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Abstract within strains hosted by the avian population. Recent work
has shown that reassortment events among human-hosted
The evolutionary histories of viral genomes have re- strains also play a large role in the inter-pandemic evolution
ceived significant recent attention due to their importance of the virus, with at least three reassortment events occur-
in understanding virulence and the corresponding ramifi- ring between 1999 and 2004 [6].
cations to public health. We present a novel framework 0 ggforts to detect reassortment events among influenza
detect reassortment events in influenza based on the comgyains using genomic data have been based on construct-
parison of. two dlstrlputlons of phylogenetic trees, rather ing a fixed phylogeny relating each segment of the strains
than a pair of, possibly unreliable, consensus trees. Wenger study. These trees are then compared to detect dis-
show how to_de_tect_ all high-probability |ncon5|_sten0|es_ be- agreements between the trees (Fig 1). This approach has
tween two distributions of trees by enumerating maximal geyeral limitations. First, such an inspection provides no
bicliques within a defined incompatibility graph. Inthe pro- 4 aniitative measure of confidence that a putative reassort-
cess, we give the first quadratic delay algorithm for enumer- ey s real. Second, it provides no assurance that all reas-
ating maximal bicliques within general bipartite graphs. gqrments that are present have been found. Third, because
We demonstrate the utility of our approach by applying itto he sequences of thousands of influenza genomes are now
several sets of influenza genomes (both human- and aVia”availabIe, with more being sequenced all the time, it has
hosted) and successfully ide.ntify all known reassortmen.tkJecome prohibitively time-consuming to compare the large
gvents anq a few novel candidate reassortments. In f"‘dd"trees by hand. Finally, comparing fixed phylogenies does
tion, on simulated datasets, our approach correctly finds o take into account the large amount of uncertainty in es-

implanted reassortments and rarely detects reassortments[imatmg the evolutionary history of an influenza segment.

where none were introduced.
Ideally, we want to be able to detect reassortment events

or the lack of them with confidence and despite any un-
certainities in the phylogeny. This is the Achilles heel for
the application of algorithms for comparing fixed gene trees
The influenza genome consists of eight disjoint RNA (e g.[15, 7, 14, 13, 4, 11]) to reassortment detection. While
segments, each functioning as a small chromosome. WheRhese tools provide automated procedures for detecting dis-
a Single host is Simultaneou5|y infected with two strains of agreements between phy|ogenies they do not take into ac-
the influenza virus, the progeny virus particles may con- count the possibility that putative disagreements may result
tain a mixture of segments from the two parent strains. It from errors and uncertainties within the phylogenetic recon-
is believed that the pandemic strains of 1957 and 1968,struction. Phylogenies are particularly difficult to estimate
for example, arose when such reassortment events incorpofor influenza, because although influenza evolves rapidly,
rated novel immunogenic genes to which the human popula-we consider thousands of closely related strains at once,
tion had little immunity. Reassortmentare very common  some of which have been sampled quite close in time. It
INote the distinction from rearrangements; aside from being a funda- Is therefore nearl_y certain that, I.n prac.tlce’ any single in-
mentally different biological process, rearrangements allow for a portion f€fred tree contains errors. While taking a consensus of
of a chromosome to be replaced and are not known to occur in influenza. trees may eliminate false features, it also reduces the reso-

1. Introduction




Such a high-probability disagreement between the sets indi-
cates that it is unlikely that the true trees represent the same
evolutionary history (we make this statement more precise
later), and hence that it is likely that a reassortment of the
segments has occurred. Furthermore, if the above question
is answered in the affirmative we would like to know sets of
taxa that are likely to be the product of such events.

Figure 1. Schematic showing the effect of two Weighted sets of trees can be readily obtained using
reassortment events on a pair of phyloge- either bootstrap sampling or using Bayesian MCMC ap-
netic trees. Triangles represent subtrees. The taxa  proaches to phylogentic tree reconstruction. Bayesian ap-
within the shaded subtrees are reassortants: strains proaches are particularly attractive here as they provide an
within subtree labeled “b” inherited one segmentfrom  ensembleof possible trees for each gene or segment with
strains at time 1 and another segment from time 2.  an associated posterior probability based on the distribu-
Similarly, strains in subtree “e” inherited segments  tion from which they were sampled. They are also popular
from strains at times 3 and 4. Note that several re-  because of their speed and accuracy. Hissribution of
assortments may be present within a single data set, trees elegantly captures the uncertainty in phylogenetic re-
and we would like to find them all. construction: if a single tree is heavily weighted, it is more
likely to be the correct one. Interestingly, while tools like
lution at which we can examine the tree and discards usefulMrBayes [19] and BEAST [5] allow us to easily sample
information. Thus, it is important in the case of influenza from a distribution of trees, in many contexts, subsequent
that methods for detecting disagreements between evolu@nalysis is often restricted to just using the consensus tree.
tionary histories are robust against errors in estimating those In this paper, we present a novel approach to uncov-

HA tree NA tree

histories. ering reassortments by finding high-probability disagree-
Another set of tools that are likely candidates for detect- ments between distributions of trees, rather than just con-
ing reassortments are those devoted to detecgngmbi- sensus trees. We do this by recasting the problem as one

nation between sequences (e.g. [12, 3, 16]). While, reas-of finding maximal bicliques [2, 9, 10] within a bipartite
sortment and recombination are biologically very different graph such that the weights of the node sets (defined later)
processes they result in similar exchanges of genetic ma-of the bicliques are sufficiently high. As part of this work,
terial; reassortment can be viewed as a form of rearrang-we show that the maximum biclique problem is NP-hard
ment, where the rearrangement breakpoints only occur at a&ven when restricted to the incompatibility graphs that are
small set of locations. In the general rearrangement detec-of interest to us. We also show that there is no polyno-
tion problem, the multitude of possible breakpoint locations mial delay algorithm (i.e. one that uses polynomial time be-
is the focus of most methods [3] and typically the candi- tween successive instances in an enumeration) to enumerate
date parental sequences and putative recombinants are paatl “high-weight” maximal biclique unles® = N P. This
of the input [12, 16]. In the reassortment detection problem, hardness result holds for general biparitate graphs, outside
in contrast, the reassorted taxa are the subject of interest anthe context of comparing phylogenetic trees. Despite this
specifically here we wish to recover all discernible signals theoretical difficulty, we give the first quadratic delay algo-
of reassortment events and the associated sets of resultingthm to enumerate all maximal bicliques (without the re-
taxa. Further, methods such as the popular four-gamete rulestriction to “high-weight” bicliques). In addition, the algo-
that are typically used to designate haplotype blocks are notrithm introduces a heuristic that speeds up the enumeration
applicable to viral datasets as the infinite-sites assumptionof high-weight maximal bicliques in practice. Maximal bi-
is typically violated. clique enumeration has been used in several other contexts
In this work, we explore a novel approach specifically as well, and thus our methods are of independent interest
designed for the problem of detecting reassortments in theoutside of detecting reassortments. For example, Lietal. [9]
presence of uncertain phylogeny. Our approach is basedliscuss the application of maximal biclique enumeration to
on comparing weightedetsS; and S, of possible trees, problems such as mining closed pattern sets, listing web
rather than two fixed phylogenies. The weight of each tree communities and studying protein interaction networks. In
is assumed to be related to the probability that it is the true Section 4.2 we discuss how the bicliques can be used to dis-

tree. We then ask: cover candidate sets of taxa resulting from a reassortment
event. Finally, in Section 5 we present computational re-

Is there a high-probability set of edges in the sults on both real and simulated datasets demonstrating the
trees ofS; that are incompatible with a high- usefulness of our approach for automatically detecting sets

probability set of edges in the trees®f? of reassortant taxa with high fidelity.



2. Problem Formulation

We restrict our attention to considering only two seg-
ments at a time that we call segment 1 and segment 2. In-
dependent results from all pairs of the 8 influenza segments
can be combined as a post-processing step to get a com-

plete history of reassortments. In order to capture the un-
certainty in the phylogenetic reconstruction, the input is as-
sumed to be two collections; = {T},7;,...,T; } and
Sy ={T2,T3,...,T2 } of trees where the trees 6 rep-

Sampled
trees in Sy

resent the possible histories of one segment while those of

Ss represent the possible histories of the other. The trees all
relate the same set of taxa (leaves). Each tree is associated

with a probabilityp,-(T}), indicating the chance that itis the
correct tree for its segment. Bayesian MCMC approaches
to phylogenetic reconstruction will directly produce such
collections of trees and their probabilities. We wish to find
all high-probability incongruencies between these two col-
lections of phylogeniess; and S, and we do this by: 1)

building a bipartite graph on nodes that represent the edges

in the trees and 2) enumerating all maximal bicliques in the

graph that satisfy certain conditions. We present the details

in the following subsections.
2.1. Reduction to Maximal Biclique

To detect incongruencies between phylogenies we rely
on the following well-known observation: every edge v)
in a tree divides the taxa into two disjoint sets — those
within the clade rooted at nodeand those outside of that
clade. Such a bipartition is calledsplit, and we denote
such a split byX |Y, whereX andY are nonempty, disjoint
sets of taxa such th& U Y is the complete set of taxa.

Definition 1 (Incompatible splits) Two splits X;|Y; and
X,|Ys are incompatibleif all four intersectionsX; N X5,
X1 NYs, Y1 N Xy, andY; NY; are non-empty.

It is easy to see that two incompatible splits cannot be
in the same tree and conversely, every tree can be though
of as a collection of compatible splits. Lgplits(T") be the
set of splits that make up treB. Two treesT” andT” are
incompatibleif there is a splitX;|Y; € splits(T) that is
incompatible with some spliX,|Yz € splits(7”).

Generalizing this, given two ensembl§s, Sy of trees
that we want to compare, we can construct a bipartite in-
compatibility graph where vertices on the “left” side cor-
respond to splits seen in some treeSpfand those on the
“right” correspond to splits in some tree §§. Edges con-
nect incompatible splits (Fig. 2). More formally:

Definition 2 (Incompatibility graph) Given two setsS;
and S, of trees, theancompatibility graphbetweenS; and
S, is the bipartite graph3(S;1,S2) = (V4 U Va, E) such

Figure 2. Incompatibility graph  B(S1,S2) and

the computation of weights for sets of nodes.

The circles and the edges between them make up the
incompatibility graph. Circles represent splits that oc-
cur in some tree aof; (left) or Sy (right). Solid edges
connect incompatible splits. Shaded boxes represent
sampled trees. The varying sizes of the boxes indi-
cate varying probabilities associated with each tree.
Dashed lines indicate which splits belong to which
trees. The weight of a node sat on one side of
B(S1,82) is given by the sum of the probabilities of
the trees that contain some splitin

that, fori € {1,2}, Vi = Upcg, splits(T") and £
{(u,v) : splitu € V; is incompatible with split € V5}.

As part of the input we assume that each tree in the given
ensemblestl € S, fori € {1,2}) is associated with a prob-
ability p;(T) = Pr[T = true;], wheretrue; is the “true”
evolutionary tree. Such probabilities are readily computed
from Bayesian MCMC estimators that are used to generate
the ensembles of trees. Typically, because of uncertainty in
phylogenetic reconstructiop; (T') is low for every tree in
each ensemble. However, we can use these probabilities to
assign a probability (which we also refer toasigh), to
any subset of nodes representing splits of a single ensem-
ble (i.e. those contained on one side of the incompatibility

graph).

Definition 3 (Weights for node sets) Theweightof a node
setN; C V; (i € {1,2}) is given by

w(N;) = Pr[splits(true;) N N; # ] =

D

TeS,; : splits(T)NN; #0

pi(T). @

In other words,w(N) is an estimate of the probability
that the true tree contains some split from the/é€Fig. 2).
Programs such as MrBayes will outpuf V) directly when
N is a singleton set containing only one split as the esti-
mate for the support for a given split. The definition above
extends this to sets of splits of sizel.



w(u,) = 0.49 w(u,) = 0.49

w(v,) =0.49 w(v,) =0.49

Figure 3. A simple example showing the ne-

cessity of considering bicliques. Any single
edge suffices to show an incompatibility with prob-
ability < 0.5. Assumingu; andwv; are incompatible
andus andwv, are incompatible, then this 4-node bi-
clique indicates an incompatibility between the true
trees with at least probabilit§.982. If even a sin-

gle edge were missing above, then there would be a
compatible choice of splits, and the trees would not
necessarily be incompatible.

A bicliqueof a bipartite graptB = (V; U4, E) is given
by a pair of subsets of nodé€g;, V) such thal’/ C V; and
such that an edge existsihfor every pair(u, v) € V{ x V3.

A biclique is maximalif no nodes can be added to it to

ther the sum or product of the weights of their node sets.
Hence, by finding all node-maximal bicliques, we find the
largest, highest probability sets of splits that are guaranteed
to be incompatible. These sets of incompatible splits imply
that the two segments likely had different evolutionary his-
tories and can be post-processed to uncover which strains
have likely been involved in reassortments (Sec. 4.2). Un-
fortunately, finding high-weight node-maximal bicliques is
computationally difficult.

3. Computational Complexity

We first investigate the computational complexity of
finding maximum and maximal bicliques, when restricted
to our setting of incompatibility graphs generated from en-
sembles of trees. Finding theaximunbiclique within a bi-
partite graph can be easy or hard depending on how cliques
are scored. If we want to maximize the number of nodes
in the biclique then there is a polynomial-time algorithm to

make a larger biclique. In the context of the incompatibility do so [22]. However, if we want to maximize the number
graph between two sets of trees, maximal bicliques repre-of edges in the biclique, the problem becomes NP-hard [17]
sent the largest sets of mutually incompatible choices for and also hard to approximate within a factor i, e > 0

splits. If w(V{) andw(Vy) are high, the true tree for seg-
menti € {1,2} is likely to contain a split;; from the set
V. But becaus&y U Vj is a biclique, any choices far;
andus will be incompatible. Therefore, it is likely that the
true trees are incompatible. Hence, we can #ilhdikely in-
compatibilities betwee; andS, by finding allt-maximal
bicliques, defined below.

Definition 4 (¢t-maximal bicliques) A ¢-maximal biclique
is a maximal biclique(V/, V3) such thatw(Vy) > ¢ and
w(Vy) >tfor0 <t <1.

If a t-maximal biclique exists then the probability that the
two true trees are incompatible is at letfst
Figure 3 gives an example of a bicliqgue of mutually in-

unlessRP = NP [21].

In our setting, the problem of finding the biclique
(V{,Vy) that maximizes the natural scoring function
w(Vy) xw(Vy) is a generalization of the maximum edge bi-
cligue problem. However, only certain kinds of graphs are
possible — those that can be generated based on the splits in
sets of trees. Unfortunately, the problem is still NP-hard.

Theorem 1 Finding the biclique(Vy, V) with the largest
scorew(V{) x w(Vy) in the incompatibility graph for two
sets of treesS; andS,, is NP-hard.

Proof. We reduce from the maximum edge biclique

compatible splits that indicates that the trees are almost cerProblem. LetG = (U UV, E) be the bipartite graph in

tainly incompatible (probability> 0.96), but for which no

which we wish to find the maximum edge biclique. We

single pair of incompatible splits indicates a probability of construct two set of splitd, B such that fon. € U, v € V/
more than0.5 that the trees are are incompatible. There- and(u,v) € E, a(u) € A,b(v) € B anda(u) andb(v)
fore, in order to be sure to identify all incompatibilities, itis are incompatible. Specifically, for eaeh € U we add
necessary to consider general bicliques rather than simplyfour taxaws, T, yu, 2. Let A, be the sefw,, zy, y,, 2 :
single edges within the incompatibility graph. Similarly, a v € U andv # u} that includes all the taxa except those

majority consensus tree would omit both splitsandv; of
Fig. 3 and so this disagreement may not be apparent.
The following properties of bicliques are useful for

searching for large bicliques: while a node-maximum bi-
cligue is not necessarily an edge-maximum one, it is true

that a node-maxnal biclique is always edge-maxial as
well, and vice versa. In addition, because the weightd")
defined in (1) imply thato(N) < w(N U {u}) for anyu,

node-maximal bicliques are also maximal according to ei-

associated with node. For eachu € U, we create a split
a(u) defined by

CL(U) = [Au U {va‘Tu}] | {yu7 Zu} (2)

that splits the taxa associated withand includes all the
other taxa on one side. For everyc V, defineE, =

U(M)gE{wu,xu,yu,zu}, which is the set of taxa asso-
ciated with a nodex € U for which there is no edge



{u,v} € G. We add a splib(v) to B defined by enumeration described in [2]. If temaximal bicliques are
detected, this is strong evidence that there has been no reas-
_ sortment event within the taxa. If somenaximal bicliques
b(v) = | Ev U ( U {“’“’y“}) | U fu oz} are found, they must be post-processed in order to reveal the
(uv)el (uv)eE set of taxa that are the result of a reassortment event.

Thena(u) and b(v) are incompatible if there is an edge
{u,v} € G. If there is no such edge, thdm,,, z, } is dis-
jointfrom U, , e p{@u, 2.}, and therefore the right set of
a(u) is disjoint from the right set ob(v). By Definition 1,
a(u) andb(u) are compatible, and therefore there is an edge
in the incompatibility graph iff there is an edge@h Each
split yields a tree to which we assign equal probability. The
reduction is then completed by noting that the score of a
biclique is proportional to the number of its edgEs.

4.1. Enumerating ¢t-Maximal Bicliques

In order to detect-maximal bicliques, we extend the
MICA algorithm for enumerating maximal bicliques pro-
posed by Alexe et al. [2]. LeP be the set of all maximal
star subgraphs that have a single vertekinWe maintain
a data structur€’ that stores the maximal bicliques discov-
ered through the current step. The cliques in hBtAndC
are represented by only their right subsets (which uniquely

While an efficient algorithm to find the maximum bi-  determine their left subsets in a maximal biclique). We
clique would be useful (say, to quickly test for reassort- therefore denote a biclique k), V), where the diamond
ments in the dataset), we really want to enumeedlte- indicates the completely determined — but un-computed —
maximal biCquueS in order to find all pOSSibIe reassortments subset o'ﬂ/1 induced byV The a|gorithm for enumerating
within a large set of taxa. Fortunately, enumerating all max- ;-maximal bicliques is then as follows:
imal bicliques is possible in time polynomial in the size of
the output (which may be exponential in the size of the in- Algorithm 1. List- --Maximal-Bicliques:
put). In fact, there are polynomial delay algorithms that
will always output a new maximal biclique in polynomial 1. PruneP such that for(¢, V) € P, w(V) > t.

(in size of the input) time [2, 9]. Unfortunately, no such al-
gorithms exist for enumerating themaximal bicliques that
we are most interested in: 3. For each pair of biclique®’ = (¢,V’) € P and a
biclique B” = (0, V") € C:

2. Initially, C containsP.

Theorem 2 There exists no polynomial delay algorithm

for enumerating-maximal bicliques in an incompatibility (a) Compute a consensus bicligi¥’ = (0,V’ N

graph unless” = N P. V" = V'), which takes the intersection of the
Proof. We prove the theorem by showing that the ex- sets on the right side of the bicliques.

istence of such an algorithm will give a polynomial time (b) If B is a non-empty biclique that doesn’t occur

algorithm for the balanced biclique problem (largest node in C andw(V"") > t, addB" to C.

biclique (V{,V3) where|V/| = |VJ]) which is known to
be NP-hard [8]. For a given instance of the balanced bi-
clique problem with bipartite grap&’ = (U UV, E), we
construct the sets of trees as in the proof for Theorem 1. 5 Eor eachMs = (0,V) € C, computeU

A t-maximal biclique in the corresponding incompatibil- i

ity graph can be coverted into a balanced biclique of size Qﬂfnva?(ier:qg;%?éﬁ(q?é. tw(U) > ¢ output(U, V) as
t by removing nodes, and therefore we can search over
t € [1..min(|V4], |V2])] to find the largest balanced biclique

in polynomial time, giving a contradiction unlegs= N P.

This reasoning applies to any bipartite graph, showing that
the problem is hard in general bipartite graphs.

4. If new bicliques were added in step 3, repeat step 3 for
the new bicliques.

This algorithm extends the MICA approach [2] in two
important ways. First, it allows for enumeration of
maximal bicliques in a more efficient way and the algorithm
has a runtime that is polynomial in the number of bicliques
where the right side satisfies théhreshold but the left side
4. Algorithm for Detecting Reassortments may not. The check for such bicliques is done in lines 1

and 3(b) of the algorithm. Bicliques that fail these checks

Notwithstanding the negative computational complexity can never be merged with any other biclique to formt a
results of the previous section, in practice tathaximal bi- maximal biclique because the weight function is monotonic
cligues can be enumerated within a reasonable amount of.e. w(V) < w(V U {v}) and the formation of a consen-
time. We describe our approach below, which is a mod- sus only reduces the size of the right node set. Hence, these
ification of the consensus approach for maximal biclique checks do not eliminate artymaximal bicliques.



The second refinement that improves the runtime further  Proof. Let X = X;|X,, Y = 1Y, Z = 7|2,
is the use of a more efficient data structure for storing the be three splits such thaf,Y") and (X, Z) represent two
set of discovered cliqueS. As proposed in [2], thes&/ edges of a star biclique that share a label. Then, without loss
sets can be stored in a sorted list and binary searched irof generality, letX; N'Y; be the shared label such thét N
O(nlog N) time (takingn time to do each comparison). Y; = X1NZ;. Becaus&’ UY> = Z;UZs, this implies that
BecauseN = O(2"), searching for a set with this naive X;NY> = X;NZ; (i.e. the edges share two labels). Clearly
data structure take®(n?) time. Instead, we use a binary if X,Y, Z share one more label then they will share all four
trie, where each level corresponds to the presence or ablabels. LetW = W;|W, be another splitX # W) such
sence of a particular node within the set. There are at mosthat (W,Y), (W, Z) are edges an&X,Y, Z, W represent a
2™ such sets, and the tree contains at mogtvels. Test- non-star biclique with more than one shared label. Without
ing for the presence of a given set, therefore, takés) loss of generality, letthese bé = X; NY; = X1 N7
time. This results in a delay @ (n?) instead of the) (n?) andB = X;1NYs, = X;NZ,and letW; nY; = A. If
delay in the MICA algorithm, because we save a factor of W; N'Y, = B, then this implies thaf{; = TW; and that
O(log N) = O(n) time. Further, instead aP(nN) space, X = W. So it must be thallo, N Y, = B = W5 N Z, and
we useO(N) space. Thus, we have shown: thatWoNY, = Wo N Z; asY, UY; = 77 U Z,. So, from

Theorem 3 All maximal bicliques of a bipartite graph can migh};; Aivzsmglcr;ri;;;?cgg;haﬁq = ZiandY =2
be enumerated with quadratic delay usiGy N) space, 9

whereN is the total number of maximal bicliques. We exploit Thm. 4 to break the problem into an inde-
pendent subproblem for each possible edge label. For each

Proof. The proof of correctness for the algorithm is edge labeld, we create a subgraph of the incompatibil-
similar to that in [2]. Due to space constraints we omifit. ity graph that contains only edges that are labeled with
To our knowledge, this is the first quadratic delay algo- We search fort-maximal bicliqgues in each of these sub-
rithm for this problem; the algorithm proposed in [10] re- graphs separately and aggregate the discoviersdximal
quiresO(n?) preprocessing time while the algorithm in [9] bicliques into a single list. The set of non-star bicliques can
is a cubic delay algorithm. then be used to identify possible sets of taxa with sequences
resulting from a reassortment.
4.2. Recovering the Reassorted Taxa
. - . . ... 5. Computational Results
The existence of large bicliques in the incompatibility
graph for two segments provides significant evidence for Wi . L
. L e present results on human influenza, avian influenza,
reassortment events in their history. To probe these events

further, we need to identify the taxa that are likely to be re- and two artificial data sets (Table 1). For each experiment,
L ) MrBayes [19] was used to construct an ensemble of 1001
assortants. We can recover some of this information from

the incompatibility graph. Le&|Y and A|B be a pair of caqd@ate trees ((.;TR model V\.”th gamma distributed rlate
. : : - : . . variation among sites) and their probabilities by sampling
incompatible splits. From the definition of incompatibil- ; . . .

L . I AT after every 200 iterations (following an MCMC burn-in pe-
ity it follows that we can writeXy” = X*X"[¥"Y" and riod of 100,000 iterations). We then used an implemen
A|B = X'Y')X"Y" such thatX’ U X" = X, V' UY" = ' : P

Y. Thus, any pair of incompatible splits define four sets of tation of the algorithm described above to enumerate all

; the t-maximal bicliques, setting the confidence threshold
taxa, and each of these sets are candidates for the taxa th S . -
= 0.9. Running times to enumeratemaximal bicliques
have resulted from a reassortment.

were a few seconds for each of the data sets (Table 2), a sub-
Definition 5 (Reassortment candidates)Given incom-  stantial improvement over the tens of minutes needed using
patible splits X’ X”|Y'Y"” and X'Y’|X"Y" the four the MICA algorithm [2].
reassortment candidataee X', X", Y’, Y.

Labelling each edge in the incompatibility graph with 5.1. Reassortments in Human Influenza

these sets we can now ask the question "Are t imal We considered a set of 259 genomes from human-hosted

- o
bicliques where the edges all share at least one label? Ir]H3N2 influenza isolates collected in New York State be-

particular, bicliques that are non—stgrs (both sides have mOre en 1998 and 2005 and sequenced by the Influenza
than one node) provide an unambiguous reassortment hy-

. . Genome Sequencing Project [1]. These 259 genomes repre-
pothesis as they can have only one common label: ;
sent a superset of the genomes analyzed in Holmes et al. [6],

Theorem 4 Edges of a non-star biclique can share at most in which several reassortment events were uncovered by vi-
one label. Star bicliques with more than one edge can sharesual inspection of the trees. All 8 segments are available for
two or four labels. each of these isolates, but we focussed on the antigenically



Data set I ny no m Bayes tree sampling to generate ensembles of trees for the
HA and NA segments.

Human NYS 259 832 786 14360 The incompatibility graph contains 831 edges labeled
Avian HoN1 3 69 87 83l with 586 candidate taxa sets (as in Definition 5). The known
Mock No Re. 259 365 531 4265 reassortment is detected: only 2 candidate taxa sets are sup-
Mock 1 Re. 259 365 481 5338

ported by a non-stat;maximal biclique. One of these can-
didate taxa sets, supported by #fhaximal bicliques, is a
singleton set that contains exactly the previously found re-
assortant A/Nigeria/1047-62/2006. The other set, supported
by a singlet-maximal biclique, consists of 8 Nigerian and
Niger isolates closely related to the strain that donated its
NA segment to A/Nigeria/1047-62/2006.

Table 1. Problem sizes on four influenza data

sets. ColumnI gives the number of influenza iso-
lates considered. Colummsg, no, andm give the to-

tal number of nodes (on each side) and edges in the
incompatibility graph. Sizes for only one mock repli-
cate are shown.

Data set Candidates Confirmed Time 5.3. Checking on Artificial Datasets

Human NYS 19 6 9sec The results above suggest that our methodology can de-

Avian HSN1 2 1 2sec tect known and suspected reassortments in real data (both
Mock No Re. 0 0 4sec avian and human) by producing a small candidate set. To
Mock 1 Re. 7 1 b5sec yp g :

double check the effectiveness of the method in a setting
where the truth is completely known, we considered two
artificially generated data sets, one in which a single reas-
sortment was implanted and one in which no reassortments
were modeled.

To generate a set of sequences with no reassortments ex-
pected, we built a neighbor-joining tree relating the HA seg-
ments of the isolates considered in Holmes et al. [6]. We
then discarded the sequences and evolved new sequences
important HA and NA segments. Ou_r analysi; revealed 19 along this tree using Seg-Gen [18] using the F84 evolu-
sets of taxa that uniquely labélmaximal bicliques. Of  tionary model. As parameters to the evolutionary model,
these sets, three sets ex_actly match the previously knowr\_,\,e used sequence length, background base frequencies, and
reassortment events. While the other sets seem to be assoGjransition/transversion (Ti/Tr) ratio estimated from the real
ated with these known events, three more single-isolate setgya sequences. This resulted in a randomized “HA-like”
r_eveal interesting hypotheses that deserve further investigagg|iection of sequences. We then repeated this process, us-
tion ({A/New York/105/2002, {A/New York/177/1999, ing the HA-tree, but choosing the length, background base
{A/New York/289/199€}). We also performed a S|rn_|lar frequencies, and Ti/Tr ratio estimated from the real NA se-
analysis comparing the NA and PA segments. While no quences. This resulted in an “NA-like” collection of se-
reassortment events have previously been reported betweeauences that evolved with the same relationships as the HA-
these segments, our analysis suggested several likely reagixe sequences. Hence, we hope to find no reassortments.

Table 2. Results. The “Candidates” column lists
the number of sets of taxa supported tgnaximal,
non-star bicliqguest(= 0.9). “Confirmed” gives the
number of the candidates that are known or are likely
to be true reassortments. The last column lists the
time taken to enumerate themaximal bicliques.

sortment sets (in particulafA/New York/135/2002 and Running the detection algorithm resulted in re
{A/New York/96/2002, A/New York/128/20Q3, further  mayimal bicliques found, which is the desired result. We
underscoring the utility of automated analysis. double checked this by repeating the experiment 9 times
with new random instances and got similar results. These
5.2. Reassortments in Avian Influenza tests underscore the utility of themaximal biclique ap-

proach for confidently ruling out reassortments in datasets.

Reassortments are even more common among avian- To create a mock-reassortment data set, we generated
hosted influenza. We considered 35 of the avian high-a random “HA-like” collection of sequences as described
pathogenic H5N1 avian influenza isolates that were ana-above following the neighbor-joining tree built on the
lyzed in Salzberg et al. [20]. These isolates were collectedHolmes et al. [6] isolates. We then chose an edge at random
in 2005 and 2006 from Europe, the Middle East, northern and moved the subtree leading from that edge to a different
Africa, and Vietnam. Previous manual analysis strongly random place within the tree. In our dataset the randomly
suggested that one isolate, A/Nigeria/1047-62/2006, was achosen clade happened to define a set of 8 taxa. On this
reassortment, having derived 4 of its segments from onemock-reassortment tree, we then evolved random sequences
strain and 4 from another strain. We again applied the Mr- using model parameters estimated from real NA sequences.



This resulted in a set of “NA-like” sequences that should [6] E. Holmes, E. Ghedin, and N. M. et al. Whole-genome anal-

exhibit a single reassortment relative to HA. ysis of human influenza a virus reveals multiple persistent
Running the detection algorithm described above re- lineages and reassortment among recent h3n2 vireesS
sulted in 7 candidate taxa sets supported by non-star, Biol., 3:1579-1589, 2005.

[7] D. Huson, T. T. Kbpper, and P. L. et al. Reconstruction of
reticulate networks from gene tredsNCS 3500:233-249,
2005.

D. Johnson. The np-completeness column: An ongoing

maximal bicliques. One of these 7 sets corresponds ex-
actly to the implanted 8-taxa reassortment. We repeated
this experiment for 6 additional reassortment sets ranging (8]

in size from 14 to 22 taxa and obtained similar results. Note guide. J. of Algorithms 8:438—448, 1987.

that while the candidate taxa present possible explanations [9] J. Li, G. G. Liu, and H. L. et al. Maximal biclique subgraphs
for the events represented by theaximal bicliques, they and closed pattern pairs of the adjacency matrix: A one-to-
are not necessarily the only explanations. We are currently one correspondence and mining algorithi&EE Trans. on
working on a statistical test (based on the changes in dis- Knowledge and Data Engineering9:1625-1637, 2007.

tance of putative reassortants from non-reassorted taxa inl10] K. Makino and T. Uno. New algorithms for enumerating all

the two segments) that could help prune the set of hypothe- maximal cliques. IrProc. of SWATpages 260-272, 2004.
ses furtherg ) PP yp [11] K. McBreen and P. Lockhart. Reconstructing reticulate evo-

lutionary histories of plants. TRENDS in Plant Science
11:398-404, 2006.

6. Discussion [12] V. Minin, K. K.S. Dorman, and F. F. et al. Phylogenetic
mapping of recombination hotspots in human immunodefi-
ciency virus via spatially smoothed change-point processes.
Genetics175:1773-1785, 2007.

[13] T.Munzner, T. Guimbretiere, and S. T. et al. Treejuxtaposer:
Scalable tree comparison using focus+context with guaran-

Thet-maximal bicligue approach proposed here presents
a rigorous and exact way to finall well-supported dis-
agreements between phylogenetic histories. It is thus a

principled method for handling uncertainty in phyloge- teed visibility. ACM Trans. Graph.22:453-462, 2003.

netic reconstruction and exploits the full power of Bayesian [14] L. Nakhleh, T. Warnow, and C. Linder. Reconstructing retic-
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