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1 INTRODUCTION 
Algorithms for subtype classification and breakpoint detection of 
HIV-I sequences are based on a classification system of HIV-l. 
Hence, their quality highly depend on this system. Due to the his
tory of creation of the current HIV-I nomenclature, the current one 
contains inconsistencies like: 

• 	 The phylogenetic distance between the SUbtype Band D is re
markably small compared with other pairs of subtypes. In fact. 
it is more like the distance of a pair of subsubtypes Robertson 
et at. (2000). 

• 	 Subtypes E and I do not exist any more since they were dis
covered to be composed of recombinants Robertson el at. 
(2000). 

• 	 It is currently discussed whether - instead of CRF02 being a 
recombinant of SUbtype A and G - subtype G should be desig
nated as a circulating recombination form (CRF) and CRF02 
as a subtype Abecasis el at. (2007). 

• 	 There are 8 complete and over 400 partial HIV genomes in 
the LANL-database which belong neither to a SUbtype nor to a 
CRF (denoted by U). 

Moreover, the current classification system is somehow arbitrary 
like all complex classification systems that were created manually. 
To this end. it is desirable to deduce the classification system of 
HIV systematically by an algorithm . Of course, this problem is not 
restricted to HIV, but applies to all fast mutating and recombining 
viruses (like ... ). 

Our work addresses the simpler subproblem to score classifica
tions of given input sequences of some virus species (classification 
denotes a partition of the input sequences in several subtypes and 
CRFs). To this end, we reconstruct ancestral recombination graphs 

~ r tf if 
(ARG) of the input sequences under restrictions determined by the 
given classification (see Figure 2 for an example) . These restric
tions are imposed in order to ensure that the reconstructed ARGs 
do not contradict the classification under consideration. Then, we 
find the ARG with maximal probability by means of Markov Chain 
Monte Carlo methods. The probability of the most probable ARG is 
interpreted as a score for the classification. 

To our knowledge, this particular problem was not addressed up 
to now. The software package Lamarc Kuhner et at. (2000) allows 
for sampling ARGs, but it assumes that recombination events only 
involve one breakpoint. However. in HIV recombinants usually have 
more than one breakpoint. Moreover, Lamarc does not perform 
an explicit breakpoint detection, but tries to find them by chance. 
Although this approach is suitable for most situations, it will not 
lead to satisfying results in case of highly recombining viruses with 
multiple breakpoints (see also LAN (????b» 

2 METHODS 
A classification is a partition of the input sequences {51, ... , 5 n } 

into disjoint sets PI , ... , Pm p and R I , .. . , Rm r • where each set 
Pi contains the sequences belonging to the ith pure SUbtype and 
each set R. the ones belonging to the ith CRF. An example of a 
classification is given in the upper part of Figure I. 

In a preparing step, all input sequences are aligned and all po
sitions not composed entirely of non-gaps are discarded. Then the 
breakpoints of the input sequences designated as recombinants are 
identified and the SUbtypes of the resulting segments are classified 
by jpHMM Schultz el at. (2006); Zhang el at. (2006) Uumping pro
file Hidden Markov Model), shown in the lower part of Figure I. 
Here, we assume that the parental strains of the recombinants belong 
to the subtypes PI ) . . . , Pm p . 

jpHMM is a probabilistic generalization of the jumping
alignment approach introduced in Spang el at. (2002). Given a 
partition of the aligned input sequence family into known sequence 
subtypes, this model canjump between states corresponding to these 
different SUbtypes. depending on which subtype is locally most sim
ilar to a database sequence. Jumps between different subtypes are 
indicative of intersubtype recombinations. 

More strictly, assume the SUbtypes occurring in the considered 
classification are denoted by 51, ... ,5mp and the length of an al
leged recombinant sequence (also called the query sequence) is e. 
Then jpHMM provides a mapping f : Ne -+ Nmp ' i.e. , f assigns a 
subtype to each position of the query sequence. This mapping will 
also be called the segmentation of the query sequence. 

If a CRF is composed of several sequences. jpHMM is ap
plied only to one. The calculated segmentation is then valid for all 
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Figure 1. Example of an classification with 3 subtypes and 2 CRFs before and after being processed by jpHMM. The subtypes are composed of 3, I, and 2 
sequence(s), resp. , the CRFs of 2 and 1 sequence(s), resp. 

sequences belonging to the CRF. This approach could seem ques
tionable if jpHMM yielded dissimilar resuhs for different sequence 
8 a and 8b of the same CRF. But such diverging results of jpHMM 
would also indicate that the whole classification is rather poor since 
one should obviously not assign 8 a and 8b to the same CRF. Hence, 
the behavior of the algorithm to reconstruct a genealogy of low like
lihood in this case (due to assigning a inappropriate segmentation to 
either 8 a or 8b) will correct for the restricted application of jpHMM. 

The non-recombinant coalescent genealogy was introduced by 
Kingman (1982a,b) and extended to the recombinant case by Hud
son (1990). We apply a formulation of the recombinant genealogy 
similar to the one introduced in Kuhner el al. (2000). Like Kuhner 
el al. (2000), we discard lineages not contributing at least one site 
to the sample and we discard recombination events that do not sep
arate at least two sites contributing to the sample. The difference 
of our formulation consists in allowing for multiple breakpoints. 
I.e., the probability of a recombination event taking place is the 
same as in Hudson (1990); Kuhner el at. (2000), but an arbitrary 
amount of breakpoints can occur due to the recombination event. 
Using jpHMM with a sufficiently low jump probability to predict 
the breakpoints prevent the recombination events from yielding to 
many breakpoints, which would lead to strongly fragmented se
quences. As customary Hein el at. (2005); Wakeley (2008). we call 
a recombinant genealogy an ancestral recombination graph (ARG). 

The likelihood of an ARG G is the product of the probability 
of the data D with respect to the ARG P(DIG) and the probabil 
ity of the ARG given the evolution parameters P(GI8,r). Here 
e = 2NJ.L and r = C / J.L , where N is the effective population 
size, C is the per-site recombination rate and J.L is the per-site neu
tral mutation rate. Since we assume that mutations at different sites 
are independent, P(DIG) can be easily calculated sitewise. For the 
mutation process, a general time reversible (GTR) model Lanave 
el at. (1984) with mutation rate varying among the sites is used. 
The variation is modeled by a gamma distribution Yang (1994) and 
the parameters of the GTR model were estimated with Findmodel ? 

In coalescent theory, time is transversed backwards starting at the 
tips, generating genealogical events (i.e. coalescent events and re
combination events) according to their rate, until only one node is 

left (called the root node). The rate of coalescent is k(k - 1)/8, 
where k is the number of active lineages, and the rate of recombi
nation is r8, where 8 is the length of genome region in which an 
valid recombination event might occur, summed over all lineages 

(valid means not to be discarded because it does not contribute to 
the sample (see above». The prior probability of the ARG is 

P(GI8,r)= ( 2)NC r N [" '~ +r8i)]0 Rexp L:- (k(k-1) ti 

where Ne is the number of coalescent events and N R the number 
of recombination events in G, ki the number of active lineages be
tween the ith and (i + l)th genealogical event, 8; the sum of valid 
sites in that interval, ti the length of the time interval between the 
ith and (i + 1)th genealogical event. 

We approximate the most probable ARG of the input HIV se
quences imposing restrictions to the ARG G according to the 
classification. The score of the classification is given by P(GID) 
with 6 the approximation of G. In detail, these restrictions are 
(cf. Figure 2, in brackets are the colors given used to represent the 
respective sequences in the figures): 

• 	 A pair of sequences can only coalesce if 

• 	 both sequences belong to the same subtype (x) or CRF ( :< ), 
or 

• 	 the sequences (*) 
• 	 are the only sequences of their subtype left or 

• 	 belong to more than one subtype and are the parent of a 
coalescent event. 

Here, a sequence generated by a coalescence event is defined 
to belong to the same subtype(s) or CRF, resp., as its children, 
i.e., 

• 	 the parent of two subtype A sequences belongs to subtype A, 

• 	 the parent of two CRF I sequences belongs to CRF I, 

• 	 the parent of one subtype A and one subtype B sequence 
belongs to subtype A and subtype B. 

A sequence generated by a recombination event belongs to the 
subtype(s) its segments belong to. 

• 	 The sequences of a CRF must all coalesce before they undergo 
a recombination event. Only the last sequence left ( x ) is al
lowed to recombine. (Multiple) breakpoints have to be chosen 
such that the parental subtypes get separated and recombina
tion events have to take place until all parental subtypes are 
separated . 

These set of restriction rules are imposed in order to enforce 
ARGs which are plausible under the condition that the underlying 

2 



--- X-

HIV Classification 

x 

Figure 2. A legal ARG corresponding to the classification given in Figure I . 

classification is a reasonable one. This would not be the case, e. g., if 
subtype A sequences coalesced with subtype C sequences before co
alescing within their respective subtype or the two CRF I sequences 
recombined independently of each other without coalescing first. 

After having constructed an initial ARG, the likelihood of the 
ARG is maximized using Markov Chain Monte Carlo (MCMC). 

More precisely, in a first step an initial ARG G 1 is sampled from the 
coalescent distribution. Thereafter, by modifying the ARG slightly 
and accepting or rejecting these modifications based on how they 
affect the likelihood of the ARG, a Markov chain {GdiEN is 
generated. If no significant improvement of the likelihood seems 
achievable any more, the chain is cut off at the current chain position 
n and the likelihood of the most likely ARG 

. max P(DIGi )P(Gi I0,r)
l=l, ... ,n 

is interpreted as a score for the classification. We stop the MCMC at 
step n > M if 

maXi=I , ... ,n P(DIGi )P(G;l0 , r) < 1 + 8 
maXi=I, ... ,n-M P(DIG i )P(Gi I0, r) 

with M = 5000 and 8 = 10-8 Details about the MCMC are 
explained in the appendix. The parameter 0 was estimated with 

Lamarc 2 .1.3 Kuhner (2006). 
In the genome of several CRFs, segments are commonly classified 

to belong to an unknown subtype. In order to address classification 
problems involving unknown subtypes, we extend the restriction 
rules by additionally interpreting a sequence generated by a recom
bination event and belonging only to one, unknown subtype as the 

/\
X 

only sequence of its SUbtype left (cf. rules for coalescent events 
above). This case is illustrated in Figure 3. 

jpHMM is not able to detect segments belonging to an unknown 
subtype and, to our knowledge, up to now no tool is available 
for automatically segmenting into known and unknown subtypes. 
Hence, segments belonging to an unknown SUbtype have to be added 
manually in the classification after the application of jpHMM. 

3 RESULTS 

In order to test the scoring algorithm, four different settings were 
tested: 

I. 	 a representative selection of 40 HIV-l Group M sequences 
from subtypes A-K 

2. 	 the most basic classification having a CRF 

3. 	a complex classification involving all features offered by the 
algorithm except unknown SUbtypes 

4. 	 two classifications corresponding to the situation that 
• 	 CRF02 is a CRF and G a subtype and 

• CRF02 is a SUbtype and G a CRF. 

respectively. 


The model uses two different mutation rates since increasing their 

number did not improve the results , whereas a constant mutation 
rate performed considerably worse (data not shown). The per-site 
recombination rate C was set to 10-4 ? The parameter 0 was 
estimated by applying Lamarc 2.1.3 to 10 randomly chosen HIV
I Group M sequences, classified as pure subtypes in the LANL 
HIV sequence data base LAN (????a). Disabling recombination 
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Figure 3. A legal ARG corresponding to a classification having an unknown 
subtype (blue) 

and growth, Lamarc yielded e = 1.25. The gamma distribu
tion parameter of the GTR was estimated to be Q = 0.416 by 
Findmodel. 

3.1 Simulations studies 
3.1.1 Representative selection As an initial test and to verify that 
the method can correctly perfonn the easier task of constructing a 
phylogenetic tree (without recombinations) , 40 representative HIV
I sequences (7 from subtype A, 7 B, 11 C, 3 D. 3 F, 3 G, 2 H. 2 
K. 2 1) were chosen (using FigTree Fig (????» and the algorithm 
was applied to score the trivial classification (i.e .. all sequences be
long to one 'subtype'). Then the most probable ARG achieved by 
the MCMC was compared to the phylogenetic tree in Figure 7 of 
Schultz et al. (2006). In our tree, all sequences belonging to the 
same subsubtype or subtype, respectively. first coalesced with the 
other sequences of the subsubtype or subtype, respectively, before 
coalescing with sequences from other subsubtype or subtype, re
spectively. The remaining sequences of the subtype clustered like 
follows : 

((((A , G)(H, J»((B , D)(F, K») , C) 

In Schultz et al. (2006) the tree has the form 

(( ((A, G) , J), (C, H», (( B , D)(F, K))). 

We consider this sufficiently similar given that the branch lengths 
before the split into sUbtypes 1, C, and H are very short. 

3.1.2 Basic classification In order to test our algorithm we per
fonn the following steps for each original (true) classification in our 
test setting: 

1. 	 Simulate an ARG according to the original classification 

2. 	Simulate the mutation process on the ARG, thereby obtain 
simulated tip sequences 

3. 	Score both the original as weJ1 as a number of plausible 
alternative classification(s) using the simulated tip sequences 

l.original CRF3-3-a 

2.original CRF3-3-deg 

I 	
CRF3 -3-deg 

CRF3-3-deg-O 

test 

I 	 CRF3-3-a 

CRF3 -3-b 

Figure 4. Classifications used in the basic test sening. In the upper pa~ 
the two original classifications are given. Single-color boxes symbolize se
quences belonging 10 a pure subtype (same colors indicate same subtype). 
The multicolor ones symbolize sequences belonging to a CRF. showing its 
segmentation . In the lower part, the tested classifications are given. Single
and multicolor boxes symbolizes the same as for the original classifica
tions except that the segmentations of the CRFs are not given. Instead. the 
diagonal panems symbolize the CRFs. 

When the original classification scores higher than the test clas
sifications, this indicates that our algorithm works for the analyzed 
setting. In the first setting, we consider 4 classifications of 3 se
quences and two classifications are used as original classification 
(shown in Figure 4). 

In the first case, CRF3-3-a (a classification assigning different 
SUbtypes to the first two sequences and the third one to be a CRF 
of these two subtypes) is the original classification. For simulation 
of the tip sequences, the exact segmentation of the recombinant 
sequence is given. The three alternative test classifications are 
CRF3-3-deg (a classification assigning a different subtype to each 
of the sequences), CRF3-3-deg-0 (a classification for which the first 
and third sequence belong to the same subtype and the second one 
to another), and CRF-3-3-b (a permutation of CRF-3-3-a). Since for 
scoring the segmentation of the recombinant sequences of CRF3
3-a and -b is determined by jpHMM, no segmentation is given for 
recombinants of the tested classifications (neither for CRF3-3-a). In 
the second case, CRF3-3-deg is the original classification. 

For each of the two cases we generate 10 ARGs and for each ARG 
we simulate 5 sets of tip sequences. The results are shown in Figure 
6 and 7. 

In order to characterize the ARGs with respect of how feasible 
the task is to decide which classification is the original one, we in
troduce the following simple measure, illustrated in Figure 5: To be 
able to detect the recombination event, the nodes labeled by I and 2 
have to be sufficiently different. I.e. the 'separating distance ' should 
be large for us. Contrariwise, with a large 'noise distance', the se
quences of Node 1 and 2 can only be less precisely be reconstructed. 
le. the 'noise distance' should be small for us. The definition of the 
separating and noise distance is given in the Appendix . 

We can see that the log-likelihood of the alternative test clas
sifications is nearly almost lower than the one of the original 
classification. Moreover, a higher ratio of the separating distance to 
the noise distance seems to be lead to relative lower log-likelihoods 
of the alternative test classifications. 

Note that using p(Gle,r) with e and r given by Lamarc and 
the literature makes only sense if the tip sequence data is sampled 
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separating 

noise 

x 	 x-
Figure 5. ARG illustrating the "separating distance" and the "noise dis
tance". 

randomly. Obviously, this is absolutely not the case for our appli
cations. Hence, we neglect P(GI8 ,r) and only consider P(DIG) 
(Users who find a way to estimate 8 and r for their data hence have 
to incorporate this knowledge on their own). Anyways, normally 
the differences of P (DIG)P(GI8 ,r) for different classifications is 
strongly dominated by P(DIG). 

3.1.3 Complex classification The same test procedure as in Sec
tion 3.1.2 is applied. The investigated classifications are given in 
Figure 8. Due to the significantly larger running time for this set
ting, we only generate 3 sets of tip sequences per ARG. The results 
are shown in Figure 9 and 10. 

3.1.4 Classification preparing for application In Section 3.2, we 
will apply our algorithm to the question whether SUbtype G is actu
ally a pure subtype and CRF02 is a recombinant form (like assumed 
in Robertson et al. (2000» or G is a recombinant form and CRF02 
is a pure subtype (like claimed in Abecasis et al. (2007». The clas
sification systems which best describe the genealogical situation 
assumed in Robertson et al. (2000) and Abecasis et al. (2007), re
spectively, are given in Figure II. The results are shown in Figure 12 
and 13. They indicate that if we assume that the true ARG of HIV
1 is sufficiently well-behaved (high-ratio of separating distance to 
noise distance), we can infer which classification is more probable 
by means of our algorithm. 

3.2 Empirical data 

In order to decide which classification from Figure I I describes 
the real situation better, we randomly choose one HIV-l Group 
M sequence from each SUbtype A, G, H, and J and from CRF02. 
Applying our algorithm to them (performing 5 runs for each clas
sification in order to increase the probability that the MCMC finds 
the global maximum), yields a maximum value for log P (DIG) of 
-25499 for CRF02 being the CRF and -25612 for G being the CRF. 
These values indicate that probably the original classification is the 
right one. 

Since P(DIG) = TIi P(D;lG) where Di is the tip sequence data 
at position i, we can easily analyze which part of the genome sup
ports which classification better. To this end , we plot log P ( Di IG)

log P(DiIG') with G and G' the most likely ARGs of the two 
considered classifications (see Figure 14) 

Abecasis et al. Abecasis et al. (2007) applied monophyly rules 
to determine whether G oder CRF02 is a subtype. They obtained 
conclusive results for the region corresponding to 4393-4802 bp in 
HXB2, favoring CRF02 to be a subtype. This region corresponds 
approximately (to be done precisely) to 4500-5000 bp in our analy
sis. Figure 14 shows that our results do not support this conclusion. 
Anyways, one has to keep in mind that our method strongly differs 
from the one used by Abecasis et al. (2007). Moreover, on the one 
hand Abecasis method makes use only of a small part of the avail
able information and applies a model of low complexity. On the 
other hand, our method is only able to test two alternative classifi
cations fitting into the framework of the algorithm. Especially, the 
genome of CRFs is not allowed to be composed of other CRFs but 
only SUbtypes, which is surely not true for the real HIV-I data. 

3.3 Running time 

4 DISCUSSION 
The simulations studies clearly show that our algorithm works reli
ably in most of the cases. However, if the first ancestral sequences 
of the subtypes (indicated by a brown star and a single-color box 
in Figure 2) of an ARG are too similar or the tip sequences are too 
different to these first ancestral sequences, the algorithm can fail. In 
order to assess the quality of our algorithm, one has to keep in mind 
that normally it will be applied to (sub-)species well separated by 
founder effects Rarnbaut et al. (2004) . The presence of these effects 
ensure the true ARG being well-behaved for our purposes. Com
paring the results of CRF3-3 and CRF5-14 indicates that a higher 
quantity of genome data allows for better results. 

The facts that 

• 	 in Figure 7 the classifications CRF3-3-deg-O and CRF3-3-deg
I achieve sometimes a higher likelihood than CRF3-3-deg (al
though all ARGs which are legal for CRF3-3-deg-O or CRF3
3-deg-l , respectively, are also legal ones for CRF3-3-deg) and 
that 

• 	 running our algorithm on the same data yields different results 
(see Section 3.2) 

strongly indicate that the MCMC is not always able to find the 
global maximum of the likelihood, probably due to getting trapped 
in a local minimum. We plan to overcome this problem by applying 
Metropolis Coupled Markov Chain Monte Carlo (MC3 

) methods. 

In the near future , we plan to incorporate additional rules (like 
intra-subtype recombination) in our algorithm and allow for growth 
of the population and temporally spaced sequence data. In the long 
run, we will generalize our approach and search the space of ARG 
without imposing restrictions (coming from some classification). 
This search will be guided by using an evolved jpHMM which al
lows to decide which kind of (multiple) recombination events are 
plausible due to the data. 
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Figure 6. Testing result for the basic test sening with CRFJ-3-a being the original classification. On the vertical axis, log P( DIGT ) - log P(DIGo) is 
given, with GT the most likely ARG for the test classification and GO the most likely reconstructed one for the original classification. On the horizontal axis, 
dsep and lin ., is given for each of the 10 generated ARGs. All points on a vertical represent test conducted for the same ARG with the same tip sequences 
data (For clarity, points with very similar y-values were shifted slightly horizontally). [n case a test classification contains at least one CRF, but jpHMM was 
not able to detect any (i.e. all alleged CRFs were diagnosed to belong to a pure subtype), the test results are omined. In case that jpHMM designated all CRFs 
of the original classification to belong to pure subtypes, all test results for this tip sequences data set are omined as well. 

5 APPENDIX: MCMC DETAilS AND MOVE TYPES 

5.1 MCMC details and move types 
Markov chain Monte Carlo for ARGs fulfilling the restrictions im
posed by a given classification is described, including proposal 
mechanism used. 

Let G and H be ARGs. Then the change from G to H is accepted 
if 

P(DIH)P(HI8)Q(H,G) 

T:= P(DIG)P(GI8)Q(G, H) > U 


where u is sampled from a uniform distribution on [0, 1J. Q(G, H) 
denotes the proposal probability specifying the probability to gener
ate H in the next step given G is the current ARG. 

Note that, if 

Q(H,G) = CP(GI8), Q(G, H) = CP(HI8) (I) 

with C > 0, 

T = H~) (2)-=oP(c--::D:-c-:I 

P(DIG) 

Hence, if a proposal ARG is sampled with respect to a conditional 
coalescent distribution, T only depends on the probability of the data 

with respect to the genealogy. 

In total, we apply five different types of proposal mechanisms 
(moves), chosen such that the whole space of legal (i.e. fulfill
ing the classi fication-given restrictions) ARGs can be entirely be 
traversed and the MCMC converges fast into areas of ARG with 
high likelihood. The last three of them fulfill (2). Except the first 
move (which is a global rescaling operation), all perform local rear
rangements, i.e., among all subgraphs fulfilling specific topological 
and typological properties one subgraph is chosen randomly and is 
rearranged. 

In the description of the moves, we will use the following 
notation: 

• 	 Given an ARG G, its nodes are denoted by N = Nc. Let 
Tip(G) be the tip nodes of G and Int(G) = Nc \ Tip(G) 
the internal nodes of G. Denoting the subtypes of the clas
sification by S = {S1, ... ,Smp} and its CRFs by C 
{C1 , . .. ,Cmr }, we define Type : N -+ S U C U {Imp} 

Si, if n belongs only to subtype Si 
n -+ Ci , if n belongs to CRF Ci

{ Imp, else 
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Figure 7. Testing result for the basic test setting with CRF3-3-deg being the originaJ classification. On the abscissa, the number of the generated ARG is 
shown. For other details, see Figure 6. 

l.original CRfS-14-a 

Ix lx 4x 4x 2. 

2.original CRfS-I4-deg 

Ix 2x 4x 4x 2x 

I 
CRfS-I4-deg 
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Ix 2x 4x 4x 2xtest 

CRfS-I4-a 

Ix lx 4x 4x lx 

1 CRfS-I4-b 

Ix lx 4x 4x lx 

Figure 8. Classifications used in the complex test setting. For details, see Figure 4 

where Imp is a symbol standing for "impure" . 	 S(n). Furthermore, we define 

• 	 The child(ren) and parent(s), respectively, of a node n E N is 

denoted by C(n) E P(N) and P(n) E P(N), respectively. 

If n has only one child or parent, respectively, C(n) or P(n), 
 P(n), if d = 1 and #P(n) = 1 

respectively, are also interpreted as elements of N. If n has two p(pd-1(n)), if d > 1 and #P(pd-1(n)) = 1 
{

children or parents, respectively, they are denoted by C 1 (n) undefined, else 


and C2(n) or P1(n) and P2(n), respectively. In case n has 

only one child, it has to have a spouse, which is denoted by 


for dEN. Moreover, the age (i .e. time of generation) of n E N 
is denoted by T( n). 
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Figure 9. Testing result for the basic test setting with CRFS-14-a being the original classification. For details, see Figure 6 and 7. 

• The container of n E N is defined by 

ifn E Tip(G) or #C(n) = 2 
if S(n) is defined 

("B" stands for "Box"). We denote the set of all containers of 

G by B = Be, i.e., 

B := {B(n) : n E N}. 

In detail, the five moves are: 

l. 	Scaling move: For all non-tip nodes n, T(n) is multiplied by 

C ~ U([1 - 0, J~6]) with 0 < 0 « 1. 

2. 	 Branch-Swapping move: This move is similar to the Wilson
Balding move described in Drummond el al. (2002). Among 
the set 

{n E N: #C(n) = 2} 

one (target) node nt is chosen randomly. Then, one (destina
tion) node nd is chosen randomly among the set 

{n EN: #P(n) = 1, Type(n) = Type(nt), 

T(n) < T(nt) < T(P(n))}, 

Finally, nt is moved with one of its children such that nt be
comes the parent of nd and the child of the former parent of 

nd, and the other child of nt becomes the child of the former 
parent of nt (see Figure 15). 

3. 	 Node age move: Let b1 , ... ,bn be the non-tip containers or
dered by age, i.e., T(bi ) ~ T(b j ) for i < j. For this move, 
a non-root and container bi E B is chosen randomly among 
b1 , ... , bn - 1 . Then one of the three following moves are car
ried out with equal probability: The age of the container is 
drawn from a conditional coalescent distribution (with given 
population parameters) conditioned on that 

a. 	 the order of the containers does not change 

b. 	 T(b 1 ) ~ ... ~ T(bi+l) ~ T(b i ) ~ T(b i +2 ) ~ .•. ~ 

T(bnl (this move is forbidden if bi +1 contains the parent(s) 
of bi ) 

c. 	 T(b J ) ~ ••• ~ T(bi - 2 ) ~ T(bi ) ~ T(bi - 1 ) ~ .. • ~ 
T(bn ) (this move is forbidden if i = 1 or bi+ l contains a 
child of bi ) 

The move under b) is also called an "up move", the one under 
c) a "down move". 

4. 	 Coalescent move: A (target) node nt is chosen at random from 

{n EN : #C(n) = 2 #P(n) = 1}. 

The neighborhood of rearrangement consists of the target node, 

its children, parent, and parent's other child. This move makes 
changes of two kinds : it may reassign the three children among 
target and parent, and it modifies the branch lengths within the 
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Figure 10. Tesling result for the basic test setting with CRF5-l4-deg being the original classification. For details, see Figure 6 and 7. 

A H J 02 
Gis CRF 

A G H J 02 
CRF02 is CRF 

Figure 11. Class ifications used in Section 3.2 for deciding whether subtype G or CRF02 (=02) is a pure subtype or a recombinant form, respeclively. The 
gray segment in the lower segmenlation of CRF02, indicates a part of the genome designated to stem from an unknown SUbtype. 

neighborhood. The new branch lengths must remain within the 
constraints imposed by the times of the three children and of 
the parent's ancestor; these times define the boundaries of the 
neighborhood. Conceptually, the portion of the genealogy in
volving these nodes is erased and must now be redrawn. This 
move is based on the rearrangement move introduced by Kuh
ner el af. (1995) (Large parts of this description were taken 
from Kuhner el al. (1995». Technical details for ARGs with
out recombination events are described in Kuhner el al. (1995), 
our extension to ARGs with recombination events is not shown 
due to the length of our deduction. 

5. 	Recombination move: This is the most complicated move and 
is introduced in order to reorder nodes involved in recombina
tion events. Among 

{n EN: #P(n) = 2} 

a (target) node nt is chosen randomly. Let the sets {R;liENo 
and R be defined by 

Ro 

R 
{nt}, 

{n EN: :3no E Ri- l : #P(no) = 2, n E P(no)} , 

i EN, 

R - UR 
iEN 

and 

H:= {n EN: 3no E R: #P(no) = 1, P(no) = n} 

(cf. Figure 16a). All nodes belonging to Rand H (except nt) 
are removed from the ARG and 

Vh E H Vno E C(h), no (j. R: P(no) <- pd(no), 

d = min{i ~ 2 : pi(no) (j. H} 
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Figure 12. Testing result for the basic test setting with "CRF02 is CRF' being the original classification. For details, see Figure 6 and 7. 

(cf. Figure 16b). Realize that d = 2 if no unknown subtype 
occurs and at least two subtypes have to be present in order to 
make this move work. Now, denote by 

a recombination event which separates the SUbtypes {S1' ... , Sn} 
into the SUbtypes {Sil'" . ,Si"l } and {Sj1' ... , Sjn2} (called 
R-event) and by 

S ---> T 

the event of a node belonging to subtype s being connected 
to the rest of the ARG by a coalescent event (called C-event). 
Let J'vl be the set of finite sequences of such R- and C-events 
such that, if carried out chronologically on nt, lead to a legal 
ARG. Then m E !vi is chosen randomly and nt is reconnected 
according to m, where the age of the newly generated nodes 
is chosen randomly from a simply sampleable distribution (not 
the conditional coalescent distribution). E. g., 

{O, 1, 2} ---> {O, I}, {2}, 2 ---> T, {D , I} ---> {OJ, {I}, 

D ---> T, 1 ---> T 

would lead to an ARG like shown in Figure 16c. Then a 

fixed number of extended "node age moves" is applied to the 
newly generated nodes, where "extended" means that, addi
tionally to the move described under 3., a movement of nodes 

of H beyond their parent and children is allowed under su it
able circumstances (cf. Figure 17). In more detail, we relax the 
conditions (b) and (c) under 3. by allowing "up moves" also 
if bi+ j is non-root and the parent of bi and "down moves" if 
#C(bi - J) = 2. After having carried out such moves, we have 
to reconnect the nodes accordingly to the ARG like follows : 

• 	 "down move": Sample j ~ U(1, 2), and set P(nd) <

P(n t) , P(nt) <- nd, P(Cj(nd)) <- nt 

• 	 "lip move" : Let nc := {n E C(nt) : #C(n) i' I} and 
set P(nt ) <- P(nd), P(nd) <- nt, P(nc) <- nd. 

The ARG obtained by this procedure is the result of the 
"recombination move". Notice that this move would only not 

violate (l) if P(T"'I) = P(T"'2) for mj, m2 E !vi, where 
T", is the set of ARGs which could be generated according to 
m. But since all m involve the same number of coalescent and 
recombination events and we do not sample, but seek a max
imum, this seems to be an acceptable compromise between 
exactness on the one hand and complexity and speed on the 
other. In case we intend to sample ARGs in the future, we will 
have to allow for moves between T", 1 and T"'2 for different 
m] and m2 instead of only carrying out extended "node age 
moves". 

5.2 Separating and noise distance 
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