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SUMMARY
Phylogenetic analysis has become a powerful tool for the investigation of evolution at a molecular level. During the
last three decades, statistical phylogenetics has increasingly been applied to the study of microbial pathogens. The new
field of phylodynamics was formally introduced in 2004 and encompasses the interaction between evolutionary and
ecological processes that shape the spatiotemporal and phylogenetic patterns of infectious disease dynamics. This
novel framework has significantly enhanced the study of measurable evolving pathogen populations, in particular
RNA viruses and retroviruses. One of the major challenges in phylodynamic studies, however, is the generation of data in the form of dense coverage in sequence sampling coupled with high quality epidemiological and/or accurate
clinical information. This review focuses specifically on experimental and data assembling strategies that are required
to test multi-level phylodynamic hypotheses, ranging from intra-host viral evolution to population dynamics of infectious
disease pandemics. Ultimately, bridging the gap between rational experimental design and phylodynamic inference
will prove to be essential to take full advantage of this new exciting area of research.
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Intra-host evolution, Molecular clock.
Received April 4, 2012

INTRODUCTION
Since the development of the first algorithm to
compute a phylogenetic tree from amino or nucleic acid sequences (Fitch and Margoliash,
1967), phylogenetic analysis has become a powerful tool for the investigation of evolution at a
molecular level (Lemey et al., 2009a). During the
last three decades, statistical phylogenetics has
increasingly been applied to the study of microCorresponding author
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bial pathogens, an approach based on two main
theoretical frameworks: coalescent theory and
the molecular clock hypothesis. Coalescent theory has provided a solid basis to study how ancestral relationships of individuals sampled from a
population, which can be inferred from a gene
genealogy (phylogenetic tree), are influenced by
the population demographic history (Kingman,
1982; Pybus et al., 2000). The molecular clock hypothesis, which assumes that the accumulation of
genetic diversity in a given gene occurs at approximately constant rate along different phylogenetic lineages (Zuckerkandl and Pauling, 1962,
1965; Kimura, 1969, 1980), has provided the ability to calibrate the evolutionary time scale of a
genealogy. Clock-like genealogies can be used to
estimate the time of the most recent common ancestor (TMRCA) of a group of nucleotide or
amino acid sequences (Lemey and Posada, 2009).
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The new field of phylodynamics was formally introduced by Grenfell and colleagues in a seminal paper published in 2004 as “the melding of
immunodynamics, epidemiology, and evolutionary biology” required to correlate the epidemiology and evolutionary behavior of pathogens
with the immune system of the host (Grenfell et
al., 2004). Phylodynamics encompass both phylogeny inference and the interaction between
evolutionary (i.e. mutation, genetic drift, selection) and ecological (population dynamics and
environmental stochasticity) processes, which
shape the spatiotemporal and phylogenetic patterns of infectious disease dynamics, both at the
intra- and inter-host level (Raffel et al., 2008;
Kuhnert et al., 2011).
This new analytical approach has enhanced the
study of the evolution of fast evolving viruses, especially the human immunodeficiency virus (HIV)
(Salemi et al., 2005a, 2005b, 2007; Lewis et al.,
2008; Gray et al., 2009; Herbeck et al., 2011), hepatitis C virus (HCV) (Magiorkinis et al., 2009; Bull
et al., 2011; Ciccozzi et al., 2011; Gray et al., 2011a;
Ramachandran et al., 2011), and influenza (Koelle
et al., 2006; Lemey et al., 2009b; Lin et al., 2011;
Murcia et al., 2011). Phylodynamic inference has
become a rapidly expanding field, resulting in 492
publications in peer-reviewed scientific journals
between 2004 and 2011 (Figure 1). In the first
quarter of 2012, 36 papers have already been published, more than the yearly number of papers
printed during 2005-2007. Moreover, a closer look
at the literature shows that phylodynamic analysis has been applied, over the years, to investigate
an increasingly diverse number of viral (Salemi et

al., 2004; Kerr et al., 2009; Bennett et al., 2010;
Gray et al., 2010; Hoelzer et al., 2010; Castro-Nallar
et al., 2011; Zehender et al., 2011; Patricio et al.,
2012) as well as bacterial pathogens (Harris et al.,
2010; Nubel et al., 2010; Gray et al., 2011d; Mutreja
et al., 2011).
A comprehensive synopsis of current phylodynamic literature is beyond the scope of this review and can be found elsewhere (Holmes and
Grenfell, 2009; Kuhnert et al., 2011). Herein, the
emphasis will be on discussing specific experimental and data assembling strategies required
to test multi-level phylodynamic hypotheses,
ranging from intra-host viral evolution to population dynamics of infectious disease pandemics.
The concept of measurably evolving
populations
Phylodynamic analysis employs coalescence theory to investigate how the genealogy of a
pathogen population, both at the intra- and inter-host level, is influenced by the interaction
among pathogen’s demographic history, host immunological milieu and environmental/ecological factors. Pathogen populations for which such
studies are possible, however, must be measurably evolving populations (MEPs). MEPs are characterized by sufficiently long, or numerous, sampled sequences and fast evolutionary rate relative
to the available range of sequence sampling
times, such that a statistically significant number of mutations can be detected between sequences obtained at different time points
(Drummond et al., 2003). The evolutionary rate of
living organisms, i.e. the rate at which mutations
FIGURE 1 - Publications on phylodynamics of viral pathogens. Grenfell et
al. introduced the term “phylodynamics” in 2004; since then, the field has
been rapidly growing. PubMed search
included keywords such as phylodynamic(s), phylogeography, molecular
epidemiology, intra-host evolution,
within-patient evolution, viral pathogen(s).
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are fixed during evolution, can vary from 10-9 nucleotide substitutions/site/year in most cellular
genes of eukaryotes, prokaryotes and archaea, to
10-5-10-2 nucleotide substitutions/site/year in fastevolving single strand DNA viruses, RNA viruses
and retroviruses (Figure 2). Considering that the
RNA genome of viruses such as HIV or HCV contains around 104 base pairs, a viral population
replicating and spreading among susceptible
hosts, or even within a single host, can easily accumulate between 0.1 and 10% genetic diversity
in one year. Fast-evolving viruses are MEPs, since
sequences longitudinally sampled at intervals of
a few months or a few years usually contain significant phylogenetic and molecular clock signal.
Phylodynamic analysis of MEPs has been fostered, in particular, by the development of phylogeny inference methods that can estimate trees
and divergence dates even in the face of uncertainty in evolutionary rates and calibration times
(Drummond et al., 2006). The Bayesian coalescent framework implemented in the BEAST program, which is included in one of the most used
software packages in phylodynamic inference
(http://evolve.zoo.ox.ac.uk/beast/), was specifically developed to allow the estimation of evolutionary trees from data set of sequences sampled
at different time points (Drummond et al., 2005,
2006). By using a statistical model, known as the
relaxed molecular clock, the method is able to infer simultaneously the phylogeny and the evolutionary time-scale leading to the sampled sequences. In addition, BEAST implements a
Markov Chain Monte Carlo (MCMC) algorithm
that samples proposed phylogenies (according to
prior distributions) by comparing the ratio of
their posterior probability (Drummond and
Rambaut, 2009). Therefore, while classic clustering algorithms (e.g. Neighbor-joining or UPG-

FIGURE 2 - Evolutionary rates of different organisms.
Rates characteristic of measurably evolving populations
are indicated in black.
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MA) produce one single tree with branch lengths
scaled in substitutions per site, the MCMC generates a collection of trees, the posterior tree distribution, with branch lengths proportional to a
specific time scale (e.g. years, months, days). It
is then possible to compare different tree topologies within the distribution and statistically evaluate the one that has the highest probability to
represent the true evolutionary history of the sequences analyzed.
Multi-scale phylodynamics
Phylodynamics can be applied at multiple levels,
from the micro-level of intra-host evolution to the
macro-level of pandemic spread (Figure 3). At the
bottom level, several studies have investigated,
for example, HCV evolutionary patterns in chronically infected patients (Gray et al., 2011a, 2012),
as well as the dynamics of HIV-1 sub-populations
infecting different tissues such as breast milk
(Gray et al., 2011c), brain (Salemi et al., 2005b;
Lamers et al., 2011), lymphoid tissues (Salemi et
al., 2007), and metastatic tissues from patients
with AIDS-related lymphomas (Salemi et al.,
2009). The next level of phylodynamic inference
has been employed to investigate population dynamics of pathogens spreading within commu-

FIGURE 3 - Multi-scale phylodynamics. The figure illustrates (from bottom to top) different levels of phylodynamic inference that can be employed to analyze the
evolution and population dynamics of pathogens within an infected host, a community network, a geographic region or worldwide.
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nity networks. One of the best examples is a
“célèbre” paper (de Oliveira et al., 2006) describing the HIV/HCV outbreak in a Libyan hospital in
1998, whose origin was initially attributed to the
malicious intervention of foreign medical staff,
and eventually proven to be antecedent to the
time in which the staff were hired. At a further
level, phylodynamics has been used to track epidemic spread within a defined geographic area
by inferring patterns of gene flow (migration), demographic history and TMRCA of the viral population (Hue et al., 2005; Salemi et al., 2005a;
Gilbert et al., 2007; Salemi et al., 2008). Such an
approach, coupled with the analysis of geographic information system (GIS) data, has been
used, for example, to explain HIV-1 epidemic
emergence in Uganda and Kenya during the
1970s (Gray et al., 2009), or the dissemination of

dog rabies virus (RABV) in North Africa (Talbi et
al., 2010). Finally, the highest level of phylodynamic inference is concerned with the population dynamics of pathogens spreading worldwide.
A representative example was the uncovering of
the origin and evolutionary genomics of the 2009
H1N1 influenza A pandemic strain (Smith et al.,
2009). Overall, these studies illustrate how phylodynamic analysis of pathogens has been providing a more holistic and evidence-based interpretation of intra-host viral evolution, as well as
epidemic spread.
Experimental design and phylodynamic
inference
The link between experimental design and phylodynamic inference can ideally be construed as
a hypothetical-deductive cycle (Whewell, 1837,

FIGURE 4 - Flow-chart representing the major steps in phylodynamic inference linking experimental design and data analysis. The inner circle represents the ideal feedback loop in which testing a (novel) scientific hypothesis, through
data generation and phylodynamic analysis, eventually results in a new hypothesis and another flow of experimental data generation/analysis.
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1840) consisting of the formulation of a specific
evolutionary hypothesis, generation of the data,
analysis of the data and subsequent test of the
hypothesis, which can lead in turn to the generation of a revised or novel hypothesis and a new
cycle (Figure 4). Study design is the first step in
the whole process. Depending on the phylodynamic scale being investigated (Figure 3), sequence data sets may include viral strains sampled either from the same host (intra-host phylodynamics) or from different hosts (inter-host
phylodynamics). Intra-host studies usually focus
on comparisons between phylodynamic patterns
of a pathogen infecting a specific cohort and a
control group, e.g. slow versus fast disease progression (Lemey et al., 2007; Lee et al., 2008),
therapy naïve versus treated subjects (Buzon et
al., 2011; Ceccarelli et al., 2012), or mono-infected versus co-infected subjects. Inter-host studies
may be focusing on viral data sets including sequences sampled from different hosts in a specific geographic area or from multiple locations,
and/or belonging to a specific risk group
(Prosperi et al., 2011). Depending on the scientific question, the availability of additional data
could also be of value. Examples include HLAtyping of the infected subjects (Karlsson et al.,
2007), clinical and immunological information
(CD4 counts, viral load, T cell responses, etc.), in
vitro measurements of viral fitness (replication
capacity, entry efficiency), accurate sampling location records (e.g. GPS), and/or GIS data. At this
stage, however, one of the most crucial points to
consider is how to optimize the longitudinal sampling strategy, i.e. the number of sampled time
points, the sampling interval and the number of
sequences per time point. Unfortunately, most
phylodynamic studies to date have been based
on convenience samples or data mining of sequence databases, which are often sparse and/or
biased. This approach, albeit unavoidable in
some cases, severely limits the power of phylodynamic inference and may result in contradictory findings difficult to disentangle. It has been
proven that as few as eight randomly sampled
sequences from a panmictic population (i.e. without significant sub-population structure) are sufficient to obtain accurate coalescent estimates
(Felsenstein, 2006). Several studies have also
shown that consistent inferences on the origin
and demographic history of viral epidemics can
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be obtained by analyzing 30-40 randomly sampled sequences of epidemiologically unlinked individuals (Pybus et al., 2000; Strimmer and
Pybus, 2001; Drummond et al., 2005). The calibration of a reliable molecular clock, on the other hand, may require samples collected, at least,
at three to five different time points with a sampling interval depending on the specific virus and
phylodynamic scale under investigation (Figure
2 and 3). A robust study on HIV intra-host phylodynamics may ideally require 5-10 time points
with 20-25 viral sequences per time point, sampled at intervals of 6-22 months, in order to ensure sufficient population turnover and to detect
significant temporal structure in the phylogeny
(Achaz et al., 2004; Gray et al., 2011b). Finally,
the genomic region and the size of the sequenced
fragment are also important factors. When possible, longer or multiple regions should be prioritized over the number of clones (Felsenstein,
2006). The experimental protocol could consist
of direct, clonal, single genome or ultra-deep sequencing, depending on the specific cohort under
investigation. Intra-host phylodynamic studies
usually require only one viral sequence from each
infected subject, which could easily be obtained
by direct sequencing from a blood or plasma
sample, while cloning or ultra-deep sequencing
may be necessary for intra-host studies concerned with the evolutionary dynamic of minor
variants (Henn et al., 2012). For samples with low
viral load, single genome sequencing may be used
instead of cloning to avoid resampling, as well as
reducing the likelihood of PCR mediated recombination (Shriner et al., 2004; Palmer et al., 2005;
Lindkvist et al., 2009).
After the generation of a new data set, sequences
are aligned and a BLAST search is usually performed to find reference strains (Figure 4).
Several algorithms can be employed to obtain
multiple sequence alignments, although manual
editing is often necessary in regions displaying
an elevated proportion of insertion/deletions (indels). In fact, indels are commonly removed from
the final alignment, or replaced with a “?”, indicating missing data, since most tree-building algorithms are based on evolutionary models that
do not take indels into account (Strimmer and
von Haeseler, 2009).
The next step of an idealized phylodynamic
pipeline must consist of quality control in order
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to exclude contamination, investigate the presence of an adequate signal for reliable phylogenetic reconstruction and detect the presence of
potential recombinant strains. PCR contamination can easily be excluded when dealing with
measurably evolving viral populations from subjects not directly linked by a transmission chain.
A simple neighbor-joining tree including sampled,
reference and positive control viral strains would
allow testing whether sequences from different
subjects intermix in the same monophyletic clade,
which is a clear indication that contamination
has occurred. On the other hand, certain degrees
of intermix between samples taken at different
time points and/or tissues from the same host is
usually expected. Therefore, excluding contamination in intra-host data sets by phylogenetic
analysis may be difficult if not impossible. In such
cases, improving the experimental procedure (e.g.
performing RNA/DNA extractions separately, including appropriate positive and negative controls) is the only option to minimize the risk of
contamination.
Several methods have been developed to measure the phylogenetic signal in the data set.
Likelihood mapping (Strimmer and von Haeseler,
1997), transition/transversions versus divergence
plots (Salemi, 2009), and the Xia test for saturation (Strimmer and von Haeseler, 1997; Xia et al.,
2003) are usually employed to assess the reliability of the aligned sequences for phylogeny inference (Salemi and Vandamme, 2002; Gray et al.,
2010). If the signal is too low, longer sequences or
more variable genes should be considered. The
presence of substitution saturation, on the other
hand, indicates that sequences have accumulated so many mutations per site that the phylogenetic signal has become randomized (Xia et al.,
2003). In this case, amino acid or transversional
substitutions, which saturates more slowly during
evolution, might be used for phylogenetic reconstruction instead of the full sequence alignment.
Finally, it is important to keep in mind that recombination violates the basic assumption of
phylogeny inference (ancestry from a common
ancestor). Using algorithms that do not explicitly model recombination (e.g. BEAST) can bias
molecular clock and coalescent estimates
(Posada, 2001; Posada and Crandall, 2002;
Posada et al., 2002). Recombinant strains should
be excluded and analyzed separately or with more

complex coalescent models (Carvajal-Rodriguez
et al., 2006; Kuhner, 2006). A thorough discussion
of such topics is beyond the scope of the present
review but can be found elsewhere (Posada and
Crandall, 2001; Rambaut et al., 2004; Salminen
and Martin, 2009; Martin et al., 2011).
Study design, experimental settings, alignment
and quality control are essential preconditions
for the generation of “clean” data sets. As any
other high-end computational method, phylodynamic inference is sensitive to the well-known
GIGO (garbage in garbage out) paradigm: bad
data will produce unreliable or even nonsensical
output (Butler et al., 2010). The next steps of the
phylodynamic pipeline represent the “core” of
data analysis and hypothesis testing (Figure 4),
which usually include: i) testing for the best fitting nucleotide or amino acid substitution model, ii) inferring phylogenies with different algorithms (e.g., distance, maximum likelihood,
Bayesian methods), iii) testing the trees reliability (e.g. by bootstrapping), iv) molecular
clock, selection and coalescent-based inferences.
Several freeware packages exist for these analyses and novel algorithms are continuously being developed. An in-depth survey of currently
available phylogeny programs can be found at
the website http://evolution.genetics.washington.edu/phylip/software.html, maintained by Joe
Felsenstein. Unfortunately, while some of these
programs are fairly user-friendly, others can be
hard to implement and often lack proper documentation. Contacting the authors, reading the
original literature or the main textbooks reviewing the theory and practice of phylogenetic
analysis may be necessary to navigate this complex field (Page and Holmes, 1998; Felsenstein,
2004; Gascuel, 2005; Lemey et al., 2009a; Hall,
2011).

CONCLUDING REMARKS
Phylodynamic inference is based on the main observation that viral genealogies display different
shapes under different phylodynamic processes
(Grenfell et al., 2004). For example, genealogies of
viral strains infecting a host exerting continual
immune-driven selection, as in intra-host HIV-1,
will show strong temporal structure and sequential population bottlenecks (Figure 5A). On the
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other hand, viruses where immune selection is
absent or weak, as in many RNA viruses or HIV
epidemic spread, will be characterized by genealogies depicting population size and spatial
dynamics (Figure 5B). Therefore, the analysis of
temporally scaled intra- and/or inter-host genealogies is not only the final step of phylodynamic inference, through which specific hy-
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potheses are tested, but also the opportunity to
generate novel hypotheses in the hypothetical-deductive cycle (Figure 4).
In order to enrich and develop the field of phylodynamics it is essential to have good comparative data. Rational experimental design and appropriate sampling strategy, both for intra-host
and molecular epidemiology studies, is extremeFIGURE 5 - Example of phylogeny
patterns in HIV-1 intra- and interhost evolution. The figures show
Bayesian maximum clade credibility trees inferred by enforcing a relaxed molecular clock and using the
HKY+G nucleotide substitution
model. Branch lengths are proportional to time according to the scale
at the bottom of each tree; tips are
colored according to the legend on
the top left. Posterior probabilities
for internal nodes are given above
the branch. Calculations were performed with the BEAST package
(http://beast.bio.ed.ac.uk). (A) Intrahost evolution data set using a subset of envelope gp120 C2-V5 (564
base pairs) sequences from patient 5
described by Shankarappa et al.
(1999), including 110 sequences
sampled at 11 different time points.
The gray area corresponds to the pretransmission interval (Leitner and
Albert, 1999). The staircase topology is typical of HIV-1 intra-host evolution characterized by continual
immune-driven selection (Grenfell
et al., 2004). (B) Inter-host data set
with 78 envelope HIV-1A gp41 sequences plus 12 reference sequences
of different subtypes downloaded for
the HIV Databases (http://www.hiv.
lanl.gov/content/index). Internal
branches were colored according to
maximum parsimony reconstruction of ancestral locations (Slatkin
and Maddison, 1989). For display
purposes, HIV-1 subtype A2 strains
were collapsed. The tree shows a
clear spatiotemporal structure with
phylogenetic lineages progressively
emerging from West to East Africa,
which depicts the gene flow (dissemination) of HIV-1 from DRC to
Uganda and Kenya during the 19601970s (Gray et al., 2009).
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ly important. Intra-host data sets consisting of
longitudinally sampled viral sequences are often
difficult to obtain for both practical and ethical
reasons. Studies on HIV-1 sub-population dynamics in different lymphoid and non- lymphoid
tissues, for example, are usually possible only using specimens sampled post mortem.
Longitudinal sampling from peripheral blood
mononuclear cells or plasma may be limited by
enrollment protocols of study subjects or patients’
compliance. One of the best-characterized HIV-1
intra-host data sets to date includes viral sequences collected from nine patients followed
from seroconversion up to 11 years (Shankarappa
et al., 1999). This data set has proven to be extremely useful to test phylodynamic models and
investigating the relationship between viral evolution and disease progression (Rambaut et al.,
2004; Lemey et al., 2007; Lee et al., 2008; Gray et
al., 2011b). Yet, it also has significant limitations,
e.g. less than eight clones were obtained for some
of the sampled time points, only a limited portion of the envelope gp120 gene was sequenced,
the HLA-type of the host was not determined,
and the subjects underwent different treatment
protocols during the study period. This example
points out that one of the major challenges for
future studies in phylodynamics will be the generation of data in the form of dense coverage in
sequence sampling coupled with high quality epidemiological and/or accurate clinical information. Ultimately, bridging the gap between rational experimental design and phylodynamic
analysis will prove to be essential to take full advantage of this new exciting area of research.
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