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Abstract

A dual multiple change-point (MCP) model was recently introduced to improve detection of recombination
among aligned nucleotide sequences in a Bayesian framework. To improve the precision of recombination identifi-
cation, one can employ informative priors on recombination locations. We develop a new class of prior distributions
for the dual MCP model that flexibly incorporate information about previously identified recombinants. We sug-
gest a simple rescaling procedure for our new prior to adjust the overall probability of recombination. Next, we
demonstrate how to specify prior distributions for recombination locations using previous analyses of individual
recombinants. Two possible types of prior information are considered: point-estimates and probabilities of recom-
bination locations. In both cases we demonstrate how to overcome data sparseness by employing Gaussian Markov
random fields. We examine two real examples of recombination analysis in HIV and apply our methodology to
summarize spatial recombination information produced by these studies.

1 Introduction

Recombination is an important cause of the large genome
rearrangements that punctuate the evolution of living
organisms. Further, recombination remains paramount
in rapidly evolving viruses that use it to adapt quickly
to changing environmental conditions [Worobey and
Holmes, 1999]. In human immunodeficiency virus (HIV),
recombination impacts on several questions of medi-
cal importance, including drug resistance [Kellam and
Larder, 1995] and vaccine development [Korber et al.,
2001]. Recent findings suggest that recombination is a
major force in the evolution of HIV with an in vivo rate
of 1-2 recombination events per generation [Shriner et al.,
2004]. The recombination frequency varies along the HIV
genome suggesting the existence of regions where the pro-
cess is promoted [Magiorkinis et al., 2003, Dykes et al.,
2004, Zhuang et al., 2002]. Although the mechanisms
generating such hot-spots are largely unknown, in vivo

[Galetto et al., 2004] and in vitro [Moumen et al., 2003]
studies support the involvement of RNA secondary struc-
ture. Strong interest in viral recombination has stimu-

lated both experimental [Dykes et al., 2004, Levy et al.,
2004] and theoretical [Posada, 2002, Suchard et al., 2003,
Husmeier and McGuire, 2003] research in the detection
and mapping of recombination.

The non-uniform genomic distribution of recombina-
tion, together with emerging estimates of recombination
locations, motivates the need for new models of recombi-
nation detection that are able to incorporate prior infor-
mation from previous studies. A dual multiple change-
point (MCP) model was recently introduced for accurate
estimation of recombination locations [Minin et al., Sub-
mitted]. Here, we introduce a novel prior distribution
over recombination locations that can be used to inject
such prior information into the dual MCP model. We
also give recommendations on how to rescale the distribu-
tion to control the overall prior probability of recombina-
tion. Summarizing prior information about recombina-
tion constitutes a challenge in its own right because there
are relatively few known recombinant sequences. Point-
estimates of recombination locations, usually reported as
boundaries of the genomic regions with different parental
heritage [Paraskevis et al., 2000, Levy et al., 2004], are
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the most abundant source of prior information. Unfortu-
nately, these estimates are sparsely distributed over the
length of the HIV genome providing little information
about the location of recombination hot-spots. Addi-
tionally, many studies reporting recombination locations
fail to quantify the uncertainty in their estimates. Recent
advances in phylogenetic recombination detection [Hus-
meier and McGuire, 2003, Suchard et al., 2002, Minin
et al., Submitted] make calculating site-specific recom-
bination probabilities possible. However, these methods
still analyze one putative recombinant at a time, and new
approaches are needed to average the results obtained
from multiple recombinant sequences.

In this paper, we address the sparseness of available
prior information by recruiting Gaussian Markov ran-
dom fields (GMRFs). These well-studied models are suc-
cessfully used in spatial statistics to take advantage of
the highly structured, spatial data [Elliott et al., 2000].
Through a GMRF, we impose a biologically relevant
correlation structure along the genome so that adjacent
parts share information about recombination. Bayesian
hierarchical models are adopted to accommodate two
possible sources of information about recombination lo-
cations, point-estimates and site-specific probabilities of
recombination. We use the results of earlier recombina-
tion studies to demonstrate the capabilities of the pro-
posed models. Finally, in the Discussion, we examine
issues that complicate interpretation of the results and
outline future work that will help improve our under-
standing of HIV recombination.

2 Methods

2.1 Dual multiple change-point model

As with most phylogenetic methods of recombina-
tion detection [Hein, 1990, Husmeier and McGuire,
2003, Suchard et al., 2002], we start with a multi-
ple sequence alignment of N homologous nucleotide
sequences of length S, encoded by a matrix Y =
{Yns}, where n = 1, . . . , N , s = 1, . . . , S and Yns ∈
{A,G,C, T/U,−}. Each site or column of the align-
ment, Y s = (Y1s, . . . , YNs)

t, is assumed to evolve in-
dependently and is assigned a set of parameters Φs,
necessary to define a likelihood f(Y s|Φs). To spec-
ify the likelihood, we adopt a standard phylogenetic
model that uses a continuous-time Markov chain over the
state-space {A,G,C, T} to describe the substitution pro-
cess resulting in the nucleotide polymorphism observed
in each column [Felsenstein, 2004]. The infinitesimal
transition rate matrix Λs, defining the Markov process,
is parameterized in terms of its stationary distribution
πs = (πsA, πsG, πsC , πsT ) and a transition/transversion

rate κs ∈ [0,∞] following Hasegawa et al. [1985]. To re-
duce the number of nuisance parameters in the model,
we fix πs to the observed nucleotide frequencies across
the whole alignment. This leaves us with one free param-
eter κs defining the matrix Λs = Λ(κs). To complete the
phylogenetic model specification, we need a bifurcating
tree topology τs, describing the history of nucleotide sub-
stitutions, with branch lengths Bs = (b1,s, . . . , b2N−3,s)
representing the expected number of substitutions be-
tween the bifurcation events. We further reduce the num-
ber of free parameters in the model by integrating Bs

out of the likelihood through assuming an exponential
prior on each branch length p(bi,s) ∝ exp(−bi,s/µs) for
all i = 1, . . . , 2N − 3. In summary, the likelihood of site
s is a function of three parameters Φs = (τs, κs, µs).

To characterize a recombinant, we need to infer the
segments of the sequence that support different tree
topologies when aligned against reference sequences. To
accomplish this, we introduce a set of topology break-
points 1 = θ0 < θ1 < · · · < θM < θM+1 = S + 1 and fix
τs = τm, for all s ∈ [θm−1, θm). Topologies from adjacent
segments are constrained to be distinct to assure that
θ represents a unique vector of recombination locations.
The duality of this model comes into play when we intro-
duce a similar set of change-points for substitution pro-
cess parameters µs and κs. Although substitution model
parameters are not of direct interest during recombina-
tion detection, appropriate modeling their spatial varia-
tion improves the resilience of our model to false positive
recombination identification [Dorman et al., 2002]. The
specification of prior distributions for all parameters and
details of Markov chain Monte Carlo (MCMC) sampling
from the posterior distribution of the dual MCP model
are described by Minin et al. [Submitted].

2.2 Informative prior for recombination

locations

The dual MCP model is not only more accurate than
previous models [Minin et al., Submitted], but also allows
the construction of flexible site-specific prior probabilities
of recombination

ps = Pr(s ∈ {θ1, . . . , θM}) for s = 2, . . . , S, (1)

where ps is the probability that site s is a recombination
break-point. In the original dual MCP model all uncon-
strained topology break-points θ1, . . . , θM are a priori

uniformly distributed given M , while M itself follows a
truncated Poisson prior distribution with mean λ. This
formulation leads to a spatially uninformative prior with
equal site-specific recombination probabilities

ps =
1

S − 1

S−1
∑

m=0

m Pr(M = m) ≈
λ

S − 1
, (2)
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Figure 1: Graph describing the neighboring structure of the Gaussian Markov random field for γ = (γ2, . . . , γS)
along the genome.

where the above approximation holds since S � λ. We
propose to directly estimate site-specific prior probabili-
ties from existing spatial recombination information. No-
tice that in the site-specific model ps control both the
overall probability of recombination 1 −

∏S
s=2(1 − ps)

and its spatial preference. We show how to compute a
scaling constant C to adjust the prior probability of re-
combination

1 −

S
∏

s=2

(1 − Cps) = δ, (3)

for an arbitrary δ ∈ (0, 1). C can be adjusted to set δ,
often at 0.5 for an uninformative prior, while the trans-
formed site-specific prior probabilities p̃s = Cps retain
the spatial information about recombination rates. We
rely on the approximation ln(1 − p) ≈ −p, accurate for
small p, to arrive at

ln

S
∏

s=2

(1 − p̃s) =

S
∑

s=2

ln(1 − p̃s) ≈ −C

S
∑

s=2

ps. (4)

Approximation (4) suggests that site-specific recombina-

tion probabilities, rescaled by C = − ln(1− δ)/
∑S

s=2 ps,
approximately satisfy the desired condition (3).

2.3 Recombination location point-

estimates

We now turn to the problem of using previous recom-
bination studies to estimate prior site-specific probabil-
ities ps. Suppose that point-estimates of recombination
break-point locations are available from K different re-
combinant sequences. We can map these location onto
an alignment of the K sequences and associate with each
site the total number of recombination occurrences Zs

and the total number of trials (opportunities for recom-
bination) Ts ∈ {1, . . . ,K}. This latter quantity repre-
sents the number of recombinant sequences that have
homologous nucleotides at site s and varies with s due
to insertions and deletions in the evolutionary process.

Assuming independence between recombination
events, Zs follows a binomial distribution

Pr(Zs = z|ps, Ts) =

(

Ts

z

)

pz
s(1 − ps)

Ts−z . (5)

With sufficient observations of recombination, we could
directly estimate ps as the frequencies of observed break-
points across recombinants. However, in practice, the
total number of observed recombination events is a few
orders of magnitude less than the number of sites S.
Therefore, {Zs} constitutes a very sparse data set. To
overcome this sparseness, we argue that site-specific re-
combination probabilities should have similar values at
adjacent nucleotides. To model such a spatial depen-
dency, we assume a GMRF prior on the site-specific re-
combination log-odds

γs = log

(

ps

1 − ps

)

. (6)

GMRFs, also known as conditional auto-regressions,
form a large class of models frequently used in im-
age processing and spatial epidemiology [Besag et al.,
1991, Knorr-Held and Rue, 2002]. They introduce spa-
tial smoothing into a finite set of model parameters. If
we specify an undirected graph G = (V , E) with nodes
V = {1, . . . , l} and edges E = {(i, j) ∈ V × V}, then
random quantities at these nodes x = (x1, . . . , xl) follow
a GMRF with respect to G, provided x ∼ N(ν,Q−1)
where ν is a mean vector and Q = {Qij} is a precision
matrix of a multivariate normal distribution, such that
Qij 6= 0 if and only if (i, j) ∈ E .

Let ∂(i) = {j : (i, j) ∈ E} denote the set of neighbors
of the i-th node and let the notation xA = {xi : i ∈ A}
and x−A = {xi : i /∈ A}, A ⊂ V refer to subsets of
x. Then, the non-zero pattern of the precision matrix Q

and the formula for the full conditional distribution of a
single component

xi|x−i ∼ N(νi −
∑

j 6=i

Qij

Qii
(xj − νj), Q

−1
ii ) (7)

imply the Markov property p(xi|x−i) = p(xi|x∂(i)). Al-
ternatively, one can start with the Markov properties to
define a Markov field provided that all full conditional
distributions are mutually compatible and a positivity
condition is met [Besag, 1974, Besag and Kooperberg,
1995].

We use the intrinsic conditional autoregressive (ICAR)
parameterization to model spatial interactions among
recombination log-odds γ = (γ2, . . . , γS) [Besag et al.,
1991]. Figure 1 shows the graph representing spatial
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Figure 2: Recombination counts and inferred recombination log-odds. On the top the HIV gene map is depicted. The
bottom plot shows counts of recombination occurrences (right vertical axis) as vertical yellow bars. Superimposed
on them are posterior medians (solid line) and 95% confidence intervals (dashed lines) of recombination log-odds
(left vertical axis).

dependencies of recombination locations. This linear
graph is motivated by the linear processivity of reverse
transcription during which recombination occurs. Our
GMRF can be formulated by a set of full conditional
distributions of components of γ:

γ2|γ−2 ∼ N(γ3, ω
−1),

γs|γ−s ∼ N
(

γs−1+γs+1

2 , 1
2ω

)

for s = 3, . . . , S − 1, and
γS |γ−S ∼ N(γS−1, ω

−1).

A diffuse prior on the spatial precision parameter ω ∼
Γ(0.01, 0.01) completes our model specification. Express-
ing the distributions (8) in terms of a multivariate normal
reveals a GMRF with mean ν = 0 and precision matrix

Q = ω ×















1 −1 0
−1 2 −1

. . .
. . .

. . .

−1 2 −1
0 −1 1















. (8)

In the view of equality Q1 = 0, it is clear that matrix Q

is not positive definite, leading to an improper joint prior
distribution for γ. However, the propriety of the poste-
rior distribution has been shown for generalized linear

models under mild conditions that are usually satisfied
in the presence of any informative data [Ghosh et al.,
1998, Sun et al., 1999]. Although other GMRF formula-
tions are possible, the ICAR model is the most popular
choice when imposing strong spatial correlations [Besag
et al., 1991]. The posterior distribution of all model pa-
rameters

Pr(γ, ω|Z)

∝ Pr(Z|γ)Pr(γ|ω)Pr(ω)

∝

S
∏

s=2

(

eγs

1 + eγs

)Zs

(

1

1 + eγs

)Ts−Zs

× (9)

ω(S−2)/2 exp

(

−
ω

2

S−1
∑

s=2

(γs − γs+1)
2

)

×

ω0.01−1e−ω×0.01,

can be derived only up to a proportionality constant.
As a consequence, we employ MCMC methodology to
generate a random sample from distribution (9) and then
draw inference from summaries of this finite sample.

4



  0 100 200 300 400 500 600 700 800

0.
00

0.
05

0.
10

0.
15

0.
20

0.
25

r1
r2

r3
r4

r5
r6

r7
r8

r9
r10

r11

Nucleotide Location

 

R
ec

om
bi

na
tio

n 
P

ro
ba

bi
lit

y

                                                                                                                      

               

            

   

                                                                                                                                                               

           

       
                        

                     

          

   
           

  
      

 
   

 
                   

                     
 

                              

                  

                                                                       
 
                         

                                                                                                                                                                                                                                                                                                                                                                                   
                                 

     
 

                 
          

                                                                                                                                                                                                                                                                    
                                                             

                                                                                                                                                                                                                                                                                                                                                       

            

         

                                                                                                                       

                
                

                                                                                
           

    

                                                   
                                                                                                                   

          

                                 
                   

                                                                                                                               
                

   

              

    
               

                                                                                          

                 

                                                                                                                                                                                                                      
                                       

           

                                                                                                                                                                                 
                        

                                                                                             

                     

                                            
  
                                                                                                                         

                       
             

                                                                                                                           
                            

                                                                                                                                                                                                       

              
       

                                                            

      

               
   
              

                   
       
  

            
    
 
  
  

                       
      
    
                                                                                                                                                                                                                                                                     

                                                                                                                                                                                                                                                                                                                                                               
                   

 

   

                     
         

      
           

          

                  
                                                                                                                                                                                                                                                   

                                                                                                                                                                                                                                                                                                                                                                                   
   
                                   

 
           

      
    

        

                                                                                                                                                                                                                                                             
                                                                                                                                                                                                                               

                                  
                                                                       

                         
   
               

                           

   
 

                                        
   

                                                                                                                                                                                                                                                             
                                                                                                                                                                                                                                                                      

                        
                                       

         
                                              

                                                           
    
        

    

                                                                                                                                                                                                                                                              
       
                                                                           

           

   

                            
                                                                                                                                                                                                                                   

 

  
 

                     
                                                                                                                                                                                                                                                                

Figure 3: Results of individual analyses of 11 gag recombinants. Recombination probabilities are plotted for each
site along the gene and for each recombinant. Recombinants are assigned distinct colors.

2.4 Site-specific recombination probabil-

ities

Suppose that we have an alignment of length S with K
recombinant sequences, but instead of recombination lo-
cations, a table P = {pks}, k = 1, . . . ,K, s = 2, . . . , S
of site-specific recombination probabilities is provided.
Notice that gaps in the alignment result in missing en-
tries in table P . We do not impute the missing data in
our calculations, since if a recombinant lacks a particular
nucleotide in its genome, recombination could not have
occurred at that site. To simplify notation, we rearrange
table P so that each column contains only non-missing
values allowing for unequal number of observations across
columns. We assume that observed log-odds of recom-
bination at each site are normally distributed about an
unknown site-specific mean ηs with variance ψ−1,

log

(

pks

1 − pks

)

∼ N(ηs, ψ
−1). (10)

Although this model postulates a common variance
across sites, heterogeneity in recombination probabilities
is achieved by allowing the means η = (η2, . . . , ηS) to
differ. To address the sparseness of the data, we assign
an ICAR prior for site-specific means η as in (8). Af-
ter specifying a diffuse prior for ψ ∼ Γ(0.01, 0.01), the
posterior distribution becomes

Pr(η, ψ, ω|P ) ∝ Pr(P |η, ψ)Pr(η|ω)Pr(ω)Pr(ψ). (11)

The main difference between posterior distributions (11)
and (9) is the definition of the likelihood

S
∏

s=2

ψTs/2 exp

{

Ts
∑

k=1

[

log

(

pks

1 − pks

)

− ηs

]2
}

, (12)

where Ts is the number of non-missing entries in column
s. Notice, that the Gaussian form of (12) and the ICAR
prior on η imply that full conditional distribution of η is
also multivariate normal. Hence, it is possible to imple-
ment a Gibbs sampler for all model parameters, leading
to more efficient exploration of the posterior distribution
(11). For both models, we use WinBugs [Spiegelhalter
et al., 1999] for posterior simulation.

3 Results

We first apply our methodology to the recombination
point-estimates reported by Magiorkinis et al. [2003].
These authors examined 35 full-length HIV genomes of
putative recombinants and identified 247 break-points by
bootscanning [Lole et al., 1999]. Poor spatial resolu-
tion of recombination detection with bootscanning does
not allow us to consider site-specific recombination esti-
mates. Instead we group nucleotides into 86 consecutive
blocks, each containing 100 sites. We record the num-
ber of recombinations per block Zs for s = 1, . . . , 86 and
use them as our dataset to infer recombination log-odds
γ = (γ1, . . . , γS). A histogram of these counts is de-
picted in Figure (2) in yellow. Additionally the posterior
distribution of recombination log-odds η is summarized
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Figure 4: Probabilities of recombination averaged over individual gag sequences estimated in the presence of an
ICAR prior. The locations of gene products within the gag gene are plotted on the top. The bottom plot contains
posterior medians (solid blue) and 95% Bayesian credible intervals (yellow shading) of recombination log-odds
ηs, s = 2, . . . , S, transformed back to probability space.

with the posterior medians (solid blue) and 95% Bayesian
credible intervals (dashed blue). This data set does not
contain sufficient information to draw conclusions about
hot-spot locations. Nevertheless, it appears that a re-
gion in the middle of the env gene is less likely to re-
combine than the rest of the genome. This domain of
low recombination occurrence overlaps with the surface
glycoprotein gp120 gene whose genetic hyper variability
HIV exploits to evade the host immune response. This
finding is consistent with the positive correlation of re-
combination locations and sequence similarity reported
by Magiorkinis et al. [2003].

In our second example, we concentrate on recombina-
tion within the gag gene of HIV. This gene spans about
700 nucleotides. Yirrell et al. [2002] collected 11 gag re-
combinant sequences in Uganda. We independently an-
alyzed each sequence with the dual MCP model to ar-
rive at site-specific probabilities of recombination and
collected these estimates into matrix P . We plot the
entries of P in Figure (3) as vertical bars. The horizon-
tal plane of this three dimensional plot contains a two
dimensional grid of nucleotide indices and recombinant
labels. Colors in Figure (3) are used to help visualize dif-
ferent recombinant sequences. Next, we apply our model
for site-specific recombination probabilities to the results
of the dual MCP analyses in order to summarize the pat-
tern of recombination occurrences in the gag gene. Fig-
ure (4) shows protein products p17 and p24 within the
gag gene at the top and results of our analysis in the

bottom plot. In this plot, we show posterior medians
(solid blue) and 95% Bayesian credible intervals (yellow
shading) of recombination log-odds ηs, transformed back
to probability space, ps = eηs/(1 + eηs). There is an ap-
parent region of high recombination probability near the
boundary between p17 and p24.

4 Discussion

We introduce a new class of priors for recombination lo-
cations along a genome that can be used with the dual
MCP model [Minin et al., Submitted]. After suggesting
a simple rescaling procedure for our prior, we propose
two models to summarize previous recombination detec-
tion studies to specify this prior. In both models, we
recruit GMRFs to overcome the sparseness of existing
recombination estimates. Motivated by Besag’s inter-
pretation of the ICAR parameterization as a “stochastic
version of linear interpolation” [Besag et al., 1991], we
use the GMRF to interpolate recombination log-odds at
sites where recombination has not been previously doc-
umented. The spatial correlation structure that we im-
pose on recombination locations has a meaningful bio-
logical interpretation. In retroviruses, recombination oc-
curs during template switching by reverse transcriptase
as it linearly copies the viral RNA genome into DNA [Ne-
groni and Buc, 2001]. Therefore, we expect adjacent nu-
cleotides to have similar probabilities of recombination.
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However, base pairing between distant nucleotides in the
RNA secondary structure may also introduce more com-
plicated spatial patterns of recombination probabilities.
These long range interactions can be incorporated into
our GMRF model by adding appropriate edges to the
graph describing the neighboring structure of the Markov
field.

Our results of pooling information from several recom-
binants should be interpreted with caution. If the ana-
lyzed sequences originated from independent recombina-
tion events and one neglects selection forces, regions with
estimated high probability of recombination may be in-
terpreted as hot-spots. However, it is possible that sev-
eral seemingly different recombinant sequences share a
common ancestry and are the product of a single recom-
bination event more distant in the past. It is extremely
difficult to distinguish between these two possibilities. It
is common to conclude that sequences are descendents of
the same recombination event and discard all of them but
one, if the distance between their break-points is small
[Fang et al., Submitted]. In the view of the possible exis-
tence recombination of hot-spots, this approach may be
too conservative. New statistical tools are needed to test
these hypotheses.

Finally, to more efficiently use the information in a
moderate number of sequences, we plan to develop a
Bayesian hierarchical approach that simultaneously esti-
mates recombination break-points and their prior distri-
bution. Such a strategy pools information not only along
the genome, but also across different recombinants. A
further advantage of the hierarchical GMRF prior is that
additional covariates could be included into the model.
We plan to test if several local sequence features are asso-
ciated with recombination. We hope that using the right
covariates will help estimate break-points more efficiently
and shed light on the biological mechanisms leading to
non-uniform distribution of recombination events along
the genome.
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