directional selection exerted by host
immune responses, resulting in a very fast rate of
substitution of the order of 1023 substitutions site21 y21

[19]. This rate is a million-fold greater than that observed
in eukaryotes [41], so that samples of RNAviruses showing
measurable evolution can be obtained from short
sequences (,300 nucleotides) sampled over short time
intervals (,1 year). As a consequence of this wealth of

Box 3. The coalescent and measurably evolving populations

Molecular sequences, whether sampled simultaneously or serially
through time, can be used to reconstruct the demographic history of
natural populations. This approach is based on a population genetic
model called the coalescent, introduced by Kingman [8] and
generalized by Griffiths and Tavaré [9]. Although these papers consider
populations sampled at one time point, the coalescent model has been
subsequently extended tomeasurably evolvingpopulations byRodrigo
and Felsenstein [46].

The coalescent describes the relationship between the demographic
history of a large population and the shared ancestry of individuals
randomly sampled from it, as represented by a genealogical tree. This
tree, in turn, determines the pattern of genetic diversity seen in sampled
sequences (Box 2). Figure I illustrates the shared ancestry of individuals
sampled from constant-sized (a) and exponentially growing popu-
lations (b), respectively. Moving back in time from the present, we
follow the number of lineages in the genealogy in each generation.
This value decreases when two lineages share a common ancestor
(a coalescence event), and increases when sampled individuals are
encountered (a sampling event). Because the probability that a
coalescence event occurs at a particular time is inversely proportional

to the population size at that time, the pattern of observed coalescence
and sampling events can be used to estimate the demographic history
of the population.

The coalescent model provides a probability distribution of times
between the coalescence events in the sample genealogy. This
distribution depends on a demographic function (e.g. constant size,
exponential growth or logistic growth) that describes population-size
change, and the likelihood of this function can be calculated given a
specified genealogy. Hence, the demographic function can be esti-
mated from gene sequences by combining the phylogenetic and
coalescent likelihood functions, as described in Box 4.

The coalescent is a variable process, so it often produces estimates
with large confidence limits. Statistical power is increased by the use of
sequences from multiple unlinked loci (as they represent multiple
independent runs of the coalescent process), or by the use of sequences
sampled at different times. The greater the spread of sampling times of
sequences, the more precise the estimates of population size and
substitution ratewill be [23]. Finally, heterochronous sequences contain
information about mutation rate (Box 2), so the demographic function
can be estimated in calendar time units (generations or years).

Fig. I.

TRENDS in Ecology & Evolution 

(a) (b)

TREE 141

Review TRENDS in Ecology and Evolution Vol.not known No.not known Month 00004

ARTICLE IN PRESS

http://tree.trends.com

that heterochronous samples taken from a population
should be measurably evolving. This expectation has
recently been used to challenge the validity of claims of
successful isolation of DNA from exceptionally ancient
sources of bacteria [37,38].
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evolution within species have not been possible because
of the difficulty in assigning fossils to specific lineages
at this taxonomic level. As a result, most estimates of
the rate of molecular evolution have been at the level
of genera or higher. Independent estimates based on
ancient DNA will not only give us a more detailed
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and populations, but will also help test the validity of
recent methods designed to estimate the variation in
rates across lineages [16,20–22].
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immune responses, resulting in a very fast rate of
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measurable evolution can be obtained from short
sequences (,300 nucleotides) sampled over short time
intervals (,1 year). As a consequence of this wealth of
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through time, can be used to reconstruct the demographic history of
natural populations. This approach is based on a population genetic
model called the coalescent, introduced by Kingman [8] and
generalized by Griffiths and Tavaré [9]. Although these papers consider
populations sampled at one time point, the coalescent model has been
subsequently extended tomeasurably evolvingpopulations byRodrigo
and Felsenstein [46].

The coalescent describes the relationship between the demographic
history of a large population and the shared ancestry of individuals
randomly sampled from it, as represented by a genealogical tree. This
tree, in turn, determines the pattern of genetic diversity seen in sampled
sequences (Box 2). Figure I illustrates the shared ancestry of individuals
sampled from constant-sized (a) and exponentially growing popu-
lations (b), respectively. Moving back in time from the present, we
follow the number of lineages in the genealogy in each generation.
This value decreases when two lineages share a common ancestor
(a coalescence event), and increases when sampled individuals are
encountered (a sampling event). Because the probability that a
coalescence event occurs at a particular time is inversely proportional

to the population size at that time, the pattern of observed coalescence
and sampling events can be used to estimate the demographic history
of the population.

The coalescent model provides a probability distribution of times
between the coalescence events in the sample genealogy. This
distribution depends on a demographic function (e.g. constant size,
exponential growth or logistic growth) that describes population-size
change, and the likelihood of this function can be calculated given a
specified genealogy. Hence, the demographic function can be esti-
mated from gene sequences by combining the phylogenetic and
coalescent likelihood functions, as described in Box 4.

The coalescent is a variable process, so it often produces estimates
with large confidence limits. Statistical power is increased by the use of
sequences from multiple unlinked loci (as they represent multiple
independent runs of the coalescent process), or by the use of sequences
sampled at different times. The greater the spread of sampling times of
sequences, the more precise the estimates of population size and
substitution ratewill be [23]. Finally, heterochronous sequences contain
information about mutation rate (Box 2), so the demographic function
can be estimated in calendar time units (generations or years).
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How do coalescent rates relate to 
population dynamics?
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Genetic diversity continually expands
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Take sliding windows and calculate rate of coalescence λ per pair of 
lineages.  Coalescent timescale 1/λ is the inverse of this rate.  How long 
does it take for a pair of lineages to coalesce, on average?

Coalescent timescale 1/λ
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Coalescent timescale 1/λ

gate four HCV strains. HCV types 6 and 4 are
genetically diverse but geographically con-
strained: type 6 is restricted to Southeast Asia
and type 4 is found predominantly in Africa
and the Middle East. In contrast, subtypes 1a
and 1b are less divergent but are distributed
globally (4). For each subtype, E1 and NS5
gene sequences were collated from GenBank
and aligned by hand (Table 1) (22). Phylog-
enies were estimated from the alignments
using a ML approach under the assumption of
a constant rate of nucleotide substitution (23).
In each case, the hypothesis of rate constancy
was tested (24).

Table 1 reports the ML estimates of N(0),
r, and c, with approximate confidence inter-
vals (CIs), obtained from each HCV data set.
CIs for estimates of r are considerably small-
er than those for N(0) and c (25). Figure 1
represents these estimates graphically, and
compares them with a nonparametric esti-
mate of N(t) (26). For each subtype, the E1
and NS5 results are similar, and our model
appears to fit the demographic signal in the
data well.

There are significant differences in epi-
demic history among the HCV strains. Sub-
types 1a and 1b seem to have originated
about 100 years ago, whereas types 4 and 6
appear to be much older, having arisen about
350 and 700 years ago, respectively (Fig. 1).
The growth rates of subtypes 1a and 1b dur-
ing the last 100 years are considerably greater
than those of types 4 and 6, providing con-
firmation of a recent and rapid spread of
subtypes 1a and 1b, in contrast to a long
period of localized endemic infection for
types 4 and 6 (5, 6).

Types 4 and 6 appear to have reached equi-
librium prevalence some time in the past,
whereas subtype 1b’s growth rate decreased
only very recently and subtype 1a is still expo-
nentially growing at the present (Fig. 1). These
observations reflect the different modes of
transmission that characterize the four strains.
The recent and swift global dissemination of
subtypes 1a and 1b is largely the result of their
effective transmission through modern contact
networks, specifically, injecting drug use (IDU)
and infected blood products. Subtype 1b trans-
mission is more commonly associated with
blood transfusion and hemodialysis, suggesting
improved blood screening as the cause of its
recent growth rate decrease (2), whereas sub-
type 1a is most strongly linked to IDU (27–32).
These results corroborate epidemiological sur-
veys, which indicate a decrease in the preva-
lence of subtype 1b relative to subtype 1a
through time (27–32). In contrast, type 4 and
type 6 HCV infections in less developed re-
gions are often “community acquired” by a
variety of undefined social and domestic routes
(2, 33, 34), explaining the earlier spread and
lower growth rates observed for these strains.

Estimates of R0 can be obtained straight-

forwardly using the relation R0 ! rD " 1
(Eq. 2). Figure 2 displays estimates of R0 for
each subtype under a range of plausible D (2,
35). For each D, the R0 values of subtypes 1a
and 1b are significantly higher than those of
types 4 and 6. Integrating uniformly across
this range and averaging the E1 and NS5
results, we obtain the following point esti-
mates of R0: 2.93 for subtype 1a, 2.67 for
subtype 1b, 1.68 for type 4, and 1.21 for type
6. Because there is little reason to believe D
varies substantially among strains, the ob-
served differences in R0 probably result from
differences in the transmission parameters
that collectively define B. These differences
most likely arise from the association of sub-
types with specific transmission routes. This
conclusion is strengthened by two observa-
tions: (i) types 4 and 6 can spread quickly if

they enter efficient contact networks (36–39)
and (ii) in the absence of such networks,
HCV type 1 in West Africa shows evidence
of long-term endemic infection (7). Howev-
er, the possibility of viral genetic variability
in infectiousness among subtypes should not
yet be discounted entirely (40).

Extrapolating our estimates into the near
future, it is clear that, in terms of new infec-
tions, subtype 1a poses the greatest threat to
public health. Subtype 3a, which was not
included in our analysis, is also strongly
linked to IDU and may pose a similar risk
(27–32). Furthermore, we can use our esti-
mates of R0 to predict that the eventual equi-
librium prevalence of subtype 1a will be
#65%. This value is not unrealistically high
because it represents prevalence within the
subtype 1a risk group rather than within the

Fig. 1. Maximum likelihood estimates of N(t), the effective number of infections through time, for
each HCV data set (black curves) (17). The gray, stepwise plots represent corresponding nonpara-
metric estimates of N(t) (26). Genetic distances were transformed into a time scale of years using
estimates of E1 and NS5 nucleotide substitution rates (20). These plots are point estimates of N(t)
and, thus, contain no information about uncertainty in N(0), r and c (Table 1) or $ (20).

R E P O R T S

22 JUNE 2001 VOL 292 SCIENCE www.sciencemag.org2324

Pybus et al. (2001)

HCV subtype 1a HCV subtype 1b



Coalescent timescale 1/λ

The timescale of coalescence is equal to
1

�
=

Ne⌧

2
where

Ne is measured in generations and τ is measured in years per 
generation.  The factor of 1/2 comes from the variance in 
reproductive count per generation in a model with overlapping 
generations.



Generation time τ
Generation time or serial interval is the time between successive 
infection events in the chain of transmission .  As susceptibles are 
depleted, serial interval increases.
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Coalescent models with population dynamics

Inference for Nonlinear Epidemiological Models Using
Genealogies and Time Series
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Abstract

Phylodynamics - the field aiming to quantitatively integrate the ecological and evolutionary dynamics of rapidly evolving
populations like those of RNA viruses – increasingly relies upon coalescent approaches to infer past population dynamics
from reconstructed genealogies. As sequence data have become more abundant, these approaches are beginning to be
used on populations undergoing rapid and rather complex dynamics. In such cases, the simple demographic models that
current phylodynamic methods employ can be limiting. First, these models are not ideal for yielding biological insight into
the processes that drive the dynamics of the populations of interest. Second, these models differ in form from mechanistic
and often stochastic population dynamic models that are currently widely used when fitting models to time series data. As
such, their use does not allow for both genealogical data and time series data to be considered in tandem when conducting
inference. Here, we present a flexible statistical framework for phylodynamic inference that goes beyond these current
limitations. The framework we present employs a recently developed method known as particle MCMC to fit stochastic,
nonlinear mechanistic models for complex population dynamics to gene genealogies and time series data in a Bayesian
framework. We demonstrate our approach using a nonlinear Susceptible-Infected-Recovered (SIR) model for the
transmission dynamics of an infectious disease and show through simulations that it provides accurate estimates of past
disease dynamics and key epidemiological parameters from genealogies with or without accompanying time series data.
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Introduction

Epidemiologists increasingly rely on the ability to fit mechanistic
models of disease transmission to data in order to estimate key
parameters and elucidate the underlying processes driving disease
dynamics. However, the nature of epidemiological data makes
model fitting statistically challenging. Case report data such as
time series of disease incidence are often incomplete or subject to
severe biases like underreporting. Moreover, disease dynamics are
generally only partially observed in that the exact times at which
infection and recovery events occur are rarely, if ever, directly
observed [1,2,3]. Researchers have therefore turned to the large
amounts of molecular sequence data becoming available when
case report data are insufficient. Gene genealogies can be
reconstructed from sequence data and the times of coalescence
events (i.e. branching events) can be used as a proxy for the timing
of a subset of transmission events in the population. Using
coalescent-based ‘‘phylodynamic’’ methods, it is then possible to
infer the past dynamics of a disease from the lineages present in the
genealogy, opening up the possibility of fitting models directly to
genealogies.

Several coalescent-based methods for inferring past population
dynamics from genealogies have already been developed [4,5,6,7].
These methods employ the basic result of coalescent theory that

the rate of coalescence is inversely proportional to the effective
population size, Ne [8]. Given the distribution of coalescence times
over a genealogy, it is then possible to infer Ne, which for an
infectious disease is generally interpreted as an estimate of the
number of infected hosts [9]. Past population dynamics can also be
inferred by specifying a demographic model and fitting it to a
genealogy [10,11]. Most often, these demographic models are
phenomenological and use simple parametric functions (e.g.
constant size, exponential growth or logistic growth) or nonpara-
metric functions that constrain population sizes to change
smoothly or only at certain points in time [4,6,7]. Fitting simple
parametric models like exponential growth to genealogies can
provide insight into the epidemic dynamics of pathogens and
provide estimates of epidemic growth rates and times of
emergence [12,13,14]. Phylodynamic methods have also been
applied to systems with far more complex endemic disease
dynamics where the prevalence of the disease can fluctuate rapidly
or undergo complex periodic oscillations. Remarkably, phylody-
namic analyses of RNA viruses can sometimes recover features of
their complex population dynamics due to a fast rate of sequence
evolution and sampling of sequences over time [15,16,17].

While the vast majority of phylodynamic studies have inferred
past dynamics by fitting phenomenological models to genealogies,
a smaller body of work has investigated fitting mechanistic
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ABSTRACT
We present a formalism for unifying the inference of population size from genetic sequences and

mathematical models of infectious disease in populations. Virus phylogenies have been used in many
recent studies to infer properties of epidemics. These approaches rely on coalescent models that may not
be appropriate for infectious diseases. We account for phylogenetic patterns of viruses in susceptible–
infected (SI), susceptible–infected–susceptible (SIS), and susceptible–infected–recovered (SIR) models of
infectious disease, and our approach may be a viable alternative to demographic models used to
reconstruct epidemic dynamics. The method allows epidemiological parameters, such as the reproductive
number, to be estimated directly from viral sequence data. We also describe patterns of phylogenetic
clustering that are often construed as arising from a short chain of transmissions. Our model reproduces
the moments of the distribution of phylogenetic cluster sizes and may therefore serve as a null hypothesis
for cluster sizes under simple epidemiological models. We examine a small cross-sectional sample of
human immunodeficiency (HIV)-1 sequences collected in the United States and compare our results to
standard estimates of effective population size. Estimated prevalence is consistent with estimates of
effective population size and the known history of the HIV epidemic. While our model accurately
estimates prevalence during exponential growth, we find that periods of decline are harder to identify.

COALESCENT theory has found wide applications
for inference of viral phylogenies (Nee et al. 1996;

Rosenberg and Nordborg 2002; Drummond et al.
2005) and estimation of epidemic prevalence (Yusim
et al. 2001; Robbins et al. 2003; Wilson et al. 2005), yet
there have been few attempts to formally integrate
coalescent theory with standard epidemiological models
(Pybus et al. 2001; Goodreau 2006). While epidemi-
ological models such as susceptible–infected–recovered
(SIR) consider the dynamics of an entire population
going forward in time, the coalescent theory operates
on a small sample of an infected subpopulation and
models the merging of lineages backward in time until
a common ancestor has been reached. The original
coalescent theory was based on a population of con-
stant size with discrete generations (Kingman 1982a,b).
Numerous extensions have been made for populations
with overlapping generations in continuous time, expo-
nential or logistic growth (Griffiths and Tavare 1994),
and stochastically varying size (Kaj and Krone 2003).
However, infectious disease epidemics are a special case

of a variable size population, often characterized by
early explosive growth followed by decline that leads to
extinction or an endemic steady state.

If superinfection is rare and if mutation is fast relative
to epidemic growth, each lineage in a phylogenetic tree
corresponds to a single infected individual with its
own unique viral population. An infection event viewed
in reverse time is equivalent to the coalescence of two
lineages and every transmission of the virus between
hosts can generate a new branch in the phylogeny of
consensus viral isolates from infected individuals. Re-
cently diverged sequences should represent transmis-
sions in the recent past, and branches close to the root
of a tree should represent transmissions from long ago.
Consequently, branching patterns provide information
about the frequency of transmissions over time (Wilson
et al. 2005). The correspondence between transmission
and phylogenetic branching is easiest to detect for
viruses such as human immunodeficiency virus (HIV)
and hepatitis C virus that have a high mutation rate
relative to dispersal. Underlying SIR dynamics also apply
to other pathogens, although in some cases it may be
more difficult to reconstruct the transmission history.

We examined the properties of viral phylogenies
generated by the most common epidemiological mod-
els based on ordinary differential equations (ODEs).
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Coalescent inference for infectious
disease: meta-analysis of hepatitis C
Bethany Dearlove1 and Daniel J. Wilson1,2

1Nuffield Department of Clinical Medicine, Experimental Medicine Division, and 2Wellcome Trust Centre for
Human Genetics, University of Oxford, Oxford, UK

Genetic analysis of pathogen genomes is a powerful approach to investi-
gating the population dynamics and epidemic history of infectious
diseases. However, the theoretical underpinnings of the most widely used,
coalescent methods have been questioned, casting doubt on their interpret-
ation. The aim of this study is to develop robust population genetic inference
for compartmental models in epidemiology. Using a general approach
based on the theory of metapopulations, we derive coalescent models
under susceptible–infectious (SI), susceptible–infectious–susceptible (SIS)
and susceptible–infectious–recovered (SIR) dynamics. We show that expo-
nential and logistic growth models are equivalent to SI and SIS models,
respectively, when co-infection is negligible. Implementing SI, SIS and SIR
models in BEAST, we conduct a meta-analysis of hepatitis C epidemics,
and show that we can directly estimate the basic reproductive number (R0)
and prevalence under SIR dynamics. We find that differences in genetic diversity
between epidemics can be explained by differences in underlying epidemiology
(age of the epidemic and local population density) and viral subtype. Model
comparison reveals SIR dynamics in three globally restricted epidemics, but
most are better fit by the simpler SI dynamics. In summary, metapopulation
models provide a general and practical framework for integrating epidemiology
and population genetics for the purposes of joint inference.

1. Introduction
During an ongoing outbreak, understanding the epidemiological dynamics and
predicting the likely course of the outbreak are time-critical tasks essential for
informing intervention [1,2]. If systematic monitoring is in place, key par-
ameters such as R0, the basic reproductive number [1], can be estimated
directly, as in the case of the foot and mouth disease outbreak among British
cattle in 2001 [3] and the outbreaks of severe acute respiratory syndrome in
Asia in 2002 and 2003 [4]. Genetic analysis provides a window into the epi-
demic history of a pathogen that can complement epidemiological analysis,
as in the case of the H1N1 influenza A pandemic in 2009 [5,6], or take its
place in the absence of reliable surveillance data. The ability to sequence patho-
gen genomes in real time, for example during the 2010 cholera outbreak in
Haiti [7], foretells of the increasingly important role for genetic analysis
during outbreak response.

Genetic analysis is a well-established tool for revealing the epidemic history of
pathogen populations [8,9]. It commonly involves the post hoc interpretation of
an evolutionary tree constructed from genetic sequences. Relationships between
isolates may reveal the order of transmission events [10,11], whereas the shape
of the tree is informative about overarching dynamics [12]. However, more
powerful approaches explicitly integrate genetic and epidemiological models.
For example, coalescent methods—which can be used to infer historical changes
in population size [13–15]—have been applied to pathogen populations to infer
historical changes in prevalence. By modelling changes in prevalence using the
susceptible–infectious–susceptible (SIS) model, epidemiological parameters
such as the intrinsic growth rate of the epidemic have been estimated directly [16].

& 2013 The Authors. Published by the Royal Society under the terms of the Creative Commons Attribution
License http://creativecommons.org/licenses/by/3.0/, which permits unrestricted use, provided the original
author and source are credited.
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Abstract
Epidemiological processes leave a fingerprint in the pattern of genetic structure of virus populations. Here, we provide a new
method to infer epidemiological parameters directly from viral sequence data. The method is based on phylogenetic analysis
using a birth–death model (BDM) rather than the commonly used coalescent as the model for the epidemiological trans-
mission of the pathogen. Using the BDM has the advantage that transmission and death rates are estimated independently
and therefore enables for the first time the estimation of the basic reproductive number of the pathogen using only sequence
data, without further assumptions like the average duration of infection.We apply the method to genetic data of the HIV-1
epidemic in Switzerland.

Key words: epidemiology, phylogenetics, Bayesian inference.
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RNA viruses are characterized by short generation time and
high mutation rates. Therefore, even over relatively short
time spans epidemiological processes (i.e., transmission, re-
covery, and death) are expected to leave signals in the ge-
netic structure of viral sequences sampled from the host
population. Bayesian phylogenetic methods are commonly
used for viruses to infer epidemiological processes from
genetic data (Pybus et al. 2001; Drummond et al. 2003;
Grenfell et al. 2004; Pomeroy et al. 2008). These meth-
ods require the specification of a process that generates
the phylogenetic trees, which is commonly the coalescent
(Kingman 1982; Griffiths and Tavare 1994; Drummond et al.
2002).

The coalescent is an appropriate choice for many appli-
cations. However, in the context of virus transmission, it is
primarily used for itsmathematical convenience rather than
the accurate reflection of the underlying transmission pro-
cess. In particular, there are two main shortcomings of the
coalescent as amodel of epidemiological transmission. First,
the coalescent can detect changes over time in the number
of infected people (i.e., population size changes) but not
whether such changes are due to a change in transmission
rates or a change in death or recovery rates. However, the
separate estimation of transmission and death/recovery is
key in order to determine central epidemiological quantities
such as the basic reproductive number (Anderson andMay

1979, 1992). Thus, if the coalescent is used in a phylogenetic
study, an independent estimate of the death/recovery rate
(or the transmission rate) is required for estimating quan-
tities such as the basic reproductive number. Second, the
coalescent is appropriate only if the number of sampled in-
fected hosts is small compared with the total infected host
population size. This is a problematic assumption for impor-
tant diseases such as HIV, where we have particularly dense
sampling.

A more appropriate choice for the tree-generating pro-
cess is the birth–death model (BDM; Kendall 1948; Feller
1968). This model has neither of the two shortcomings of
the coalescent. It explicitly assumes a separate transmission
(i.e., birth) anddeath rate.Moreover, it can be appliedto sit-
uations of sparse or dense sampling because sampling pro-
portion is treated in the model as a separate parameter.

The BDMhas been used in phylogenetic analysis for infer-
ring species phylogenies (Patané et al. 2009; Couvreur et al.
2010; Fernández-Mazuecos and Vargas 2010; Weksler et al.
2010), including scenarios of incomplete sequence sam-
pling. However, the sampled sequences were assumed to be
from one point in time (Maddison et al. 2007; FitzJohn et al.
2009; Stadler 2009). In viral epidemics, sequences are typi-
cally sampled over a long time span. Hence, after an initial
application of the BDM to viral sequences from one single
time point (Holmes et al. 1995), focus shifted towards as-
suming the coalescent (Nee et al. 1995), as coalescent-based

© The Author 2011. Published by Oxford University Press on behalf of the Society for Molecular Biology and Evolution. All rights reserved. For permissions, please
e-mail: journals.permissions@oup.com
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Departing from simple SIR models



SIRS with superspreading
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Joint inference
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Joint inference
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