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ABSTRACT
This paper proposes a graphical method for detecting in-
terspecies recombination in multiple alignments of DNA
sequences. A fixed-size window is moved along a given
DNA sequence alignment. For every position, the marginal
posterior probability over tree topologies is determined by
means of a Markov chain Monte Carlo simulation. Two
probabilistic divergence measures are plotted along the
alignment, and are used to identify recombinant regions.
The method is compared with established detection meth-
ods on a set of synthetic benchmark sequences and two
real-world DNA sequence alignments.
Contact: dirk@bioss.ac.uk

INTRODUCTION
The recent advent of multiple-resistant pathogens has
led to an increased interest in interspecies recombination
as an important, and previously underestimated, source
of genetic diversification in bacteria and viruses. The
discovery of a surprisingly high frequency of mosaic RNA
sequences in HIV-1 suggests that a substantial proportion
of AIDS patients have been coinfected with HIV-1 strains
belonging to different subtypes, and that recombination
between these genomes can occurin vivo to generate
new biologically active viruses (Robertson et al., 1995). A
phylogenetic analysis of the bacterial generaNeisseriaand
Streptococcushas revealed that the introduction of blocks
of DNA from penicillin-resistant non-pathogenic strains
into sensitive pathogenic strains has led to new strains
that are both pathogenicand resistant (Smith, 1992).
Thus interspecies recombination, illustrated in Figure 1,
raises the possibility that bacteria and viruses can acquire
biologically important traits through the exchange and
transfer of genetic material.

In the last few years, a plethora of methods for detecting
interspecies recombination have been developed – follow-
ing up on the seminal paper by Smith (1992) – and it is be-
yond the scope of this article to mention them all. Instead,
we will focus on statistical phylogenetic procedures. Here,
the idea is to compute a phylogeny-based score function
for varying subsets (‘windows’) of the alignment, and to
record deviations between these subsets or between a sub-
set and the whole alignment as possible indications for pu-

tative recombination events.
PLATO (Grassly and Holmes, 1997) first finds the

phylogenetic tree that maximises the likelihood of the
whole DNA sequence alignment, and then systematically
looks for subsets with a low likelihood under this model
by computing the statistic

Q =

∑(b+1)W−1

t=bW Lt

W
/

∑bW−1

t=1 Lt +
∑N

t=(b+1)W Lt

N −W
(1)

whereLt denotes the log likelihood of thetth column vec-
tor of the alignment,W is the size of the window, andN is
the length of the alignment. This measure is calculated for
all possible positionsb along the sequence alignment and
for varying window sizes, typically5 ≤ W ≤ N/2. The
maximum values ofQ are associated with regions show-
ing low likelihoods under the global maximum likelihood
model, which are candidates for putative recombination
events. Parametric bootstrapping is applied to generate the
null distribution of the maximisedQ value and thus to test
whetherQ is significantly larger than one, that is, whether
Q is greater than what one would expect by chance.

TOPAL (McGuire et al., 1997) is a graphical method
to detect sporadic recombination events. The idea is
to slide a fixed-size moving window along a DNA
sequence alignment. On the first half of the window, a
distance matrix is calculated according to some Markov
model of nucleotide substitution, and a phylogenetic
tree is estimated using the least squares method. A
distance matrix is then calculated for the second half
of the window, and the topology estimated from the
first half is fitted to it, again using least squares (see
Figure 2, top). Obviously, when the topology in the right
window has changed as a result of recombination, the
topology in the left window will be a poor fit to the
distance matrix from the right. Consequently, by plotting
the difference of the two sum-of-squares statistics –
termed the ‘DSS’ statistic – against the centre of each
corresponding window, the alignment can be scanned for
recombination. The significance of DSS peaks can be
estimated with parametric bootstrapping, as reported in
(McGuire and Wright, 2000).

LARD (Holmes et al., 1999) compares the null hypoth-
esisH0 that no recombination event has occurred with the
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Fig. 1. Illustration of interspecies recombination. The transfer or
exchange of DNA subsequences between different strains results in
a change of the tree topology in the affected region of the DNA
sequence alignment.

alternative hypothesisH1 that there are two different trees
at either side of some breakpointb. ForH0, a single phylo-
genetic tree is optimised with maximum likelihood on the
whole sequence alignment, whereas forH1 two different
trees are optimised. For each value ofb the difference be-
tween the log likelihood scores,∆L = L(H1)− L(H0),
is computed. The value ofb that maximises∆L is the can-
didate breakpoint for a putative recombination event. To
test the significance of this event, a Monte Carlo simula-
tion is applied to assess whether∆L is significantly larger
than zero.

While for all of these methods positive results have been
reported, they are not without problems. PLATO uses a
single reference tree to calculate the site likelihoods. If the
recombinant regions are large relative to the whole data
set, then the reference tree – determined with maximum
likelihood from the entire sequence alignment – is some
type of average of the dominant tree and the recombinant
trees, and the site likelihood values in the different regions
might not be differentiated properly. LARD assumes
a block structure of the sequence alignment, with the
two regions to the left and the right of a tentative
breakpoint stemming from different phylogenies. This
requires some prior knowledge about the location of
putative recombination events, since the method is likely
to fail if a recombinant region lies in the middle of the
sequences. Finally TOPAL optimises the tree in each
window with a distance method. By mapping the high-
dimensional space of nucleotide sequences onto the low-
dimensional space of pairwise genetic distances between
strains, a certain amount of information is discarded.
Also, the original algorithm failed to distinguish between
recombination and rate variation, although this has partly
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Fig. 2. Top: TOPAL. A sliding window is moved along the
alignment. A tree is estimated from the data in the left part of the
window, and a score function for assessing the quality of the fit
is compared between the two parts of the window. Bottom: The
method proposed in this article slides a window along the alignment
and computes, for each position, the marginal posterior distribution
over tree topologies (using MCMC).

been redeemed by a normalisation of the DSS values
(McGuire and Wright, 2000).

In this paper, we will present a new method which fo-
cuses on the very entity that gets affected by the recom-
bination event: the topology of the phylogenetic tree (see
Figure 1). As with TOPAL, a window is moved along the
sequence alignment. However, rather than optimising the
tree and computing differences in the branch lengths, we
sample trees from the posterior distribution, conditional
on the given window, by means of a Markov chain Monte
Carlo (MCMC) simulation. Marginalising over the branch
lengths, we obtain the posterior distribution of tree topolo-
gies for each window position, from which we can com-
pute divergence measures to scan for recombination.
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METHOD
Consider a given alignment of DNA sequences,D, from
which we select a consecutive subsetDt of predefined
width W , centred on thetth site of the alignment. Letk
be an integer label for tree topologies, and define

Pk(t) := P (k|Dt) =

∫ ∫
P (k,w,θ|Dt)dwdθ

(2)
This is the marginal posterior distribution of tree topolo-
giesk, conditional on the ‘window’Dt, which includes
a marginalisation over the branch lengthsw and the pa-
rameters of the nucleotide substitution model,θ (see, e.g.,
(Durbin et al., 1998), chapter 8). In practice the integral
in (2) will be solved numerically by means of a Markov
chain Monte Carlo simulation (Larget and Simon, 1999),
which yields a sample of triples{kti,wti,θti}Ni=1 simu-
lated from the joint posterior distribution,P (k,w,θ|Dt).
We then replace the true posterior distribution by the em-
pirical distribution

P (k,w,θ|Dt) ≈
1

N

N∑
i=1

δk,ktiδ(w−wti)δ(θ−θti)

(3)
Inserting (3) into (2) gives:

Pk(t) =
1

N

N∑
i=1

δk,kti =
Nk(t)

N
(4)

whereNk(t) denotes the number of times a tree has been
found to have topologyk.

The basic idea of a graphical method for detecting
recombinant regions is to move the windowDt along the
alignment and to monitor the distributionPk(t). We would
then, obviously, expect a shift in the distribution as we
move into a recombinant zone (see Figure 2, bottom). The
question, then, is how to easily monitor such a shift and
how to estimate its significance. To this end we consider
the Kullback-Leibler distance as the natural divergence
measure in probability space:

KL(P,Q) =
∑
k

Pk ln

(
Pk
Qk

)
(5)

in which P andQ denote probability distributions. To
estimate the divergence between the local and the global
distributions, defineP as in (4) andQ as the average
distribution (averaged over allT window positions):

d[P (t), P ] = KL[P (t), P ]; P k =
1

T

T∑
t=1

Pk(t)

(6)

We will refer to this as the KL measure and note that, since
Support(Pk(t)) ⊆ Support(P ), its non-singularity is
guaranteed. To determine the divergence between two
local distributionsP (t) andP (t + ∆t) – locally defined
over two adjacent windows with centre positionst and
t + ∆t – we choose the following modified divergence
measure (first suggested by Sibson; see, e.g., Krzanowski
and Marriott (1995), chapter 14):

d[P (t), P (t + ∆t)] =

1

2

[
KL

(
P (t),

P (t) + P (t+ ∆t)

2

)
+

KL

(
P (t+ ∆t),

P (t) + P (t+ ∆t)

2

)]
(7)

Note again thatSupport[P (t)],Support[P (t + ∆t)] ⊆

Support
[
P (t)+P (t+∆t)

2

]
guarantees the non-singularity

of d[P (t), P (t + ∆t)].
To estimate whether the observed divergence measures

are significantly different from zero, note that under the
null hypothesis,P = Q, the Kullback-Leibler divergence
is asymptoticallyχ2 distributed (Hoel, 1984):

P = Q, M � ν := |Support(P)|

=⇒ 2MKL(P,Q) ∼ χ2(ν − 1) (8)

whereM is the number of independent samples from
which P and Q are determined, and|Support(P)|
denotes the cardinality of the support ofP . Note that
consecutive samples of an MCMC simulation are usually
not independent, so the total sample sizeN has to be
replaced by the equivalentindependentsample sizeM .
For example, if the autocorrelation function is exponential
with an autocorrelation timeτ � 1, thenM = N

2τ
.

The local divergence measure (7) depends on the
distance between two windows,∆t. It seems natural to
choose two consecutive windows, as in TOPAL. However,
by allowing a certain overlap between the windows
the spatial resolution of our detection method can be
improved. We found that the best results can be obtained
by averaging over different degrees of window overlap:

d =
1

A

A∑
a=1

d[P (t), P (t + a∆t)] (9)

whered(.) was defined in (7), and we average over all
window overlaps between 50% and 90%. A demonstration
is given in Figure 3, which was obtained from a synthetic
DNA sequence alignment, as described in the caption
of Figure 4. We will refer to the divergence measure of
(9) as ASD (average Sibson divergence). We thus have
two probabilistic divergence measures: KL (6) as a global
measure akin to PLATO, and ASD (9) as a local measure
in the vein of TOPAL.
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Fig. 3.Effect of averaging the local divergence measure. From top to
bottom: 1) No overlap between adjacent windows; 2) 50% overlap
between adjacent windows; 3) 90% overlap between adjacent
windows; 4) averaged divergence measure, using (9). The true
recombinant regions are between positions 1000 bp and 2000 bp,
and between positions 3000 bp and 3500 bp.

MATERIAL
Synthetic Data To assess the performance of the pro-
posed method, DNA sequences subject to recombination
were obtained by simulating their evolution down known
phylogenies, shown in Figure 4, using the Kimura 2-
parameter model (transition-transversion ratio = 2) of
nucleotide substitution. (See (Durbin et al., 1998) for
an introduction to mathematical models of evolution.)
A variety of different recombination scenarios was sim-
ulated. In experiment series A, partial sequences were
evolved down different topologies, as indicated in the
top of Figure 4, and then spliced together. This reflects
the swapping of branches, that is, theexchangeof DNA
subsequences. In experiment series B, the sequences were
simulated along the phylogeny as far as a particular depth
(half the length of the indicated branch). At this point,
a region from a sequence replaced the corresponding
region in another sequence, as indicated in the bottom
of Figure 4. The sequences were then evolved along
the remaining part of the phylogeny. This simulates the
transfer of genetic material between different strains.
In both experiment series, two different recombination
events of different detection difficulty were simulated,
and the process was repeated for a variety of evolution
rates (that is, unit branch lengths). In experiment series B,
we also included a differently diverged region, where the
branch lengths had been increased by a factor 3. This tests
whether the proposed method can distinguish between
rate variation and recombination. Details of the data are
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Fig. 4. Phylogenetic trees for the synthetic data. The top tree
(simulation A) shows recent recombinations between closely related
taxa (A01 ←→ A10) and distantly related taxa (A00 ←→
B00), where the indicated lineages are swapped. The bottom tree
(simulation B) shows a recent (A00 ←→ B00) and an ancient
recombination event between distantly related taxa, where DNA
subsequences are transferred at a single point in time (half-way
along the branch).

Exp Recombination Rate Basic

Recent, close Recent, distant Ancient Variation Rate

A.1 1000-2000 3000-4000 – – 0.1

A.2 1000-2000 3000-4000 – – 0.025

A.3 1000-2000 3000-4000 – – 0.01

B.1 – 2500-3000 1000-1500 4000-4500 0.1

B.2 – 2500-3000 1000-1500 4000-4500 0.05

B.3 – 2500-3000 1000-1500 4000-4500 0.01

Table 1.Details of the synthetic data sets, wherew denotes the unit branch
lengths of the trees in Figure 4.

shown in Table 1.

Hepatitis B Virus Hepatitis B is caused by a DNA virus
with a short genome of only 3200 bp. Evidence for re-
combination was first found by Bollyky et al. (1996), and
in this paper we investigate a subset of five strains with
the following Genbank identifiers (accession numbers in
brackets): HPBADW1 (D00329), HPBADW2 (D00330),
HPBADWZCG (M57663), HBVDNA (X68292), HP-
BADRC (D00630). The sequences were aligned with
ClustalW, using the default parameters. Columns with
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gaps were discarded, giving a total alignment length of
3049 bp.

Dengue Virus Dengue fever is a common vector-borne
disease of humans with more than 100 million cases
recorded each year in Africa, South America, and
Southeast Asia. While it was originally believed that the
causative RNA virus accumulated genetic variation only
through nucleotide substitution, recent studies suggest
that genetic exchange between strains is an increasing
possibility (Holmes et al., 1999). In our study we inves-
tigated the mosaic structure of seven strains, for which
contiguous C, prM/M, and E gene sequences were avail-
able. These seven strains were the same as those studied
by (Holmes et al., 1999), with simplified names (Gen-
Bank accession numbers in brackets) Brazil (S64849),
Singapore (M87512), Jamaica (D00501), Philippines
(D00503), Thailand (D00502), Nauru (M23027), and
French Guiana (not available on GenBank, taken from
(Holmes et al., 1999)). We used the multiple sequence
alignment from (Holmes et al., 1999), which has a length
of 2295 bp†.

RESULTS
In the applications described below, the proposed new re-
combination detection scheme was applied as follows. A
window of width 500 bp was moved along the alignment
with a fixed step size of∆t = 10 bp. The MCMC sam-
pling was done with BAMBE‡, described by Larget and
Simon (1999). For each new window position, the system
was equilibrated overTeq Metropolis-Hastings steps, start-
ing from a random initialisation and using global§ tree ma-
nipulations for the proposal moves. This was followed by a
sampling period overT Metropolis-Hastings steps, using
local tree manipulations and sampling tree configurations
in intervals of∆T Metropolis-Hastings steps. The MCMC
simulations were tested for convergence by inspecting the
evolution of the total log likelihood and its autocorrelation
function as well as by testing the results for consistency,
that is, by ensuring that the results were invariant with re-
spect to a further increase of the equilibration and sam-
pling periods. We found that, for the synthetic problem, a
choice ofTeq = 10, 000, T = 20, 000, and∆T = 40
was sufficient. On the real-world problems, we multiplied
these values by a factor of 10. These, however, are conser-
vative estimates that may be considerably reduced.

For a comparison, we applied TOPAL¶, version 2, to
the data sets, sliding a window of the same size, 500 bp,

†The total length of the alignment in (Holmes et al., 1999) is 2325 bp, of
which we discarded the columns with gaps.
‡http://www.mathcs.duq.edu/larget/bambe.html .
§In BAMBE, two different kinds of proposal moves – local and global – are
used, which are described by Larget and Simon (1999).
¶www.bioss.sari.ac.uk/ ∼frank/Genetics/topal.html .
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Fig. 5. Detection of recombination for the first synthetic problem,
experiment series A.Top four subfigures:Large evolution rate,
w = 0.1. Middle four subfigures:Medium evolution rate,w =
0.025. Bottom four subfigures:Small evolution rate,w = 0.01.
The left subfigures in each group show the results obtained with
the new method.Top left:KL measure.Bottom left:ASD measure
(peaks) with the95% critical region for the null hypothesis (dotted
horizontal curve). For a comparison, thetop-right subfigure shows
the DSS statistic of TOPAL (solid curve) with the95% critical
region for the null hypothesis (dashed horizontal line), and the
bottom-right subfigure shows the critical regions predicted by
PLATO. The recombinant regions are situated between 1000 and
2000 bp (involving distantly related strains) and between 3000 and
4000 bp (involving closely related strains).

with the same step size, 10 bp, along the alignment. The
default option‖ was chosen, and we tested the significance
of the DSS peaks with parametric bootstrapping, as
described by McGuire and Wright (2000). We also applied
PLATO∗∗, version 2.11, to the data sets, using the default

‖We chose the more accurateleast-squaretree optimisation rather than
neighbour joiningand avoided the unstable power option (that is, power=0).
However, we replaced the (default) Jukes-Cantor evolution model with the
Kimura 2-parameter model (transition-transversion ratio = 2).
∗∗evolve.zoo.ox.ac.uk/software/Plato/Plato2.html .
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Fig. 6.Detection of recombination for the second synthetic problem,
experiment series B.Top four subfigures:Large evolution rate,
w = 0.1. Middle four subfigures:Medium evolution rate,w =
0.05. Bottom four subfigures:Small evolution rate,w = 0.01.
The left subfigures in each group show the results obtained with
the new method.Top left:KL measure.Bottom left:ASD measure
(peaks) with the95% critical region for the null hypothesis (dotted
horizontal curve). For a comparison, thetop-right subfigure shows
the DSS statistic of TOPAL (solid curve) with the95% critical
region for the null hypothesis (dashed horizontal line), and the
bottom-right subfigure shows the critical regions predicted by
PLATO. The recombinant regions are located between 1000 and
1500 bp (ancient recombination event) and between 2500 and 3000
bp (recent recombination event). The region between 4000 and 4500
bp has diverged at an increased evolution rate (factor 3) without
being subject to recombination.

options. This tests all windows from five base pairs up
to half the sequence length for significantly low values
of the likelihood, where the reference tree was obtained
with maximum likelihood on the whole data set (using
DNAML of the PHYLIP†† package with the F84 model
of nucleotide substitution). We did not test LARD on

††evolution.genetics.washington.edu/phylip.html .
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Fig. 7. Recombination in Hepatitis B virus. From top to bottom:
1) Global (KL) divergence measure; 2) Local (ASD) divergence
measure; 3) DSS statistic of TOPAL; 4) critical regions predicted
by PLATO.

the synthetic benchmark sequences because it was not
devised to detect recombinant regions in the middle of
an alignment (and therefore would presumably perform
poorly), but rather to precisely locate breakpoints between
two regions of different phylogenetic history.

Synthetic Data Figure 5 shows the results obtained with
the various methods on the first synthetic benchmark prob-
lem. The different subgroups of the figure were obtained
from phylogenetic trees with different unit branch lengths
w. As we move from the top to the bottom,w decreases,
which increases the difficulty of the detection. Also, note
that the second recombination event (between closely re-
lated strains) is more difficult to detect than the first (be-
tween distantly related strains). PLATO detects the first
recombinant region but fails to detect the second. TOPAL
detects both recombinant regions when the unit branch
lengthw is large, but fails to detect the second region as
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Fig. 8. Recombination in Dengue virus.Top: Global (KL) diver-
gence measure.Bottom:Local (ASD) divergence measure.

the evolutionary distances decrease. Our new methods de-
tects both regions for all branch lengths, although the ac-
curacy slightly degrades as the branch lengths decrease.
Note that the spatial resolution of the detection by TOPAL
and our new method are comparable, and typical of the
same size as the discrepancy between the prediction by
PLATO and the true location of the recombinant zones.

Figure 6 demonstrates the performance of the various
methods on the second synthetic problem. The level of
difficulty is increased by a shortening of the recombinant
zones and the existence of a confounding region, which
has evolved at a higher rate (‘mutation hotzone’)without
being subject to recombination. PLATO, in fact, fails
to detect the recombinant zones and gets confounded
by this differently diverged section. TOPAL fails to
detect the first (ancient, and therefore more difficult)
recombination event when the evolutionary distances
are small (top-right subfigure in the bottom group) and
fails, in one case (top-right subfigure in the middle
group), to discriminate between recombination and rate
variation. The new scheme, on the contrary, detects both
recombination events irrespective of the branch lengths
and succeeds in distinguishing between recombination and
among-site rate variation.

Recombination in Hepatitis B VirusA plot of the KL
measure (Figure 7, top) indicates, via step transitions, four
breakpoints in the sequence alignment (600 bp, 1720 bp,
2250 bp, 2550 bp). These breakpoints coincide with peaks
in the ASD measure (Figure 7, second from the top), and
the widths of these peaks are indicative of the uncertainty
in the location of the breakpoints. Within this uncertainty,
the prediction resulting from our new method accords
with the prediction by TOPAL (Figure 7, third from the
top), while PLATO (Figure 7, bottom) misses out the
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Fig. 9. Recombination in Dengue virus. Log likelihood scores
sampled from the MCMC trajectories for the null-hypothesis
(bottom), the segmentation suggested by LARD (middle), and the
segmentation suggested by the KL divergence measure of Figure 8
(top).

first breakpoint. However, the ASD measure shows two
further peaks at about 1175 bp and 1415 bp. It still has to
be investigated whether these peaks indicate breakpoints
of another true recombination event, or whether they are
artifacts resulting from a noise amplification of the KL
signal.

Recombination in Dengue VirusHolmes et al. (1999)
applied LARD‡‡ to detect a recombination breakpoint in
the DNA sequence alignment of the seven Dengue virus
strains described above. They identified one significant
recombination breakpoint at nucleotide 1146, which we
also found with TOPAL. This breakpoint, however, is not
confirmed with our new detection method. Although the
KL measure, plotted in Figure 8, top, is rather noisy, and
the resolution of the ASD measure, plotted in Figure 8,
bottom, is poor, these measures suggest that there isno
breakpoint at nucleotide 1146, but rather two breakpoints
at around nucleotides 920 and 1370§§.

To assess this prediction, we first obtained the log like-
lihood scores for a single tree (H0), the segmentation pre-
dicted with LARD (H1), and the segmentation suggested
by inspecting the KL measure in Figure 8 (H2). This was
done with DNAML of the PHYLIP package, using the F84
model of nucleotide substitution. The scores thus obtained
were:H0 : −5140,H1 : −5051, andH2 : −5035. Since
the improvement ofH2 overH1 can be due to over-fitting
(H2 is the more flexible model), we followed a Bayesian-

‡‡http://evolve.zoo.ox.ac.uk/software/Lard/Lard.html .
§§The ASD measure indicates two further breakpoints at about 400 bp and
1750 bp, the nature of which still has to be investigated.
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like approach and sampled the log likelihood values from
the MCMC trajectories, using BAMBE with the HKY evo-
lution model. The result is shown in Figure 9 and suggests
that H2 gives significantly higher log likelihood scores
thanH1. This is formally confirmed with a ranksum test,
which rejects the hypothesis of equal distributions at a
99.9% significance level. Although this is not a proper
Bayesian hypothesis test¶¶ , it gives a certain indication
that the prediction made with our new approach is to be
preferred over that in (Holmes et al., 1999). Note that this
implies that there are two recombination events rather than
one.

DISCUSSION
We have proposed a new phylogenetic method for the
detection of interspecies recombination in DNA sequence
alignments, and we have compared our new approach
with two established methods: TOPAL and PLATO.
On a benchmark sequence alignment generated from
various synthetic evolution and recombination scenarios,
the new approach outperformed PLATO and TOPAL in
two respects. First, it could clearly distinguish between
recombination and rate variation. Second, it detected
all recombination events, whereas TOPAL and PLATO
failed as the detection difficulty increased (short branch
lengths and recombination between closely related
strains). On the Hepatitis B virus sequences, the new
approach reproduced (within the indicated uncertainty)
the breakpoints detected with TOPAL, while it also
predicted two additional breakpoints (the nature of which
still has to be investigated). A substantial disagreement
between the prediction of our new scheme with another
established method, LARD, was found on the Dengue
virus sequences. Although the KL measure was rather
noisy and the spatial resolution of the ASD measure poor,
they indicated a different segmentation of the alignment,
which was found to have a higher likelihood than the
segmentation predicted with LARD.

In spite of these fairly positive results, we need to point
out certain restrictions of our scheme. Figures 5 and 6
demonstrate that as the evolutionary distances decrease
(from top to bottom in both figures), the spatial resolution
of the ASD signal deteriorates. Also, spurious peaks tend
to occur, since ASD is a differential measure and therefore
susceptible to amplification of noise in the more robust KL
signal. Consequently, it still has to be investigated whether
the additional peaks found in the ASD signal in Figures 7
and 8 indicate true recombination breakpoints or just
artifacts caused by noise amplification. The sampling of
tree topologies with MCMC increases the computational

¶¶A proper Bayesian hypothesis test is based on the marginal likelihood
P (D|Hi). This requires an integration over the whole parameter space,
which is intractable.

costs, and the typical CPU time required on a SUN
Ultra-10 was 5 hours (to be compared with 1.5 hour for
PLATO, 10 minutes for TOPAL without bootstrapping,
and 16 hours for TOPAL with bootstrapping). The spatial
resolution for identifying the breakpoints of recombinant
regions is limited by the size of the sliding window. A
decrease of the window size increases the vagueness of the
posterior distributions and thus leads to degraded results.
As the number of strains becomes larger, the window
size has to be increased to ensure that the posterior
distributions are reasonably informative. This reduces the
spatial resolution of the detection scheme and thus soon
reaches the limit of practical viability as the number of
strains exceeds a value of about ten.

Nevertheless, in spite of these limitations, the positive
results on the synthetic benchmark data make us confident
that our new scheme can make significant contributions in
identifying the mosaic structure of DNA sequence align-
ments and may identify recombination events hitherto un-
detected with the established methods.
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